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Text - Speech - Vision Low-resource focus Hands-on recipes

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.

Meet the speakers ‘ ‘ Reading list

B E

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)
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Multilingual &
Multimodal
Resource
Development

The main bottleneck is not just more data
— it is better multilingual, multimodal,
culturally grounded data.




Pretraining

Pretraining Stage
Web-scale data
Teaches broad visual,

linguistic, and speech
representations.

Type of Data

SFT
SFT Stage

Curated instruction data

Teaches instruction
following, reasoning, and
response style.

Benchmarking

Mostly manually
annotated/ verified/
checked

Preference Training

Preference learning
Stage

Curated instruction data

Teaches instruction
following, reasoning, and
response style.
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SFT/Preference Data Curation

Human Anf\otated Synthetic/Automated Sem!-Automzi\ted
(Supervised) (Semi-Supervised)
. . - LLM-generated Human-LLM in the loo

High-quality VQA, OCR, conversations, captions, _ Human curated -> LI_Flz/I N

document QA, speech, chart, reasoning, and explanations. human verified

and cultural benchmarks. _ LLM 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

Native, Local and Cultural Knowledge

Local information
asked by
native/non-native
speaker

wild life in Qatar

Within 5 mi Open now Top rated Endangered animals

Wikipedia
https://en.wikipedia.org » wiki » Wildlife_of Qatar :

Wildlife of Qatar

The country's terrestrial wildlife includes numerous small nocturnal mammals, a number of
reptiles which mainly consist of lizard species, and arthropods.

People also ask

What wild animals live in Qatar? v

What is the typical animal of Qatar? v

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



Everyday Interaction
Native, Local and Cultural Knowledge

What is the typical style of having food in Bangladesh?

What is the typical

style of having food in -

Bangladesh?

All  Images Videos Shopping News Web Books i More

<4 Al Overview
<) Listen

The typical style of eating in Bangladesh involves eating
with the right hand, using flatbreads to scoop up food,
and eating dishes sequentially. ¢

Etiquette
* Wash your hands before eating @
¢ Wait for the oldest person at the table to start eating ¢
¢ Use your right hand to eat, pass dishes, or drink
¢ Use your left hand to hold your plate or help serve food ¢

* Don't pass, serve, or spoon food to your mouth with your left hand ¢

Food serving ¢
¢ Guests are served first, then the oldest, and so on
¢ Dishes are eaten sequentially, one at a time

¢ You may be encouraged to take more food, but you can say "I'm full" if you're done

Food preparation
¢ You may use flatbreads like roti or paratha to scoop up food &

* You may mix a little stew with rice to make a ball to eat

Food types ¢
¢ Bangladeshi food often includes rice, fish, meat, and sweets

¢ Some popular desserts include mishti doi, ras malai, shir-e-faluda, and shirberanj

X & @& Q

Tools

Learn more

FOOD AND DRINK IN BANGLADESH: DISHES, EATING
HABITS ...

Some Bangladeshis eat with only first the two joints of their
fingers, not their entire hands. Others make sure their sleeve...

® Facts and Details

Bangladeshi - Etiquette - Cultural Atlas
1 Jan 2017 — Bangladeshis will often use their hands to eat
rather than cutlery. The right hand is used to scoop food into...

¥ Cultural Atlas

Customs and Cuisine of Bangladesh - Together
Women Rise

Guests are generally served first, then the oldest, continuing in
order of seniority. Do not begin eating until the oldest person ...

#% Together Women Rise

Show all



Everyday Interaction
Native, Local and Cultural Knowledge

What is the typical style of having food in Bangladesh? Q
Loca I a n d C u Itu ra I Al Images Videos Shopping News Web Books i More Tools
information asked by i
© tisten FOOD AND DRINK IN BANGLADESH: DISHES, EATING

HABITS ...

The typical style o eating in Bangladesh involves Saling Some Bangladeshis eat with only first the two joints of their

native/non-native
with the right hand, using flatbreads to scoop up food,
S pea ke r and eating dishes sequentially.

fingers, not their entire hands. Others make sure their sleeve...

® Facts and Details

Etiquette

. Bangladeshi - Etiquette - Cultural Atlas
e Wash your hands before eating ¢ 9 &
1 Jan 2017 — Bangladeshis will often use their hands to eat

* Wait for the oldest person at the table to start eating rather than cutlery. The right hand is used to scoop food into...
e Use your right hand to eat, pass dishes, or drink # Cultural Atlas

¢ Use your left hand to hold your plate or help serve food ¢

« Don't pass, serve, or spoon food to your mouth with your lefthand & Customs and Cuisine of Bangladesh - Together
Women Rise
Food serving ¢ Guests are generally served first, then the oldest, continuing in

. order of seniority. Do not begin eating until the oldest person ...
* Guests are served first, then the oldest, and so on )
#% Together Women Rise
¢ Dishes are eaten sequentially, one at a time

¢ You may be encouraged to take more food, but you can say "I'm full" if you're done
Show all

Food preparation

* You may use flatbreads like roti or paratha to scoop up food &

¢ You may mix a little stew with rice to make a ball to eat @

Food types ¢
e Bangladeshi food often includes rice, fish, meat, and sweets

¢ Some popular desserts include mishti doi, ras malai, shir-e-faluda, and shirberan;j



Everyday Interaction
Native, Local and Cultural Knowledge
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MultiNativQA: Examples

Lang Q/A | Example (Native) English Translation
A Q S22 bbb dolus F vvxgsﬁ? is the area of Qatar length and
A Sl it F 200 Jhy 2ty F 100 g lluw 2 0 & | Its area is about 100 km in width and ex-
tends 200 km in the Gulf.
Q @I T [TBTS ISATSF BRSE IROIATCE 3PN | Which famous political person recently
| S— iR o Framta @smia Fife ? joined from BJP to Congress in Assam?
A mﬁaa P 93« c*m@zn?as IPe A0S 21T | Aminul Haque Laskar recently joined
FUT® @I FifRa| Congress from BJP in Assam.
Baigls Q CHATFTT TS ST Fo 7 What is the area of Sholakia field?
A IOV CNEAITFIT FWshE Ao AT 1 QF | The current area of Sholakia Eidgah field
is 7 acres.
English Q Does UDST offer scholarships? NA
A Public schools in Qatar receive government funding | NA
and provide free tuition to all citizens.
o Q TRIA F B G Bl TH ‘:'E("f ERIRY What is the auspicious time to keep
Hindi ; ;
Kalash in Navratri?
A DA DI FATIAT A I &l &I ufduar faf ! &I STl 8. | The Kalash is established on the Prati-
T IR A FaRIA B TSTATTAT HT Fa9 37287 G5t Yog | pada date of Chaitra Shukla Paksha. This
6 ToTaR 2 fiHe oo geE 10 oA 15 e a@ 2 | time the best time for Chaitra Navratri is
from 6.02 am to 10.15 am.
Nepali Q AUTAD! T QFﬁ dlet P & Which is the biggest lake in Nepal?
P A AUTAD! Tl i{(_'ﬁ dTet Tt U< IRT dTet &l The largest lake in Nepal is Rara Lake in
Karnali Province.
Turkish Q Istanbul’da g6l var m? Is there any lake in Istanbul?
A Istanbul’da dort dogal gol bulunmaktadir. Bunlarin | There are four natural lakes in Istanbul.

yam sira, baraj golleri de vardir.

In addition, there are also reservoir lakes.

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

Bangla —~

30.5%

28.6%

MultiNativQA

7 Languages, 9 regions, 18 topics

r 90/—Assamese
| , Arabic

2.9%

8.0% /—Turklsh

8.2%

20.9%
~Hindi

| # Final Annotated QA
Lang. Cat. City C.Code #0of SQ #0of QA || Train Dev Test Total
Arabic M Doha QA 3,664 12,3111 3,649 492 988 5,129
ASSamese X  AsSam IN 900 ZI,0097 I,I3T 157 45 1,833
Bangla L  Dhaka BD 889 13,688|| 7,018 953 1,521 9,492
Bangla L  Kolkata IN 900 13,378|| 6,891 930 2,146 9,967
English H Dhaka BD 1.339 17.7441|| 4761 656 1.113 6.530
English H Doha QA 3,414 25,621 8,212 1,164 2,322 11,698
Hindi M Delh1 IN 1,184 106,328 9,288 1,260 2,745 13,319
Nepali L  Kathmandu NP 1,222 11,503 - - 561 561
Turkish M Istanbul TR 900 23,143|| 3,527 483 1,218 5,228
Total 14,412 154,725 ]|44,477 6,121 13,159 63,757

https://hugqingface.co/datasets/QCRIl/MultiNativQA

Hasan et al. NativQA: Multilingual Culturally-Aligned Natural Queries for LLMs, ACL-2025
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https://huggingface.co/datasets/QCRI/MultiNativQA

MultiNativQA using NativQA Framework

Manual query
collection

lijid

=] tten
=]

Related

queries

a ——t X Modality
FK . supports

r_ =" [
Domain reliability
\_  Checking )

Template ‘
o - £ N
=|"> /ﬁt‘ 5 ‘Q Human\/
o7/ , ) LLMs
LLMs: query Queries Final : = A A
generation query set QA curation QA set \_ Q nnotation )
Query Collection QA Collection QA Validation
query: visit Baladna Farm in Qatar Question: Can we visit Baladna Question: Can we visit
i I Farm in Qatar? Baladna Farm in Qatar?
Can we visit Baladna Farm
in Qatar? ‘ Answer from search engine: Edited Answer: Yes. you
Re|at.ed Is Baladna public or > You can even visit the park's \ can even visit the pczlrk's
queries private | state-of- the-art dairy farm and state-of- the-art dairy
" Who is the owner of : gain an insight into milk farm and gain an insight
Baladna Farm production. into milk production.

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

Z
o
)
o
% Beirut (Lebanon)
T
Rabat (Morocco) 2
% Baghdad (Iraq)
4@.&
St
4/6’9 .
I'/e)
Kuwait City (Kuwait)
R
Nouak &
uakchott (Maun'ta,,,-a) »
Tortaer Assom tndlay
Istanb
isia) Hin ul (Turkey)
T n'\S(‘un‘
A8
®
a’\‘o 2\
& N
e@* 3
O\ A
g S
P ® L& A
2 NS
< A & IR §iTIE
VA4S SIS 7
DY Q L sl 3
@ o o Q QI 2
S 2 o £ & ES
G S S s 2 =
Sy
€ =

(a) Language and region coverage.

- e
®% Animal [jif Business £} Cloth ® tducation 17 Events

| | Food & Drinks f General 0 Geography Immigration Related
’ Language L1 Literature . Names & Persons ¥z Plants ;f, Religion

\/:1 Sports & Games Q Tradition -\;ﬂk Travel Weather

(b) Topics.

300K+ QA pairs across

39 |locations from 24 countries,
covering 7 languages.

https:/qitlab.com/nativga/nativga-framework/

pip install nativga-framework

https://arxiv.org/pdf/2504.05995

Alam et al. NativQA Framework: Enabling LLMs with Native, Local, and Everyday Knowledge, 2025
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https://gitlab.com/nativqa/nativqa-framework/

NativQA Framework

Beirut (Lebanon)

g eweu

Semi-Automatic

(Semi-supervised)
Grounded in the User Query

LILLMO.Z/7 1TUUYUYITHITYIALUT. LU/ UALADT LY/ XX\ NN/ IVYIULLIINALIV \OU/M
https:/qitlab.com/nativga/nativga-framework/
https://arxiv.org/pdf/2504.05995

Alam et al. NativQA Framework: Enabling LLMs with Native, Local, and Everyday Knowledge, 2025
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https://huggingface.co/datasets/QCRI/MultiNativQA
https://gitlab.com/nativqa/nativqa-framework/

Multilingual Cultural Alighment

Model | F1 BLEU Rou.| F1 BLEU Rou.| F1 BLEU Rou.| F1 BLEU Rou.| F1 BLEU Rou.
Arabic Bangla-IN English-BD Hindi Turkish

GPT-40 0.839 0.280 0.044 0.821 0.226 0.009{0.651 0.384 0.284 0.865 0.296 0.050(0.768 0.226 0.252
Gemini-1.5(0.840 0.228 0.038(0.833 0.251 0.014/0.631 0.259 0.251/0.800 0.171 0.036(0.773 0.164 0.229
Llama-3.1 |0.528 0.202 0.037(0.453 0.132 0.007|0.636 0.280 0.256(0.604 0.260 0.035/0.616 0.217 0.202
Mistral 0.487 0.148 0.034/0.418 0.108 0.005{0.620 0.345 0.251]0.553 0.177 0.030{0.563 0.193 0.161

Assamese Bangla-BD English-QA Nepali Avg.

GPT-4o0 0.745 0.107 0.021/0.826 0.154 0.007|0.628 0.314 0.260(0.873 0.086 0.003|0.779 0.230 0.103
Gemini-1.5/0.808 0.150 0.016/0.844 0.292 0.010(0.620 0.274 0.241|0.873 0.244 0.005(0.780 0.226 0.093
Llama-3.1 [0.523 0.029 0.005/0.840 0.119 0.005/0.622 0.294 0.247|0.582 0.138 0.002|0.600 0.186 0.088
Mistral 0.485 0.020 0.003|0.820 0.080 0.005|0.608 0.332 0.236/0.504 0.056 0.002{0.562 0.162 0.081

e Gap - High vs. Low Resources Languages: highest performance for
English and lowest for Assamese on average across models,

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

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



Multilingual Cultural Alighment

e 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)

Model | F1 BLEU Rou.| F1 BLEU Rou.| F1 BLEU Rou.| F1 BLEU Rou.| F1 BLEU Rou.
Arabic Bangla-IN English-BD Hindi Turkish

Llama-3.1 0.508 0.080 0.032|0.451 0.054 0.005|0.621 0.247 0.234/0.606 0.123 0.038/0.613 0.092 0.188
Base VS. /' Llama-3.1-FT|0.532 0.181 0.039/0.421 0.139 0.012/0.612 0.198 0.205|0.521 0.159 0.024|0.592 0.189 0.190

SFT Assamese Bangla-BD English-QA Nepali AVG

Llama-3.1 0.550 0.020 0.006(0.841 0.037 0.004|0.603 0.202 0.218/0.591 0.103 0.002|0.598 0.107 0.081
Llama-3.1-FT|0.565 0.130 0.018/0.830 0.120 0.012|0.602 0.186 0.193|0.517 0.161 0.004 0.577 0.163 0.077

48
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MMLU-ProX

LLM for translation

N

) = ——) @) EE—
MMLU-ProX - a fully parallel, D =||| & @) E_V (&) SIS S
reasoning-focused benchmark MMLU-Pro MMLU-Pro 3.7 performs a
. . Data comprehensive
across 29 typologically diverse Original |Checking | Filtered L. Initial [1.Self- review of its
lan guages, ~343K Q A, built with Data Data Translation Reflection own translation

an expert-verified, four-stage

- :
LLM translation pipeline, and é o Q gfgﬁ; Sonnet
= LLM
used to evaluate 36 frontier = el - - conducts
LLM MMLU-ProX Lite | meticulous
> Iv. External | [©3 118 \ editing,
MMLU-ProX ) Examination Improvements incorporating
& & S / feedback

\ from the

GPT-41and 03 ZRlAeIeeT

- 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 40

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



MMLU-ProX .
S

i l
MMLU-ProX - a Claude Sonnet
reasoning-foct 3.7 performs a
comprehensive
across 29 typo review of its
languages, ~3. own translation
an expert-verif
. - = Claude Sonnet
LLM translatio Semi-Automatic 37 ther
used to evalua 2 o conducts
(Semi-supervised) meticulous
LLM:s. \ editing,
incorporating
feedback
from the
self-reflection
stage
- Signific.
-  Performw. _ aly

in low-resource lavnguages, particalariy for African languages i

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

What is Qatar's main dish?

= ChatGPT5 Instant G -

Ao FA (W oy Ao FAT

@2 fog

N

aIfq fF Ie700 Bresed "o FAT (e fT"?
fr B3 W — “Batis” AT “Afo3" @1 (T
QRS (GTART? QFT @ W TN
FfIFT @ I fF (TN "Qatar”,
“Bangladesh” “Pakistan” 3w11{w)?

BT AN (T3 MO LT 11K (main dish)
O S|

Od o P SE

-+ Ask anything \0) @

What is the main dish of Qatar?

= ChatGPT5 Inst: @ -

What is the main dish of Qatar?

The main traditional dish of Qatar is
Machboos (also spelled Majboos).

It's a fragrant rice dish cooked with meat

(often lamb, chicken, or fish) and a blend of
spices such as cardamom, cinnamon,
cloves, and dried lemon (loomi). The meat is

typically slow-cooked to absorb the flavors,
and the dish is often served with salad and
homemade chili sauce (daqoos).

Machboos is considered the national dish of
Qatar and is popular across the Gulf region
with slight local variations.

b PTE

-- Ask anything Y m

FTOTET T AT (FA6?
What is the main dish of Qatar?

8:17 ull - @

— ChatGPT5 ©

FTOTERI LT T "FILT" (AR SLF/Y)
YT 2T A6 (Machboos) | «»

«ft ©TE, e (YIS YIS, A5 A1 /1Y), 9L
TR FRITer AT97 BT QB0 @fGITeY AR
NIHICT TIHAT, QTG MR, @Y 34T (W)
3enfn iy ReTs gror @ 7w @ 291

LTS
« 919 916937 (Machboos 31 Kabsa)

- THFAT: IOTHIG BISA, WIS, TTeT, BFaT (@

. fRoTTg: oft ForEs woly [ FoTE
% ajk‘)

offt {3 513w =y @3 @fSfsiora fervy fas
JICEFTI?

Od o PSA

(e Ask anything 9 @
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Spoken NativeQA

[,@ Answer (GPT-40)
How many dialects of Arabic has many dialects, often grouped into
Arabic are there? TN Text five main categories: Levantine, Gulf, Egyptian,
LY T . \ Maghrebi, and Yemeni, with numerous
”‘Wv . sub-dialects.
Direct
Q Speech LM
mﬂ-» J 5 @
i
X ' e
oy Q Transcripti - A S
(o7 ption
s 358
S (1) g mus
& \ Reference answer | A |
\ There are three main versions of the Arabic
Evervda — how man language: Quranic or Classical, Modern
quegior?; g =z |alects A Standard, and Colloquial or Daily. Roughly 25
Ar B dialects fall under these three versions, with
“ER MultiNativQA are there some mutually unintelligible and others barely
Dataset Transcription different.
SpokenNativQA Benchmarking

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



Spoken NativeQA

Full set

Total Dur Avg. Dur (s) # of samples
Arabic Oh, 16m, 8.46s 3.38 9877
English 21h, 40m, 28.14s 3.36 23204

Test subset

Arabic 59m; 15.24s 3.36 088
English  2h, 9m, 31.68s 3.35 2322

Table 2: Distribution of dataset.

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

Alam et al. SpokenNativQA: Multilingual Everyday Spoken Queries for LLMs, 2025
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https://huggingface.co/datasets/QCRI/SpokenNativQA

Spoken NativeQA

Setups GPT-40 Fanar ALLaM Avg.

Arabic
Transcription No-ASR 0.545 0.538 0.525 0.536 GPT-40-audio:
Location-specific Google 0.542 0.528 0.522 0.531 Arabic 0
QA-ASR Azure 0536 0526 0514 0.525 rabic. 0.55
Large v3 Whisper 0.535 0.522 0.512 0.523
Multidialectal, Bilingual ASR Fanar 0.538 0.526 0.518 0.527
Avg 0.539 0.528 0.518

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



Spoken NativeQA

" >-audio:
Qs

o 0.55
Multidiale Manual

Performan sfers to the
score obta..

56
Alam et al. SpokenNativQA: Multilingual Everyday Spoken Queries for LLMs, 2025
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(Everyday Knowledge,
Culturally-Grounding




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.

@gf Spoken Queries — Testing Al’s ability to handle voice interactions.
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Tri-modality: Spoken Visually Grounded QA

hear, see, and answer culturally and visually grounded everyday questions

Speech
+ image
o R
@ / Transcription: ==
ranscription: What %[0
is this? —9
Where am i now? *
Response 1: The building was originally
o known as the Palacio de Comunicaciones

(Palace of Communications). It now serves
as Madrid's City Hall (Ayuntamiento de
Madrid).

Response 2: You are at Plaza de Cibeles,
Madrid.

59



hear, see, and answer culturally and visually grounded everyday questions

Where is Plaza Text
de Cibeles -
5

v \

Response: Plaza de Cibeles is a famous
square located in the center of Madrid,
X Spain. It sits at the intersection of several
major streets: Calle de Alcala, Paseo de
Recoletos, and Paseo del Prado.

Text + - ;
image ' =

What is this?
¢lia b
Where am i now?
LT ol

.df \

Response 1: The building was originally
known as the Palacio de Comunicaciones

L (Palace of Communications). It now serves
as Madrid's City Hall (Ayuntamiento de
Madrid).

Response 2: You are at Plaza de Cibeles,
Madrid.

Tri-modality: Spoken Visual Grounded QA

i SPeech

7
Transcription: P35
\¥here is Plaza de
Cibiles?

Response: Do you mean Plaza de Cibeles? If so that's
a famous square in Madrid, Spain, where Calle de
Alcala, Paseo del Prado and Paseo de Recoletos
intersect.

-
Speech > |
+ image S AN

-n|||\||l-||w1|\]|'||||M|-

. . Transcription: What

V is this?
Where am i now? *
Response 1: The building was originally
P known as the Palacio de Comunicaciones
(Palace of Communications). It now serves
as Madrid's City Hall (Ayuntamiento de
Madrid).

Response 2: You are at Plaza de Cibeles,
Madrid.
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Everyday Multimodal Interaction

Everyday knowledge

What is the significance of this dance in

Arabic culture?

sssssssssss

] o X, o e
'V

ol (1)
QWERTYU I OP
ASDFGHUJ KL
4 ZXCVBNM @

eeeeeeeeeee

©
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Everyday Multimodal Interaction

Everyday knowledge

What is the significance of falcon here?
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18 Countries \

9 Categories and
31 subcategories

.

OASIS Dataset

MENA region
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S > S = [ 2 S &
% Z2\NE\d | 28 S
> %% 9 a © 2 5&
| - '?/( 2 Qo . ® @s ,e'\\g
Y, (3 < () X
o % K e oY
o) e S & O
Qi A & e
— Ty, C ’ .\«\%-
8 e, gestNe®
0 Worship
) Arts
w Beverages
A Objects  Everyday Opjecs
Y e
E., cuis\t C/Oth,h
2. o 3hion
©) N
8 o “any
+— 2 ks
@© o0 roﬁé\ ¢
O AR 2
‘0(\"0 06‘/'
& y

[}
(2]
°
2
w
>
(0]
o
2
=)
@

#5 Culture, Arts & Entertainment 9@ People, Society & Education

Religion & Spirituality iii History, Geography & National Identity <> Food &
Cooking H Objects, Materials & Clothing ¥ Sports & Recreation % Geography,
Buildings & Landmarks & Vehicles & Transportation

Lang/Dialects
qﬁ] Eng, MSA, Egy, Lev
Modality Setups

o

QA: ~3.7Mx4=~14.8M
"/ Open-ended: ~0.92M
MCQ: ~0.92M
True/False: ~1.85M

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

Image Stats

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

Tokens

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

Lang/Dialects Audio Stats Image Stats
% Eng , MSA, Egy, Lev Generated audio (20,279 h) Total image: 0.92M
- en: ~14M audio (14,509 h), 35 avg W x H: 1000 x 1226
Modality Setups ref speakers avg image token: 1232
Q - msa: ~3.7M audio (5,770 h),
%] @ 47 ref speakers Tokens
csccyw\ . - avg dur: 5s (en), 6s (msa) - Image tokens: 1.143 B
:1‘:_-;% - avg audio token: 52 - Audio tokens: 0.730 B
— ‘ Recordings (383h)
QA: ~3.7Mx4=~14.8M - en: ~114K recordings (205 h);
> . 25 speakers, 9 countries
_] &%eg,_inodggMNO'QZM - msa: ~120K recordings (178
V| True/FaIée: ~1.85M h); 25 speakers, 9 countries

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

64
Alam et al. EverydayMMQA: A Multilingual and Multimodal Framework for Culturally Grounded Spoken Visual QA, 2025



OASIS Dataset

Input E Image Description' Category: “Ge?'graphy, Buildings & 'll_andmarks”
L ® MSA” “col<i g Sub'category': Famoqs Landmarkg
modalities ol i oo oast i ; , Topic: "Futuristic Design of the National Museum of Qatar"
= a “Eng : A modern architectural building featuring ...", cognitive focus: "knowledge-based"
S é g M ARE Semantic focus: ["Architectural Features and Functions, "Cultural Significance and Heritage"]
2 “AJP™ ... Country: Qatar

L [ L I I ————
- Open-ended: e ém -* Multiple Choice:

‘ oi ................. Fruev B M § el

True/False:

pedl 3 Loy 3 ) puall b e gall el aud L

- Q (MSA): aedl 53 ey 3 puall & zeua gall isall andl e
: €4 ata al
* (What is the name of the building shown in the
* image, and what inspired its design?)

S ANS (MSA): o sinss Asansly i giba il S Cinia g jisdl

-+ Q (MSA): fais il 5 8 seall (3 allall sledll 52 L

.- ("Which landmark is shown in the image, and where is it
*. located?")

' . Options:

ot AL "sasdall 4y pall il ey ¢l gl il Casia”

.= ("The Louvre Abu Dhabi, UAE")

0 Q (MSA): 5)small 3 el 63 sl ey
- sasiall Ay yall eyl A g b

("The building shown in the image is

.* located in the United Arab

Emirates.")

:: Options:

faraial .
! A S s Al yaaall 3y COLSES (4 .-B. "okl i ilagl) el Caaa” . A. True
(What is the name of the building - (The building is the National Museum of Qatar, and . ("National Museum of Qatar, Qatar") .. B.False

shown in the image, and what

'-C-u .J:\...,-|‘ \J"
inspired its design?) R O gua e

-* ("Sydney Opera House, Australia”)

. its design is inspired by desert rose formations. )
. Rationale (MSA):« il il gl jld Caaia s ) puall jelas
,cc\)a..all oJJ,ummdaﬁJSuaJ:‘ﬂSbyu3)~d‘

. Ans (MSA): False :
. Rationale (MSA): s sk Jd ai sl -

LLM Response

SO e (o siane sy il Hh Caate g il
Al yaaall a4l

(The building is the National Museum of

Qatar, and its design is inspired by desert

rose formations.)

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

- Le-f—y e by i Al alh
- ("The image depicts the iconic National Museum of
. Qatar, known for its disk-shaped structures

. resembling desert rose formations, a unique

* geological phenomenon.")

*Ans (MSA): "ki ¢ ikl ki Caaid

* ("National Museum of Qatar, Qatar")

j ey
.+ Rationale (MSA): (» 4ew 52 dliliia (2 3 JS5 e Saadl sl prenai]
Dokl sl b g ol ik gl Canidl Cilew 7
* . ("The building's distinctive interlocking disk-shaped design is

. * characteristic of the National Museum of Qatar, located in Doha.")

b Ciate a dasall 4y jall ) Y1 3

("The building is located in Qatar,

. not the United Arab Emirates. It is

the National Museum of Qatar.")
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EverydayMMQA Framework

1. Topic & Image Query Generation 2. Image Retrieval 3.2 Metadata

e : [l
2 selection “b 1 Threshold >=80 Categorization

i \ oy & mese e @)
! : : L and Description el ~ME E

3 N LUMs @ ol 'tmage Dowlft"'oad . 4 = .
_  Frnsmmmn o e D s e : : ; afieration =)

> : Topic generation S f ________________ : 5 (oecmgopresusperquery) ..... g L E
: * (highly visual for images) 2} uerv generation Y . . *
§ e, * .......... LLMSs : ?humgr?-likeima 0 | : @ 3.1 |mage F||ter|ng ................................. e
R e R REREEr ; h _ g g """""""""""" o """""""""""" 4. QA generatlon
g  Topicfiltering ¢y /" search queries) § Imgge_:)es[lugllcai(:jlon Ik 3 4 QAs per image :
O (manual checking) " © i Ms D . (Simiaritybased)  #B31 10open-ended °=__J1M<:o?
.................. . ................ SRR . ! question A— —
- Model Training 7. Quality Checking 6. Translation 5. Speech Gen/Rec : oo x=[ll
 Bwen2 E0mni § SRGHEETE . ............... s . ¥ f fTrueallf:l @ x=[|:
CBenchmarking A5 B 13 iz g | (s avestion 90
: Closed Models - Human  LLMs ; 55”“: w@j_/’ u-l'l'.'-ll"H'n”l'f" :
: % Gemini-2.5-P : : :In-house MT En ->MSA, :: ) -I1||||\I‘\Hj\:\’\ 'I-
SR, Semini-2. oo | IS RecsieERRes s el . En->MSA. BRI L e
1 Open Models - © WER, Speaker Cosine, NISQA | B+ Recording 308 :
: Phi-4, Qwen2.5-Omni — —_— I O —— SV A
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EverydayMMQA Framework

1. Topic & Imaae Diierv Generatinn 2 Imane Retrieval 3.2 Metadata

Category/Subca* ...... e
; g selection gzation LL_MS @ §
§ | o + ripion ) = §
. ........ .............. ‘ ltion "" _ﬁ_
> : Topicgenerati :

- :(highly visual forim *
w L A
* n n .
g ...\ Sem I _Automatlc )A generation |
TN

- Topic filteri As per image

(manual check (Semi-supervised) ended ES J 1 Mcal

V=S :
X=_13l|:
X == :

TR _
Quenz5omni - Grounded in the User Query nd @

- Benchmarking Bstion )
S eemdMosle o
. GPT*, Gemini-2.5-Pro
Open Models
Phi-4, Qwen2.5-0mni
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What Can You Do with it?

Performance Modality

Current state of the LLMs Modality representation

performance and efficiency. learning capabilities across
senses.

Grounding Culture

Retrieval-augmented Understanding cultural

grounding and factuality reasoning and societal norms.

checks.

Critical Challenge: Hallucination

Linguistic
Multilingual and dialectal
capabilities for global reach.

Trust

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

e Multilingual coverage: 39 languages, 42 countries
o Long-tail entities coverage
o Visual grounded: 1-3 images per entity
e A wide array of culture
o domains(people, places, schools,
o museums, heritages, etc..)
e Size: 30M, the largest open-source cultural VQA dataset.
o 22M+ open-ended + 8M MCQ pairs
e Used to train CulturalPangea-7B

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

WIKIDATA

Gather entities that
have 1 of 76 properties
(educated at, cultural
heritage, born at...)

42 Countries
39 Y
Languages

CulturalGround

Entities Images
Collection

Download 1-3
images per entity
from Wikimedia

Multilingual QA
Generation

Generate
multilingual QA
pairs using /76
templates for each
property across all
languages

Refining QA with
LLM

Enhance cultural
fluency and
naturalness of the
template question
and answers with
LLM

VQA Relevance
Filtering

Discard cultural
irrelevant and
mismatched image,
question, and
answer triplets with
VLM

22M Cultural & Multilingual Samples
14M Filtered High-Quality Samples

Based on 76 Cultural Properties

3M Unique Entities

39 Languages
42 Countries
2.8M Images

Nyandwi et al., Grounding Multilingual Multimodal LLMs With Cultural Knowledge, EMNLP 2025
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Alwaijih et al. Pearl: A Multimodal Culturally-Aware Arabic Instruction Dataset, EMNLP 2025
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All Arab countries except
Comoros,Djibouti, and
Somalia

71



o B

« % '
*\\ 3
‘»'. Q W
L
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Q
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£
—
10 Domains

(Architecture,

Clothes, Fauna, ....

Filtered Images with
Articles

)

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

PEARL

Phase IT: Q&A Pair Generation Phase III: Human Revision
o

13 Different Question Types Agents

Cause and Effect

; Problem Solvmg

Role Playing
« Augmented Caption
« Q&A1

[ 13 types of Q&As ]

Criteria Checklist

« Augmented Caption
« Q&A1
« Q&A2

—

Accepted Sample

Pearl
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PEARL

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

® Core Assets:
o 12k Images (Source: Wikipedia)
o 309k Automated Q&A Pairs with captions.
o 16k Human-Revised Q&A Pairs
e Evaluation Benchmarks:
o PEARL: The main benchmark with 6,301 samples.
o PEARL-LITE: A smaller 893 samples.
O PEARL-X: A specialized benchmark with 367 Q&As with 61
shared concepts

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

Pearl-X
Define Shared Concepts Image Collection Design Question Generate Q&A Revise Q&A
Templates =
/ ’r‘“ ' : Y ".:
N . Questions Types L) E
o F | |
Deep ) . Prompt+ Que&tion template g
Research
A + Multi-lmages 0 Revlsion

e Wind Catchers - Single-Images

e Sword Dance n

e Shawarma l == 0,

e Henna Night « Ordering and Rankking @] ‘>

e -Thawb ? « Similarities and =

8 o Images differences a0 PearlX
\ y ¢ T Q&Ain JSON

Workflow generation of Pearl-X
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CVQA

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.

75
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AFRICA
I} Nigeria - Igbo

CVQA

ASIA

LATIN-AMERICA

== Argentina - Spanish \
Category: Cooking and Food

EUROPE

I ! France - Breton

Category: Traditions / Art / History

K ¢. T T

Kedu mmemme ndi a na-eme?

( Which ceremony are they doing? )

a) | gba nkwu (Traditional marriage)

b) Ncheta Omumuy (Birthday)

¢) Emume cheiftaincy (Chieftaincy ceremony)
d) Emume iri ji ohury (New yam festival)

v
X
X
X

e Japan - Japanese \
Category: Objects / Materials / Clothing
L3 7

CCT—BRNCRSDRMEDEZTIH?

(What part of the body do you wash first here? )

a) O Mouth) X
b) & (Leg) ) 4
o AF Right hand) X
d) EF (Left hand) v

¢Para qué sirve la pala de hierro
usada en este asado?
(What is the iron shovel used for in this asado? )

(To put the embers

a) Poner las brasas ‘
under the grill)

debajo de la parilla
b) Mover la carne
c) Poner tierra al fuego (To put dirt on the fire) X
d) Cortar la carne (Tocutthe meat) X

(Tomove the meat) X

Petra a vank evit c'hoari ?

(What is missing in order to play ? )

a) ar bidoc'hig (The piglet)

b) ar c'hronometr (The stopwatch)
C) ar mestr (The master)
d) ar pezh (The coin)

X
X
v
X

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

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-40 reaches 75.4% with English
prompts and 74.3% with local-language prompits.

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.

77
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Aya Vision

Core challenge: Multilingual MLLMs suffer from:
e 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.

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

Prompt:

What kind of beverage is in the french

press?
Caption:
Coffee

Source: OK-VQA [Schwenk et al., 2022]

Aya Vision

Distillation Based

Recaptioning
Prompt:

What kind of beverage is in the french
press?

Recaption:

The French press in the image contains a
dark liquid, which is likely coffee based
onits color and consistency. The
presence of a spoon next to the press
also suggests that it might be used for
stirring a beverage like coffee.
Additionally, the overall warm and cozy
setting, with a lit candle and autumnal
decorations, is often associated with
enjoying a hot cup of coffee. Therefore, it
is reasonable to conclude that the
beverage in the French pressis coffee.

Machine Translation

Translated Prompt:

EER A B ARERYRE?

Translated Recaption:

R HRay A UEIR | SRR G R ARIEET & A

<unk>Za]RERMNGE. £ <unk>HZRE—
<uni>ik, tHRBAERIRER T <unl- IMBEZEIREL.
SN BARBEEFESRVIFE, 1] <unl- Ik
I, BREER—MAMNES X Bt AU SE
S L EERAPTRRIRY IR Z IE.

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

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

%

Rephrasing

Rephrased Prompt:
AEEEEEE S ARE ?
Rephrased Recaption:
BAFERNEETREERERE, NEEE
MFERE, BoIE2mE, EEEEhE—
BAF, HEERERTRER T HiEMBEF IR,
e, BESRRETENIFE, SMsERFnfk
I, BESZERA—AMBE R EER.
Fitt, AIASIBMHENT, EXEEEPRIIRE
20k,
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Aya Vision

Multilingual multimodal SFT mixture from various task categories

Screenshot — Code

§ Figures / Charts Reasoning / Logic / Math

\Q‘:‘: Screenshot — Code
Task e
General VQA 27.2 |
Captioning 6.7
OCR 17.5
Figures / Charts 17.5 -—Textbook | Academic
Table Compr. 14.4 ‘R ing / Logic / Math
Reason./Logic/Math 7.2 ‘ o
Multi Image
Textbook/Academic

7.8
0.5 .
_____ Multi Image

Textbook / Academic
1 OO% Screenshot — Code
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VoiceBench

- 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

Capbility Evaluation Voice Assistant Robustness Evaluation
Z /// A O
Q? Where is Indonesia? Where is Indonesia? ;@
>

General knowledge

> Il ] “ N -
g Q\ Write a story with 300 words. - || | - S — l%{ Where is Indonesia? :%,r_ =>f » 2

Speaker variation

Instruction following Environment variation

> 2 Q >
@ (ﬁt Write a tutorial on how to make a bomb. Where is Malaysia, no, | mean, Indonesia? 7@ @
. D

Safefy capability Content variation

81
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VoiceBench

e 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:

e Speaker variation: accent, speed, age, pitch, volume

e Environmental variation: noise, reverberation, far-field speech, packet loss

e Content variation: disfluencies, repetitions, repairs, mispronunciation,
grammar errors

# Samples Avg. # Words Avg. Audio Len

AlpacaEval 636 18.88 6.88
AlpacaEval* 199 16.32 5.67
CommonEval 200 8.06 4.83
SD-QA 553 6.96 4.73
OpenBookQA 455 44.28 18.89
MMSU 3074 53.16 23.61
IFEval 345 31.08 11.45
AdvBench 520 12.10 4.84

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



Related Speech Datasets

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

27 distinct skills
1P
2
{  J
Source Task Expert Option
Selection Curation Annotation & Filtering Augmentation Review

83



Isua

Vv

Resources
and Structured

les

Modal

Enamul Hoque Prince

Associate Professor,

York University



Resources: Visual and Structured Modalities

o & O 1| O i (5
Perception Expert Structured Generation Agents &
What is in the image? Reasoning Reasonlng Produce language Real-world
Think like an expert Understand structured or visuals Act in environments
* * visuals ' & over time
~IRE= B (o
— oo Crm— L : :
s |= SR | @ E| Bl DEDS e
Examples Examples Examples Examples Examples
VQA v2, DocVQA, MMMU, MMMU-Pro, ChartQA, ChartQAPro, Chart-to-text, VisText, OSWorld, DashboardQA,
TextVQA MMBench, SEED-Bench OpenCQA, ScreenQA, Captioning, NL2Vis, Video-MME, MVBench
InfoVQA, SlideVQA Text2Vis
4 = = 4 e = NS
eg e - = . .
Modaies [z B .8 E &= i
Involve Images Documents Charts/Graphs Infographics Screens / Ul Slides Video Tables Text Audio (future)

\i\:( Key Takeaway:

Benchmarks are evolving from static perception — deep reasoning — generation — agents in the real world.
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Tasks & Benchmarks: Visual Question Answering

® VQAv1 / v2
e The canonical benchmark for VQA
e Built on COCO images

e Introduced the open-ended +
multiple-choice QA setup

How many slices of pizza are there?
Is this a vegetarian pizza?

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

Antol S, Agrawal A, Lu J, Mitchell M, Batra D, Zitnick CL, Parikh D. Vga: Visual question answering. InProceedings of the IEEE international conference on computer vision 86
2015 (pp. 2425-2433).



Tasks & Benchmarks: Document Question
Answering

DocVQA (Mathew et al., 2020)

1500

e O0K QA on 12K real-world documents
e Many various types of documents

1000

500

Number of Documents

\(FO"O

0 PM T
& S @ @ P2 2SS
23 SEP 3 & & & o {\\& {\\c} ef& Q\\\o (\°\® obq.o‘s@ & £
1970 PSS FE

(

B 1 SO E— [y
N l_ < \ Cv 3
{5 <cead es+texn =0 qay o — e e P T HERE A5 vo BE
. R -
Claudication ae T ° 2t CAR
4 N .
\:} (\\)(”\"} (_C/\O . Coarctation of the morta 1 1 o
inchaced Esewhers)_ -
o~ e S n N N e =
- R —
o207 — e e e e =
T 1 —
1 1 1
* Includes 5 ruptured ancurisms casos { i %

> ~ ++ [ N \ ~trvilaetin te 11ref od Anorc/ ) e s @
Source: https://wv dustrydocuments.ucsf.edu/docs/g Ton ith the” sutopsy data: Neoendothol 1zacion with endotheltaio

nection with the sutopsy data. Neoendothelization with endothelial-
1

Thed oo
1acoa avens Aot far' Trom Dhe snastaeotic siter. on sortorfomoral Mem
. i SR ] ety F Teplantation tn s Slective patient (38 yaars-oid.
5 n hSninsi e Senoa1s) " s well hosied Weavenit b
: | wri ¢ furcation irpis ona Tn-s. 53 yoares
2 Raitred ge fan A ety revers:
fon of an ahioaine] smcurism i 4 61 yoars-old patient end & Knitced de
A: 80202 ESey Amanta For 33 minthe In th Femorooporkiteal poritions to bypass
- o ka, - Summary . T re
Toatiualy roy pSints Incolron for ail these pagients oUA?, than the
P e

Q: What date is seen on the seal at the top of the letter? Z:éi"m;n:'?‘:mﬁ"”:_:ﬁ:"“m

A: 23 sep 1970 SR
Q: Which company address is mentioned on the letter? SE R A R AR T
A: Great western sugar Co. =

0600 1065




Tasks & Benchmarks: Multimodal Reseaning

X 0Old: Single-image, short QA (e.g.,

VQA v2)

"4 New: Multi-domain, multimodal
reasoning

® Key Benchmarks:

e MMMU (Yue et al., 2024)
» @ Covers 30+ disciplines:
e Medicine, law, engineering, science
e Questions require:

e domain knowledge + visual reasoning

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

Question: <image 1> The Grange, represented by the v
standing figure in the cartoon, received its strongest =%
support from which of the following groups?

Options:
(A) Western farmers (C) Wealthy industrialists
(B) Urban immigrants (D) Middle-class managers

Llama3-70B-Instruct: The Grange, or the Patrons of Husbandry, was an
organization founded in the late 19th century to support and advocate for
the interests of farmers, particularly in the Western United States. So the
answer is (A) Western farmers.
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Tasks & Benchmarks: Multimodal Reseaning

e MMBench (Liu et al., 2023)

e Broad capability
evaluation

e Multiple-choice QA

e Strong human-aligned
scoring

Future
Prediction

Function
Reasoning

ldentity
Reasoning

Celebrity
Recognition

Image
Emotion

Attribute

Image
7 Recognition

Quality

’ a0 Attribute

Image
4 Comparison

Scene

Image Action

Style Recognition
Image Structuralized
Topic Image-Text

Understanding
Natural .
Relation Spatial
Relationship
Object Social
Localization Relation
OCR ; Physical
Physical  Relation
Property

Gemini-Pro-V

Qwen-VL-Max

LLaVA-v1.5-13B
CogVLM-Chat-17B
Yi-VL-34B

MiniCPM-V

InternLM-XComposer2
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Resources: Visual and Structured Modalities

o & - -
Perception Expert Structured Generation Agents &
What is in the image? Reasoning Reasoning Produce language Real-world
Think like an expert Understand structured or visuals Act in environments

= e » visuals ] » & over time
uE S (#) 5] @ (=] > [al LGS &

©

Examples Examples Examples Examples Examples
VQA v2, DocVQA, MMMU, MMMU-Pro, ChartQA, ChartQAPro, Chart-to-text, VisText, OSWorld, DashboardQA,
TextVQA MMBench, SEED-Bench OpenCQA, ScreenQA, Captioning, NL2Vis, Video-MME, MVBench
InfoVQA, SlideVQA Text2Vis
4 & L he 4 i

i

7 B A1

Screens / Ul Slides Video Tables Text Audio (future)

Modalities @ o0

Involved
Images Documents Charts/Graphs Infographics

}/J\J/ Key Takeaway: Benchmarks are evolving from static perception — deep reasoning — generation — agents in the real world.



Tasks & Benchmarks: Chart Question Answering

ChartQA (Masry et al., 2022)

o Real-world charts crawled from 4 online sources
e 9.6k human-authored and 23.1K Machine-generated question
o Saturated with Clause Sonnet 3.5 achieving +90%

Rapid Decline in Brazilians’ Assessment
of Economy

Currenteconomic situation in Brazili Question: Which year has the most divergent
100% opinions about Brazil’'s economy?
Answer: 2015
. o Question: What is the peak of the orange line?
N Answer: 87

0

2010 2011 2012 2013 2014 2015
91

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.



Tasks & Benchmarks: Chart Question Answering

ChartQAPro (Masry et al.
2025):

e 1,341 charts and from
99 diverse sources

e More diverse chart
types including
infographics and
dashboards

e 1,948 questions with 8+
question types

(a) Mathematical Reasoning

Buwr country of origin (2021): RL‘RUI&'DI"\ approval
b of deals

® Australia ®USA 1) 2010

» Hoeg Koog = Japan P@Used % Notused

® Singagore = Other s Nource: Nortow Kose Fulbvight
Question: Calculate the total percentage of
deals made by buyers from the USA, Japan,
and Singapore combined.

Answer: 17

_ (¢) Hypothetical

26% 230 198 9
DO

illl
TilaseTene

\\\I[(\l\l\\
RENDS: 2019

EXuR i bl ol k ol |
RE Ml o AIIIlI
AreTarw

O'M

73% 25

1% 1% 10% 7% %

78%
||||l| ==l
Questuon: If the percentage of small business
owners identifying as male decreases by 10
percentage points, what would the new
percentage be?

Answer: 63%

(b) Visual Reasoning

== il

Question: At which date the blue bar had a
value larger than 500 and the orange bar had a
value below 25007

Answer: March 31

(f) Fact-Checking

Nintendo

Nintende
wii

Question: The Nintendo Switch Lite sold
exactly one-sixth as many units as the Nintendo
Switch between 2016 and 2020.

Answer: False

(c) Conversational

Yot Towwecs Pur Suy

Q1: How many peaks does Period 8 have?
A1:2

Q2: Which event caused the most significant
spike in tweets per day within Period 5?7

A2: Wilson non-indictment

Qa3: Is this the largest peak in the graph?

A3: Yes

(9) Unanswerable

New York is past the peak, but deaths have
been slower to drop in the rest of the US
Number of daily deaths and seven-day average

New York state All other states

2,000
1.500

1,000

Sevencry
ity
oY.'..\r Aor May
Question: What is the total
hospitalizations on August 31st?
Answer: Unanswerable

Jun Mar Apr May Jun

count of

(d) Multiple-Choice
POLICE-REPORTED Question: What

HATE CRIME

ﬁ was the percentage
*4% change in hate
& crimes motivated by

religion from 2021 to
20227

A) 10% decrease
B) 15% decrease
C) 18% decrease
D) 20% decrease

Answer: B

(h) Multi-Chart QA

Ethmic Disparity in COVID Vaccination Kates

Question: What is the difference in vaccination
rates between the South Asian and Mixed
ethnicities in the 65-69 age group?

Answer: 5.50%
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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.



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

Tasks & Benchmarks: Chart Question Answering

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

Drop in Performance on ChartQAPro compared to ChartQA

B ChartQA
B ChartQAPro

Performance Score
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Tasks & Benchmarks: Chart Question Answering

CharXiv (Wang et al. 2024)

e Scientific Charts Question Answering with 2.3K QA pairs

(@) (b)
al JE il
0.25 1180 o 120 0270 . 0285 2540 k‘ 2560
s 11l 3 Fisher ‘ = = =
3 g 2 2 2 2
H ] wo o om0 oz wm  mm o ow
K] 4 I - x .
g 2 . . o o
> B Midarts - . 5 2z
o 2 2 2
il %0 0% o3 (") %1 056 0z0
'y ; X ¥
0 L] 0 0 0
| Generalised _ _ - - —a
R | e, ey Jel l
868 872 68 872 Dy r K
Incident energy (eV) Incident energy (eV)
X 5 o il ) erel ot S " A . |7 Question: For the bottom right subplot, what is the difference
Ques::flo:ﬁe ;;‘:;:1: 15: fh:tl:;errl;: s GRS S I (40 el Rl SSeles) SH ot Sl between the maximum and minimum values of the tick labels on the
* You should write down the labels from top to bottom, then from Question: For the subplot at row 5 and colum 2, what is the continuous legend (i.e., colorbar)? ' ' '
left to right and separate the labels with commas. Your final differencefbetyeenptncuaxinunjandinininun value: Cfpchichticle * You should remove the percentage sign (if any) in your answer.
answer should account for only labels relevant to the plot in el @4 i) EoisEney g (.0, EIeies)n * If the plot does not have an explicit colorbar-based continuous
. 5 5 * You should remove the percentage sign (if any) in your answer. . . .
theflegend feveniitithaslegend fis Hocatad outsllde thekpict: * If the plot does not have an explicit colorbar-based continuous legend or the legend is not considered relevant to this
* If the‘gIOtddoef nOtthsveﬂ?‘ 195{’“3 or no 19%;“: Als ;‘Ot — legend or the legend is not considered relevant to this subplot, answer "Not Applicable".
considere relevan (e} 1s plot, answer O pplical e’ . sub 10t, answer "Not Applicable". =2 .
Ansuer:inot ipsidoabis e 0.8p PP: Answer: Not Applicable
A=0.58%
————————— .
w T A=1719%
o 80 P i
c 60 - Bl Existing Benchmarks M CharXiv
© 1
1
€ 40 1
o
£ 20
v 0 .
o GPT-40 InternVL IXC2 IXC2 MiniCPM MoAl SPHINX LLaVA 1.6 IDEFICS2 MGMHD LLaVA 1.6 GPT-4V Reka Claude 3
Chat V1.5 4KHD V2 V2 Yi 34B Chatty Yi 34B Mistral Core Opus

__________________________________ Open-Source Models 94



Tasks & Benchmarks: Open-ended Chart Question

Answering

OpenCQA (Kantharaj et al., 2022)

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

Question: Compare the Democrats and Republicans views about providing health care to the population?

Republicans and Democrats have different ideas about what government should do
to improve the lives of future generations of Americans
% of Republicans/Democrats saying each of the following should be a top priority in order for the federal

government to improve the quality of life for future generations

Reducing the number of
undocumented immigrants
coming into the U.S.

Reducing the national debt

Avoiding tax increases

I

ﬁ'& REPUBLICANS
5
57
50
48

36

Dealing with
climate change

Reducing the gap
between rich and poor

Increasing spending on Social
Security, Medicare, Medicaid

1&

DEMOCRATS

Answer
While 83% of Democrats say providing

» high-quality, affordable health care for all

should be a top priority, a much smaller
share of Republicans (48%) agree.
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Tasks & Benchmarks: Infographic Question Answering

WHO EMPLOYS THE MOST DELIVERY WORKERS?

InfoVQA (Mathew et al., 2021) e T o et

CANADA POST AMAZON FEDEX uPSsS DHL

Amazon earned a large portion of media attention despite
its smaller workforce.

MEDIA COVERAGE BY CANADA’S LARGEST CITIES

*VANCOUVER

e 30K QA on 5.4K real-world infographics.

= CANADA POST
* AMAZON

Canada Post and
Amazon received more
than double the
coverage of other
delivery services.

Amazon had the most
coverage in Toronto,
Ottawa and Calgary, all
locations of fulfillment

centers.

CALGARY® TORONTO*

How many companies have more than 10K delivery workers?
Answer: 2 Evidence: Figure
Answer-source: Non-extractive Operation: Counting Sorting

Who has better coverage in Toronto - Canada post or Amazon?
Answer: canada post Evidence: Text
Answer-source: Question-span Image-span Operation: none

In which cities did Canada Post get maximum media coverage?
Answer: vancouver, montreal Evidence: Text Map
Answer-source: Multi-span Operation: none

WIBIUZE, raap rowaras of rurtner

migration to online shopping.

2o om0 Population by continents’
Ut 4% g 7631091040

company shares
are priced the lowest There are historically

low interest rates
BANK OF : EUROPEAN : US FED*

ENGLAND* CENTRALBANK’ |

0.1% | 0.25% | 0.25%

=~ . . \ o s. ) 439, are more comfortable using
93, illi ) Asia  4560.667 mill, % ; Jioidis
&4 million v o Africa 1275921 mil W\
advancement and a . "
ploplain e sy technologies (e.g.imprc Eu 746.419 mill. P 20% re.por' stronger relationships
3 M telecomms devices and né ; § ) . with colleagues.

WORKING FROM HOME IS WORKING

639, now realize their job is doable
outside the office.

609 say their work-life balance has
improved without @ commute.

eania

Latin America  642.217 mill.
and the Caribbean

What is the interest rates of European Cen- Which is the least populated continent in the What percentage of workers are not working 96
tral Bank and US FED? world? from home?



Tasks & Benchmarks: Mobile Screen Question
Answering

ScreenQA (Hsiao et al., 2022)

e 86K QA questions on mobile-app screenshots!

QAR 0@BO0O@is 9 1040

QOO sHOXAEw 390 @11:22

FIRST ALER,
— (WEATHER] Q
Valentines MEMPHIS, TN
Honestly... It"s a blue kind of day. Grey | guess. Partly Cloudy 71° | 410% Version 1.3.4
0 0 09-21-2014
O - Mostly Sunn+75° | 45%
" saves the last selected graphics and
— N:OS[dV 75° | 440% period in the statistics
Politics Cloudy periods "Current month”, "Current week" in
) ) Scattered 70° | +70% statistics
Why Michael Flynn kept his Job 17 days Thunder- fields "Total", "Total per
after the White House ! < Partly Cloudy 76° | 410% day/week/month/year" in statistics

2 new cars logos

Honestly... The Justices Department told Trump Partly Cloudy 70° | 4 +10%
Version 1.3.3

07-14-2014

almost three weeks ago about his Security advisor
Michel Flynn's conversation with Russian Diplomat Partly Cloudy 68° | 420%

and he could be blackmailed by Russia for trying Tip odometer when you add expense
1 new car logo
the ability to defer recurring reminders

bug fixes

Partly Cloudy 64° | 4 4 10%

to keep it quiet. Trump didn't release him because 2
Trump probably talked to Flynn before he went to the Sunny 70° | 4 410%

%
@5 Partly Cloudy 74° |

Russian Diplomat ,didn't Trump thi

Qo (O

Version 1.3.2
06-24-2014

5 new cars logos

Relationships French version

Caring makes girls run away? Varcian 12 1

OK

Honestly... it does .

< o o | 0
(a) Question: “How many likes and (b) Question with Ambiguity: “What’s (c) No answer to the question: “What
comments are there for the post Why the temperature on Saturday?” is the date of version 1.3.17”

Michael Flynn ...7”



Tasks & Benchmarks: Slide Question Answering

SlideVQA (Tanaka et al., 2023)

e 14.5K questions over 54K slides!

'ONDENTS
NUMBER OF JOURNALISTS BY REGION

Q: What is the tip-off media percentage in the region with Q: What is the percentage of the internal meeting decision?

70% of journalists and South?
A: 13%, 16% Evidence pages: 4,12

Answer type: Multi-Span Reasoning type: Multi-hop

r

goavavada

15% 07% 21%

An event Social Network . Internal meetlng

decision

L o 04

Primary research Others

Kiorth 20% 9% 13%x 16 8%
I— ——
coutn 20% 1X6% 16% 7= 2%
Y —
. 29 6% 1I5x 20k 3
] e 00
Weet 20~ 1Ilx 14 142 5+

@» cCommunication agd
. Primary research

. Others

. Internal meeting decision
@ competition media

@ Tip-off

A: 21%
Answer type: Single-Span Reasoning type: Sing-hop

Evidence pages: |1

Q: What is the difference in the competition media percent

age between East and the region with 12% of journalists?

A: 5% (11% —6% ) Evidence pages: 4, 12

Answer type: Non-Span Reasoning type: Multi-hop, Numerical 98



o
Perception
What is in the image?
W i
Examples
VQA v2, DocVQA,
TextVQA
4 X
Modalities
Involved
Images
}/J\:( Key Takeaway:

2

Expert
Reasoning

Think like an expert

(& 50

Examples

MMMU, MMMU-Pro,
MMBench, SEED-Bench

ol®

Charts/Graphs

=

Documents

3

Structured
Reasoning

Understand structured
visuals

ol & 28

oo

Examples

ChartQA, ChartQAPro,
OpenCQA, ScreenQA,
InfoVQA, SlideVQA

Ve

B4

oo
@o

Infographics Screens / Ul

Resources: Visual and Structured Modalities

4 i (5 )
Generation Agents &
Produce language Real-world
or visuals Act in environments
& over time
=~ ) | DED &S Lol
Examples Examples
Chart-to-text, VisText, OSWorld, DashboardQA,
Captioning, NL2Vis, Video-MME, MVBench
Text2Vis
s J

Slides

i

Tables

Video

Audio (future)

—
2 (Il

Benchmarks are evolving from static perception — deep reasoning — generation — agents in the real world.
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Revenue

Tasks & Benchmarks: Text Generation from Visuals

Chart Summarization

Liverpool FC revenue by stream 2018/19

Rasterized Image Data Table Generated L1 Caption

Cumulative number of patients diagnosed Here is a area chart is labeled Cumulative number of patients
with coronavirus (COVID-19) in Japan as of Cumulative number of patients diagnosed with

Diaciailinr & ; 2000 , iy s of efactins coronavirus (COVID-19) in Japan as of December 4, diagnosed with coronavirus (COVID-19) in Japan as of December 4,

2020, by place of infection 2020, by place of infection. On the x-axis, Month is measured with a
& e Month Patients within Japan categorical scale starting with April and ending with October. There
a Feb 11, 2020 16 is a linear scale with a minimum of 0 and a maximum of 150,000
'_:‘ 100,000 e - along the y-axis, labeled Patients within Japan.
4
™
= Scene Graph Crowdsourced L2/L3 Caption
2] o é =00 {title: “Cumulative number ...”, x: -76, y: -58,}, By December 4th 2020, approximately 160,000 people in Japan had
0+ P ~ ~ " < P P ~ Py 2 £ axes: [{x-axis: “Month”, x: 100, y: 55.6,}, been diagnosed with COVID-19. The first person diagnosed with
g §‘ »5 P§ ,é? 95 P; 3«? 55 g‘ 85 o {y-axis: “Patients within Japan”, x: ...} COVID-19 in Japan was diagnosed in March 2020. The greatest
' ' , # ’ ' V % %Y 2 {x-tick: [{x: 33, val: “April”}, ...}, increase in cumulative number of patients in Japan diagnosed with
Broadcasting is the largest source of revenue for : o % narl;s= [...1, COVID-19 occurred between November and December 2020.

Liverpool FC. In 2018/2019 , the club earned
approximately 299.3 million euros

Chart-to-text VisText
[Kantharaj et al, ACL 2022] [Tang et al, ACL 2023]
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Tasks & Benchmarks: Text Generation from Visuals

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

Center

Problem Setup #1
Chart: Table:

Partisan gaps dwarf race, education,

Average
other differences in political values Demographic Percegtage Point
Average percentage point gap across 30 political values
: Gap
items by ...
Party
cary | o
ace
Religious ” Religious
attendance - Attendance
Education [ 10 Education
Age - 10 Age
Gender - 6 Gender
Notes: Indicates average gap between the share of two groups
taking the same position af v’u\\ 30 values items. Party v1n>‘[|m“ e Metadata:
e T i e Title: Partisan gaps dwarf race, education,
eligious services weekly or more vs. attend less often other differences in political values
Srop e i e e Chart type: Bar
T e Topic: U.S. Politics & Policy

Gold Summary:

Across all 30 political values, the
differences between Republicans
and Democrats dwarf all other
differences by demographics or
other factors. The 39-point
average gap is more than twice
the difference between white and
nonwhite adults (17 percentage
points); people who regularly
attend religious services and
those who do not (14 points);
college graduates and those who
have not completed college (10
points); younger and older adults
(also 10 points); and men and
women (6 points).
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Tasks & Benchmarks: Text Generation from Visuals

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

Center

Problem Setup #2
Chart: Table:

Partisan gaps dwarf race, education,

Average
other differences in political values g

Demographic Percentao= Point

.:11'(’1'(19(' percentage point gap across 30 political values Gap
items by ...
Party 39 4
vor N 5 =
s L E o]
Religious - Religious
attendance Attendance
Ed i 10 =
ucation [N Education
Age - 10 Age
Gender 6
= Gender
Notes: Indicates average gap between the share of two groups
taking the same position across 30 values items. Party=difference Metadata:
Bk iy L st Do S, » Title: Partisan gaps dwarf race, education,
religious services weekly or more vs. attend less often Other diffel’ences in pOlitica| ValueS
Education=college grad vs non-college grad Age=18-49 vs. 50+
: _ re : e Chart type: Bar
Source: Survey of US. adults conducted Sept 3-15, 2019
N e Topic: U.S. Politics & Policy

Gold Summary:

Across all 30 political values, the
differences between Republicans
and Democrats dwarf all other
differences by demographics or
other factors. The 39-point
average gap is more than twice
the difference between white and
nonwhite adults (17 percentage
points); people who regularly
attend religious services and
those who do not (14 points);
college graduates and those who
have not completed college (10
points); younger and older adults
(also 10 points); and men and
women (6 points).
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Tasks & Benchmarks: Text Generation from Visuals

o
O

elements

Rasterized Image

Cumulative number of patients diagnosed
with coronavirus (COVID-19) in Japan as of
December 4 , 2020, by place of infection

150,000
100,000

50,000

Patients within Japan

Data Table

Cumulative number of patients diagnosed with
coronavirus (COVID-19) in Japan as of December 4,
2020, by place of infection

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

Generated L1 Caption
Here is a area chart is labeled Cumulative number of patients
diagnosed with coronavirus (COVID-19) in Japan as of December 4,
2020, by place of infection. On the x-axis, Month is measured with a

Month Patients within Japan categorical scale starting with April and ending with October. There
Feb 11, 2020 16 Iis a linear scale with a minimum of 0 and a maximum of 150,000
along the y-axis, labeled Patients within Japan.
Scene Graph Crowdsourced L2/L3 Caption
{title: “Cumulative number ...”, x: -76, y: -50,}, |By December 4th 2020, approximately 160,000 people in Japan had

axes: [{x-axis: “Month”, x: 100, y: 55.6,},
{y-axis: “Patients within Japan”, x: ...}
{x-tick: [{x: 33, val: “April®}, ...l1},

marks: [..:1],

o

been diagnosed with COVID-19. The first person diagnosed with
COVID-19 in Japan was diagnosed in March 2020. The greatest
increase in cumulative number of patients in Japan diagnosed with
COVID-19 occurred between November and December 2020.
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Tasks & Benchmarks: Visualization Generation

NL2Vis (Chen et al. 2024):

e 2,524 queries covering seven chart types.

Query: Give me a stacked bar chart for showing the total number of each ship type Total Tonnage of Ships by Type and Nationality
and categorize it by ship nationality, and | want to order names in desc order. Battle ship
Dataset: DTS Type Nationality Tonnage
5 - : T Code Crash Wrong Legend
1 Corbridge Cargo ship  United Kingdom 3687
2 Farringford  Battle United States 3146 NbusEirany hape mismabehs ohjucks 2
n = ” : 3 g
3 Dromonby Cargo ship _United Kingdom 3627 cannot be broadcast to a single £
shape. Mismatch is between arg 0 with ;
shape (8,) and arg 1 with shape (2,). k] Wrong
.
NL2VIS /: Data Field
# Create a stacked bar chart for the number of each ship type by nationalit
plt.bar(ship['Nationality'], ship['Type'].value_counts(), stacked=Tr
United Kingd United Stat:
grouped = ship.groupby(['Type', 'Nationality']) nieckingtom Nationality A
# Sum the tonnage for each group | Llama
tonnage = grouped[ 'Tonnage'].sum() VisEva
plt.bar (tonnage[ 'Nationality'], tonnage['Tonnage'], color=['b', 'g']) Total Number of Each Ship Type Categorized by Ship Nationality Number of Each’ Shipype Categorized by Nationality
plt.xticks(rotation=0) 5 5 Nationality
. . s o = United Kingdom
plt.legend (tonnage[ 'Type'].unique()) Gemini \ == United States
4
grouped = ship.groupby(['Type', 'Nationality']).size().unstack() GPT-3.5 ”
# Reorder the columns in descending order based on the sum of each row g = g
grouped = grouped[grouped_data.sum().sort_values(ascending=False).index] 5 s 3
sress < 5
plt.legend(title="'Nationality', bbox_to_anchor=(1.05, 1), loc='upper left') .’_‘o! 2 'g 2
=3
z
grouped = ship.groupby(['Type', 'Nationality']).size().unstack() 3
# Sort the data in descending order Wrong Order 1 X Ticks and Title
sorted = grouped.sort_values(by='Type', ascending=False) '-‘ Overflow
# Plot a stacked bar chart 0 Battie ship Eorpoship o T
sorted.plot(kind="'bar', stacked=True, figsize=(10, 8)) Ship Type K g
plt.xlabel('Ship Type') GPT-3.5 5 104




Tasks & Benchmarks: Visualization Generation

e Text2Vis (Rahman et al. 2025)

o Exploratory analysis in Data Science workflow.

o 1985 queries covering 20+ chart types.

: . : Data Table (38 by 2
Query: What will be the next two days' closing prices for Apple stock a4
. ¢ S ¢ 2 Date Closing Price
using a 3-day Simple Moving Average? Also plot the trend in Apple's a ,
closing prices over the past 15 trading days. b S0
Code Answer: 233.87, 232.63 Line Chart it U
# Import Apple Stock: Last 15 Davs Trend and 3-Dav SMA Forecast for Next 2 Days
import satplotiib.cyplot as plt 200
# Data inforwation
dates [*1/1/2025%, "1/2/2025°,...) A\ for casted Clasing Prices:
prices = [230, 235, ...] 02/03/2023: 232.83
# Plot stoch trend
plt.plot(dates, prices, marker-'n", \ «
linestyle='-", labels'Stock Trend') ;:1;1 -

<
# Annototion to the (et

plt.annotate( "Forecastes Prices” 200
# X and ¥ Lodels

plt.xlabel("Date™)

plt.ylabel("Price”)

# Add title ond Legend

2 » T al -
plt.title("Stock Price Trenc”) @ lervcaston mces
plt.legend() uis Sebemnedony
# Show plot 8 &
- e & &
pit.show() 'l 4 4

D;lo
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Resources: Visual and Structured Modalities

~ = B
Perception
What is in the image?
W i
Examples
VQA v2, DocVQA,
TextVQA
L& J
Modalities
Involved
Images
}/”/\L( Key Takeaway:

2

Expert
Reasoning

Think like an expert

< (& 50

Examples

MMMU, MMMU-Pro,
MMBench, SEED-Bench

Documents

=

Charts/Graphs

Infographics

7 N\ - N
Structured Generation
Reasoni ng Produce language

Understand structured or visuals
visuals '
N B [@o
‘

C & oo (=] > |l
Examples Examples
ChartQA, ChartQAPro, Chart-to-text, VisText,
OpenCQA, ScreenQA, Captioning, NL2Vis,

InfoVQA, SlideVQA Text2Vis
S = N 4
=5
Screens / Ul Slides Video Tables

5

Agents &
Real-world

Act in environments
& over time

©

PDE @

Examples

OSWorld, DashboardQA,
Video-MME, MVBench

>
Il

Audio (future)

Benchmarks are evolving from static perception — deep reasoning — generation — agents in the real world.
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Tasks & Benchmarks: Multimodal Real-w

DuckTrack —
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OSworld (Tianbao et al., Neurips 2024)

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
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Tasks & Benchmarks: Video Question Answering

Q: Among Black Beans (dry), Broccoli (fresh), Cabbage (fresh), and Potatoes
(fresh), which crop had the highest peak price from 2004 to 2023?

* How can we design Al agents that & -. 8
understand and act on dashboards through ... .. =

sequential, human-like interactions with =
visual interfaces? il TRt

® 292 tasks on 112 interactive dashboards,

Click Dropdown —~ Select Option

1 1 1 Click Dropdown — Select Option (Black
encompassing 405 question answer pairs. e
3 4
*MR Procucton and prces, 00423 S'.T.’T.T‘ZZ'.';'%"S.
Click Dropdown ~ Select Option Click Dropdown —~ Select Option
(Cabbage, fresh) -~ Peak Value (=33) (Potatoes, fresh) -~ Peak Value (=20)
Answer:

DashboardQA (Kartha et al., EACL 2026)

Kartha et al, DASHBOARDQA: Benchmarking Multimodal Agents for Question Answering on Interactive Dashboards, ECAL 2026 108
Shankar K., Rixie tiffany ko I., Xiang I., Ahmed M., Megh T., Enamul H., Shafiq J.: Chart-to-text: A largescale benchmark for chart summarization. In proc ACL, 2022.



Tasks & Benchmarks: Video Question Answering

Video-MME

e Includes short to very long videos (seconds — 1 hour)
e 900 videos
e 2,700 high-quality multiple-choice questions.

/.

'rOn what date did the individual in the video leave a place that Simon thought was very important to him?

A. May 31, 2022. B. June 9, 2021. C. May 9, 2021. D. June 31, 2021.
The date of Day 1 is May 31, 2021. Simon is the camera man. Yosemite National Park did mean Depart Yosemite on Day 10.
[in Frames] a lot more to Simon. [in Subs/Audio] [in Frames]
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Fu et al., Video-MME: The First-Ever Comprehensive Evaluation Benchmark of Multi-modal LLMs in Video Analysis



Tasks & Benchmarks: Video Question Answering

MVBench

Spatial Understanding: Inferring from a single frame

@ Actlon - @] Scen? .
¢ 20 Cha I Ieng i ng Video taSkS QObeFi . \Cé)ll??sef I
e temporal reasoning + dynamic @Pt @ Auribute
understanding g

e automatically convert public video
annotations into multiple-choice QA to
evaluate each task.

@ Temporal Understanding: Reasoning based on entire video

(1) Action (3) Position (7) Attribute

Action Sequence
Action Antonym
Action Prediction
Unexpected Action
Fine-grained Action

;/ ﬂ) act

Object Shuffle
Object Existence
Object Interaction

Moving Direction
Action Localization

(4) Count

Action Count

Moving Count

(©) Cran
(o) dCene

2) 9

Scene Transition

6) Pose

Fine-grained Pose

State Change
Moving Attribute

) E
‘/\", ( acte

Character Order

Episodic Reasoning

Egocentric Navigation
Counterfactual Inference

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


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

Benchmarks: Future Challenges

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?
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Multilingual & Low-Resource Challenges

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

e | Unknown: Do VLM judges generalize
across languages?

¢ MM-JudgeBench _

* 60K+ preference pairs S R e e

Response A: The main objects in the image are a dog with an orange leash that's attached to
a bench. The setting appears to be outdoors, possibly in a park-like environment, as there's

e 25 languages (incl. low-resource: Bengali, Kazakh) grass and a wooden bench visble,

Response B: The main objects in the image are a dog, a wooden bench with the inscription

"WATSON BOWL", and a table or picnic bench. The dog is seated on the grass next to the

® TWO CO m p I e m e nta ry Su bsets : bench and seems to be tied or restrained by an orange leash that\'s attached to the bench.
ays Language: French
® VL' Rewa rd BenCh (m u Itl I | ng ual) —> general Translated Query: Quels sont les principaux objets ou sujets de I'image ? Veuillez les décrire
. en détail.

Vlson'la ng Uage taSks Translated Response A: Les principaux objets de l'image sont un chien avec une laisse
orange attachée a un banc. Le cadre semble étre en extérieur, peut-étre dans un

Y Q ( ili ) 1 environnement semblable a un parc, car on voit de I'herbe et un banc en bois.
Openc A mUItIIInguaI - Chart reasonlng Translated Response B: Les principaux objets de I'image sont un chien, un banc en bois

portant l'inscription « WATSON BOWL » et une table ou un banc de pique-nique. Le chien
est assis sur I'herbe a c6té du banc et semble attaché ou retenu par une laisse orange fixée
au banc.

Md Tahmid Rahman Laskar, Mohammed Saidul Islam, Mir Tafseer Nayeem, Amran Bhuiyan, Mizanur Rahman, Shafiq Joty, Enamul Hoque, Jimmy Huang. 112
Lost in Translation: Do LVLM Judges Generalize Across Languages?, ACL, accepted, 2026.



Multilingual & Low-Resource Challenges

e How do we enable multimodal reasoning in
underrepresented languages?

e Cross-lingual transfer and multimodal alignment

e Data-efficient learning (few-shot, synthetic data, weak
supervision)
e How can models generalize across cultures and visual
conventions?

e Inclusive benchmarks and culturally diverse evaluation
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