Grounding Multilingual Multimodal
LLMs With Cultural Knowledge

Jean Nyandwi Yueqi Song Simran Khanuja Graham Neubig




Al that serves the world should know more than Hollywood and
Wikipedia — yet most open-source multimodal LLMs don't.
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Issues in Multimodal LLMs

WLTUR
e Multimodal LLMs have deficits in understanding O 6\
world cultures and long-tail entities.
e Even frontier models lags behind when it comes

to cultures and open-source models are way

behind. [
e The cultural gap in MLLM:
o Cultural nuances scarcity in existing large @ Qwen3-VL #+Molmo
multimodal datasets(LAION, LLaVA-Ins, - o 00
etc...) «“Aya Vision

o Existing cultural datasets are small, limited
cultural domains, lack of long-tail
entities coverage.



CulturalGround

CulturalGround addresses major issues in
existing cultural-centric datasets:

Multilingual coverage: 39 languages
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.
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CulturalGround Curation Pipeline

Cultural Entities
Selection

WIKIDATA

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

42 Countries
39 Y
Languages

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

CulturalGround curation pipeline automatically create questions and
answers about diverse set of entities from select regions.




CulturalGround Curation MCQs

Cultural Entities  Entities Images  Multilingual QAs

WIKIDATA

Using selected cultural entities and multilingual QAs as
seed, we also generate multiple choice questions(MCQs)
subset grounded in cultures using LLM.

CulturalGround MCQs

8M Cultural & Multilingual Samples
6M Filtered High-Quality Samples
Based on 76 Cultural Properties




A Walkthrough: Wikidata Homepage

= |“||I|I|| WIKIDATA | ltems v | Q Akagera National Park ‘ Search ‘ 3 English  Donate Create account Login ees
Main Page Discussion Read View source View history Tools v
) Appearance hide
collaborative
linked
Text
(O small
Welcome to Wikidata ©O standard
() Large
the free knowledge base with 119,105,424 data items that anyone can edit.
Width
Introduction « Project Chat + Community Portal « Help
© standard
Want to help translate? Translate the missing messages. structured O Wide

multilingual

\ \ LT
[l Welcome! il Learn about data



Entity in Wikidata: Akagera National Park

Akagera National Park 6715

Item  Discussion

national park in Rwanda

~ In more languages

Configure

Language Label

default for all Akagera National Park
languages

English Akagera National Park
Kinyarwanda Pariki y'Akagera

French parc national de I'Akagera

All entered languages

Statements

: 3 :
instance of € national park

~ 0 references

Description

national park in Rwanda

criptior 2d

parc national au Rwanda

Read View history Tools v

& edit

Also known as

""Parc national de I'Akagera™

£ edit

+ add reference

2 edit

image

<0

Parc National d'Akagera.jpg
1,600 x 1,063; 271 KB

P

» 0 references

<D

KAGERA National Park Entry Point.jpg
4,032 x 2,268; 4.13 MB

P

» 0 references

# edit

# edit



Entity in Wikidata: Akagera National Park

Rwanda visitors per year $ 34,000

<D

country

point in time
» 1 reference
» 1 reference

o
. - . $ z
Ipcated in the administrative & Eastern Province Important Bird Area

oD

heritage designation
erritorial entity

~ 0 references » 1 reference

o "
area & 1,100 square kilometre
shares border with @ Mutara Game Reserve

» 1 reference
» 2 references

2022



Akagera National Park: QA for Property P17(Country)

= |II||I|I|| WIKIDATA | Q Search Wikidata

Search

COllIltI'y (P17)

o
L 3
country 2 Rwanda Property Discussion Read View histor
» 1 reference sovereign state that this item is in (not to be used for human beings)
sovereign state | state | land | host country
~ In more languages
Configure
Language Label Description Also known as
Properties of a given entity defautt for all No label defined -
. . e languages
are also entries in Wikidata. .

English country

sovereign state that this item is in (notto be  sovereign state
used for human beings) state



Property P17

"relation”; "P17",

"label”: "country”,

"description”: "sovereign state of this
item; don't use on humans”,
"template_question”: "Which sovereign
state does this entity belong to?”,
"answer_template”: "{entity_label}
belongs to the sovereign state of
{value_label}."

Templates question and
answer

Akagera National Park: QA for Property P17(Country)

"template_question”: "Which
sovereign state does this entity
belong to?",
"answer_template”: "Akagera

National belongs to the sovereign

state of Rwanda.”

Refined question and answer

"refined_question”: "Where in the world
would you find this national park?”,
"refined_answer": "Akagera National
Park is located in Rwanda, a country in
East Africa. It's known for its incredible
biodiversity and efforts in wildlife
conservation, particularly its successful
reintroduction of lions and rhinos.”




Akagera National Park: QA for Property P17(Country)

Property P17

"relation”; "P17",
"label”: "country”,
"description”: "sovereign state of this

item; don't use on humans”, Templates question and
"template_question™: "" Lt SEAKE F 54 AR answer
E%ﬂ?"’

"answer_template™: "{entity_label}/g F*
WEZR{value_label}, "
"template_question": "tttk E F
TENER?",

"answer_template”: "R EHERA Refined question and answer
BHEFENERFEZX, SENREHER,"

"refined_question": "iX fr B R 2 B4 T4
ExR?",

"refined_answer"”: "[FZHER LB TS
BEA, XR—MIFIEMRBUER, ELLEZH
LB AN FIEM A B AR EME 4, 2581
KEEMESRIPR,"




Akagera National Park: QA for Property P17(Country)

Each QA with multiple images \

Property P17

"relation”; "P17",
"label": "country”,
"description”: "sovereign state of this

item; don't use on humans”, Templates question and
"template_question”: ""ttSLKE F A F4X answer
E%?"’

"answer_template™: "{entity_label}/g F*
WEZR{value_label},"

"template_question": "tttk E F
TENER?",

"answer_template”: "k ZHERL Refined question and answer
ERETFENERSEX, EMRBHER"

"refined_question": "iX fr B R 2 B4 T4

ExR?",
_ "refined_answer": "[FZHER LB TS
The same questions and BEK, X2 —MIFIEMRBUER ., EUH S
answers formulation are done LR BF RS A B RN L E &, 2450
. N k j‘q\ - o"
in 39 languages!! RERMESRIF X




CulturalPangea

Cultural Understanding Entity Recognition Multilingual VQA Captioning Average
Models CVQA MARVL ALM MERLIN MAXM M3EXAM XM100 ALL
Llava-Next-7B 40.9 50.9 42.4 34.1 214 28.4 155 334
Molmo-7B-D 58.7 54.9 49.1 42.9 37.5 39.1 6.0 41.2
Llama3.2-11B 69.6 58.1 56.6 49.1 43.9 36.6 5.8 45.7
PaliGemma-3B 42.5 522 35.7 13.1 19.9 25.6 0.6 27.1
mBLIP-mTO-XL  37.5 66.7 36.9 15.8 36.8 25.0 6.8 32.2
AyaVision-8B 50.8 64.5 55.1 55.3 52.1 41.7 10.0 47.1
Pangea-7B 56.9 18.7  59.9 66.0 33.3 42.0 29.7 55.3
CulturalPangea 59.1 80.3 63.5 81.1 53.9 46.7 36.9 60.3
A over Pangea +2.2 +1.6 +3.6 +15.1 +0.6 +4.7 +7.2 +5.0

By training Pangea on subset of CulturalGround while interleaving subset of Pangea
training data, a resulting model CulturalPangea achieves SOTA on multiple cultural
benchmarks while maintaining good performance on general multilingual benchmarks.



CulturalPangea

Performance Comparison: English vs Multilingual

804 EEE English I Multilingual [ Overall

71.9

While most performance gains are
observed on multilingual split,
CulturalPangea surprisingly maintains
good English performance on all
benchmarks compared to Pangea.




Does CulturalPangea Transfer to OOD Cultures and Languages?

Cross-Cultural and Cross-Lingual Transfer

Model SC AS EG YO GU BH 1A SI SA DA GL AF 1IC AZ SH

SK FI Avg
Pangea-7B 28.3

40.5 63.6 21.5 35.1 49.7 19.2 37.0 644 59.9 653 588 453 51.1 26.2 384 41.7 45.0
CulturalPangea-7B 394 509 683 258 39.1 53.2 22.0 39.6 66.8 62.2 66.9 60.3 46.5 52.2 26.8 39.0 42.1 48.3

A Gain +11.1 +10.4 +4.7 +4.3 +4.0 +3.5 +29 +2.6 +24 +23 +1.5 +1.5 +1.3 +1.1 +0.7 +0.6 +0.4 +3.3

Table 2: Cross-lingual performance on ALM-Bench. Language codes: SC = Scots Gaelic, AS
= Assamese, EG = Egyptian Arabic, YO = Yoruba, GU = Gujarati, BH = Bhojpuri, LA =
Lao, SI = Sindhi, SA = Saudi Arabic, DA = Danish, GL = Galician, AF = Afrikaans, IC =
Icelandic, AZ = Azerbaijani, SH = Shona, SK = Sanskrit, FI = Filipino.

CulturalPangea perform better on languages that were neither in base model training
data or CulturalGround. This strong generalization across cultures and languages is
attributed to extensive data curation pipeline.



Does CulturalGround Helps Low-Resource Languages?

Accuracy Comparison for Low-Resource Languages

e
(o]
1

B CulturalPangea-7B I Pangea-7B (baseline)

S
[&)]
1

Accuracy
o
s
1

0.2 -
0.0 -
LN S O @ SN SR NN
SR\ W RSN I I A i P )
R Q’e, RS (@) Q) Qg, g D (\q 2 (o'b ")\Q 3 (,59 2
s @0 \'b Q\O éo‘ (8) 0(\

We also find that CulturalPangea does perform better on low-resourceful languages
compared to Pangea



Which Cultural Domains Benefit Most?

Performance by Cultural Category on ALM-Bench (All 18 Categories)
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We find that CulturalPangea performs well on nearly all cultural domains and top gains
are observed on cultural-rich domains(heritage, media, music, food, architecture, etc..)
while minimal or negative gains are on general domains(memes, sketch)




Cultural Data Scaling and General Skill Preservation

Performance (%)

Cultural Understanding Progress Across Steps

CVQA MARVL ALM MERLIN
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Performance on culture-centric benchmarks consistently increase with more cultural data
and general multilingual vision—language proficiency is concurrently preserved and even
enhanced. Our training methodology(interleaving CulturalGround and Pangealns)
effectively alleviate catastrophic forgetting.



Cultural Data Scaling and General Skill Preservation
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Multilingual Skills Progress Across Steps
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Performance on culture-centric benchmarks consistently increase with more cultural data
and general multilingual vision—language proficiency is concurrently preserved and even

enhanced. Our training methodology(interleaving CulturalGround and Pangealns)
effectively alleviate catastrophic forgetting.




Accuracy (%)

Accuracy (%)

Different Checkpoints have Individual Strengths
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Different checkpoints have
individual strengths across
different languages and
benchmarks.



Performance Gains from Merging Models

Checkpoint Merging

2 60 Py (vas) (x50) Merging checkpoints at different stages
~ = J .
> improves performance and recovers
© complementary model strengths often lost
§ 40 - during continual training.
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Li et al., Model Merging in Pre-training of Large Language Models, 2025
Kwai Keye-VL Technical Report, 2025
Dash et al., Aya Vision: Advancing the Frontier of Multilingual Multimodality, 2025



Taking a Look at CulturalGround: Distribution by Country/Region

Distribution by Country/Region (20.5% shown individually)
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CulturalGround covers 42 regions from different continents, 39 languages of different scripts



Taking a Look at CulturalGround: Diverse Languages Within Regions

Germany - Language Distribution
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Taking a Look at CulturalGround: Diverse Culture Categories

Entity Category Distribution

India Netherlands

human building

village in India street
Hindu temple house
human settlement painting

railway station church building

temple 1,306 Wikimedia list article
district of India farmhouse
metro station sculpture
film bridge
town building with cornice
building farm
neighborhood Dutch municipal coat of arms
church building village
road architectural structure
river neck gable building

0 2K 5K 8K 10K 15 K 15K 18K 0 2k ak 6k 8K 10K 15 K

Entity Count Entity Count

Entities in CulturalGround are of wide range of cultural domains and regional specific
domains sometimes: people, church, farm house, district of, temple, etc...



Taking a Look at CulturalGround: Diverse Culture Categories

Brazil Japan

human human

municipality of Brazil railway station

Buddhist temple

photograph
building chocho
slide Shinto shrine
negative road
historic site business
painting 896 elementary school in Japan
church building 852 Japanese high school
monument 727 mountain
neighborhood of Brazil 678 lower secondary school in Japan
museum 595 hospital
river 557 interchange
municipality district of Brazil 545 painting
sculpture 522 post office

(') 2.K S’K 8'K l!’)K léK léK lél( 26K ('J S'K 16K léK 2(‘)!( 2;K 3(‘)!(

Entity Count Entity Count

Entities in CulturalGround are of wide range of cultural domains and regional specific
domains sometimes: people, church, farm house, district of, temple, etc...



Taking a Look at CulturalGround: Long-tail Entities Coverage

Distribution of Wikidata Incoming Links per Entity

@l Distribution
= Density Curve
==+ Mean: 15.3
===+ Median: 2.0

15 20 25 30 35
Number of Wikidata Incoming Links

The maijority of entities have very few incoming links in Wikidata. Incoming links are
other entities that link to a given entity.



Taking a Look at CulturalGround: Long-tail Entities Coverage

Distribution of Wikidata Outgoing Links per Entity

[ Distribution
= Density Curve
==+ Mean: 15.8
===+ Median: 13.0

15 20
Number of Wikidata Outgoing Links

Entities have a good number of outgoing links(entity properties). This is great since
these are essentially what we use in data curation.



Taking a Look at CulturalGround: Long-tail Entities Coverage

Distribution of Wikipedia Backlinks per Entity

[ Distribution

backlinks
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Taking a Look at CulturalGround

CulturalGround(Spanish)

Entity Info

Language: Spanish

Entity name: castro

Country: Spain

Wikidata ID: Q5050823

Question type: Property-level question

Property: P2596 (culture)

Template question: ;Con qué cultura estd asoci-
ada esta entidad?

(Which culture is this entity associated with?)
Template answer: El castro esta asociado a la cul-
tura castrefia, una cultura arqueoldgica ibérica.

(The castro is associated with the Castro cul-
ture, an Iberian archaeological culture.)

Question
(A qué cultura o tradicién arqueolégica se asocia normalmente este tipo de asentamiento?
(What culture built these kinds of settlements?)

Answer

El castro esta asociado a la cultura castrefia, una cultura arqueoldgica propia del noroeste de
Espaiia. Estos asentamientos fortificados son caracteristicos de la época prerromana y reflejan las
formas de vida de las comunidades locales antes de la llegada del Imperio Romano.

(This castro is associated with the Castro culture, an archaeological culture primarily found in
northern Spain. These fortified settlements were often constructed before the Roman period and
represent a significant part of the region’s pre-Roman history.)




Taking a Look at CulturalGround

CulturalGround(French)

Entity Info

* | M Language: French

; Entity name: Marie Déa

Country: France

Wikidata ID: Q3292505

Question type: Property-level question

Property: P1412 (languages spoken / written)
Template question: Quelle(s) langue(s) cette en-
tité parle-t-elle ou écrit-elle 2(Which language(s)
does this entity speak or write)

Template answer: Marie Déa parle ou écrit
francais, langue romane.(Marie Déa speaks or
writes French, a Romance language)

|
Marie Déa

Question
Quelle langue parle ou écrit I’actrice frangaise que vous voyez sur cette photo ? (Which language
does the French actress you see in this photo speak or write?)

Answer
Marie Déa parle et écrit en francais, la langue romane de France. (Marie Déa speaks and writes
French, the Romance language of France.)




Summary

e Multimodal LLMs lacks understanding of cultural
nuances and this is factual cultural data issue

e We introduce CulturalGround, large-scale
cultural/multilingual VQA dataset covering 42
regions, 39 languages

e CulturalPangea, a model trained on subset of
CulturalGround achieves SOTA results on many
cultural benchmarks

e We open-source all project artifacts: dataset at all
stages of the curation and the model.




