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Abstract

While large language models (LLMs) have sub-
stantially expanded support for non-English
languages, their ability to generalize across
typologically diverse languages and produce
contextually appropriate, culturally grounded
responses remains a significant challenge. This
tutorial examines the rapidly evolving area
of understanding, evaluating, and improving
the multilingual capabilities and multicultural
alignment of LLMs. We will primarily focus
on cutting-edge advances and latest publica-
tions from 2025–2026, while incorporating se-
lected introductory material to provide nec-
essary background and to ensure accessibility
for a broad audience. Participants will gain an
up-to-date view of both methods and practical
insights, including multilingual pre-, mid- and
post-training, multilingual-specific optimiza-
tion techniques, culturally aware evaluation,
and key open problems in developing more fair,
inclusive, and robust LLMs.

1 Background and Motivation

Increasingly, open-weight LLMs are expanding be-
yond English to support a broader range of lan-
guages, following the lead of proprietary models.
Early examples include BLOOM (Scao et al., 2022)
and Aya (Üstün et al., 2024). More recent models,
such as Gemma (Gemma, 2025) and Qwen (Yang
et al., 2025a), have made substantial progress in
narrowing performance gaps between English and
other languages. This marks a notable change from
just a few years ago, when non-English languages
consistently lagged due to the “curse of multilin-
guality” (Chang et al., 2024; Conneau et al., 2020).

These developments also reflect an important
shift: rather than treating non-English languages as
an afterthought, recent LLM research directly aims
to achieve more equitable performance across a
broad range of languages. More encouragingly, the
past two years have seen a surge of work exploring

Figure 1: Rapid growth in publications on cultural as-
pects of LLMs from 2020 to 2025 (2026 ongoing).

the cultural dimensions of LLMs (see Figure 1),
alongside a growing body of culturally grounded
datasets spanning diverse languages and commu-
nities. Yet these advances have not fully trans-
lated into consistent, reliable performance across
linguistic and cultural settings (Shani et al., 2026).
We hope this tutorial will inspire more creative
approaches and broader efforts toward truly multi-
lingual, culturally grounded LLMs.

2 Description of the Tutorial

In this tutorial, we will discuss five central aspects
of building multilingual LLMs that aim to be not
only linguistically capable but also culturally in-
formed and inclusive:

For LLM pre-training, recent research (Blevins
et al., 2024) has started to train cross-lingual
Mixture-of-Experts (MoE) model with language-
specific routings (Pfeiffer et al., 2022) that gen-
eralize to unseen languages with reduced GPU
computing requirements. Other research looked
into tokenization (Arnett et al., 2026; Vieira et al.,
2025; Abagyan et al., 2025; Liu et al., 2025a; Lim-
isiewicz et al., 2024; Foroutan et al., 2025), scaling
laws (Chen et al., 2025b), continued pre-training
(Saito et al., 2024), how LLMs handle multilin-
gualism internally (Zhao et al., 2024; Wendler
et al., 2024), implications in using multilingual pre-
training data mixture (Langlais et al., 2026; Xie



Dataset Topics Manually- Human Multi Lang FormatCurated Preferences modal uages

FORK (Palta and Rudinger, 2023) food-related customs ✓ ✗ ✗ en multi-choice QA
CulturalBench (Chiu et al., 2025) daily life, social etiquette, wider society ✗ ✗ ✗ en multi-choice QA
CANDLE (Nguyen et al., 2023) geography, religion, occupation, food, clothing, etc. ✗ ✗ ✗ en sentence, entity
CultureBank ((Shi et al., 2024)) social norms, food, communication, festivals, etc. ✗ ✗ ✗ en free-text QA, descriptions
PRISM (Kirk et al., 2024)∗ work, religion, family, politics, culture, value, etc. ✓ ✓ ✗ en multi-turn conversations
GeoMLAMA (Yin et al., 2022) cultural commonsense ✓ ✗ ✗ 5 masked prompt
BLEnD (Myung et al., 2024) food, sports, family, education, holidays, work-life ✓ ✗ ✗ 13 multi-choice & short-answer QA
Include (Romanou et al., 2025)∗ exams from schools, occupational licenses, etc. ✓ ✗ ✗ 44 multi-choice QA
CAMeL (Naous and Xu, 2025) beverage, clothing, food, location, religion, sports, etc. ✓ ✗ ✗ ar, en masked prompt / entity
Camellia (Naous et al., 2025) literature, beverage, food, location, names, sports, etc. ✓ ✗ ✗ 10 masked prompt / entity
SHADES (Mitchell et al., 2025) culture-specific stereotypes ✓ ✗ ✗ 16 paragraph
JMMMU (Onohara et al., 2025)∗ art, heritage, history, business, science, medicine, etc. ✓ ✗ ✗ ja multi-choice QA
Aya (Singh et al., 2024)∗ news, stories, recipes, scientific texts, etc. ✓ ✗ ✗ 65 free-text QA
NativQA (Hasan et al., 2025) animals, business, clothing, education, events, food, etc. ✓ ✗ ✗ 7 free-text QA
CaLMQA (Arora et al., 2025) governance, literature, food, economy, customs, health, etc. ✓ ✗ ✗ 23 free-text QA
M-RewardBench (Gureja et al., 2025)∗ general-purpose instructions, queries, safety tests ✓ ✗ 23 free-text QA
HelpSteer3-M (Wang et al., 2025b)∗ instruction, literacy, factoid, sports, opinions, etc. ✓ ✓ ✗ 13 free-text QA
CARE (Guo et al., 2025) cultural entities, opinion, norms, commonsense, literacy ✓ ✓ ✗ ar, ja, zh free text QA
CVQA (Mogrovejo et al., 2024) vehicles, people, sports, plants, animals, brands, etc. ✓ ✗ ✓ 31 multi-choice QA
ALM-bench (Vayani et al., 2025) traditional festivals, foods, rituals, landmarks, etc. ✗ ✓ 100 multi-choice & free-text QA
CulturalVQA (Nayak et al., 2024) food, drink, clothing, rituals, traditions, etc. ✓ ✗ ✓ en short-answer QA
CII-Bench (Zhang et al., 2025a) life, art, society, politics, environment, traditional culture ✓ ✗ ✓ zh multi-choice QA
Afri-MCQA (Tonja et al., 2026) public figures, food, sports, traditions, brands, etc. ✓ ✗ ✓ 15 multi-choice & free-text QA
C3B (Song et al., 2026) cultural comic concepts ✗ ✓ 5 free-text QA

Table 1: A representative subset of existing datasets for studying cultural awareness and regional localization
in LLMs. Most of these datasets contain only 100–1,500 examples per language, underscoring the difficulty of
collecting culture-specific data. In contrast, larger datasets often mix culture-agnostic (∗) and culture-specific
content or are generated through automatic translation followed by human verification ( ).

et al., 2025) or translated pre-training data (Wang
et al., 2025a). There has also been renewed interest
in encoder-based architectures, highlighted by mm-
BERT (Marone et al., 2025), which adopts a 3-stage
pre-training pipeline supporting more than 1,000
languages. These efforts reflect steady progress on
improving multilingual embeddings (Wang et al.,
2024; Lee et al., 2025) and scaling language cover-
age across increasingly diverse linguistic settings.
Beyond briefly surveying these developments, we
plan to discuss in depth three state-of-the-art works
focused on pre-training data, methods for multilin-
gual mid-training or continual pre-training (Fujii
et al., 2024; Yoo et al., 2026; Dorkin et al., 2026),
tokenization, and multilingual embeddings, with
the latter two also carrying important implications
for mid- and post-training.

For LLM post-training, one of the most com-
mon and scalable approaches is to translate En-
glish datasets into other languages (Dang et al.,
2024; Peter et al., 2025; Gureja et al., 2025; Le
et al., 2024; Parekh et al., 2024; Liu et al., 2025b).
However, this often introduces “translationese” (Li
et al., 2025a)1 and provides limited coverage of
regional knowledge and cultural diversity. Other
work constructs multilingual preference data by na-
tive speakers (Guo et al., 2025; Wang et al., 2025c;
Zhang et al., 2026). In this tutorial, we will focus

1Translationese refers to linguistic patterns and artifacts
that distinguish translated text from naturally written text in
the target language, and can arise in both human and machine
translations (Wein and Schneider, 2024; Graham et al., 2020).

on methods that introduce cross-lingual chains of
thought at inference time (Son et al., 2026; Weihua
et al., 2025; Li et al., 2025b) and multilingual train-
ing algorithms that better leverage cross-lingual
supervision and reasoning (She et al., 2024; Yang
et al., 2025b; Zhao et al., 2025; Hwang et al., 2025;
Zhang et al., 2025b; Guo et al., 2026). One caveat
is that many of these approaches still assume that
high-resource languages, particularly English, pro-
duce higher-quality generations. We will discuss
why this assumption does not always hold, as dif-
ferent tasks and domains may favor different lan-
guages (Huang et al., 2024; Guo et al., 2026), along
with potential solutions and future directions.

At the same time, newer benchmarks are be-
ing developed for multicultural and multimodal
evaluation, that ranges from helpfulness (Wang
et al., 2025c), values (Kirk et al., 2024), morality
(Jin et al., 2025), to Western cultural favoritism
(Naous et al., 2024, 2025), and exams (Romanou
et al., 2025) in LLMs. Many of the multicultural
evaluation are often focused on questions on cul-
tural categories such as food, clothing, celebrations
across various countries and languages (Myung
et al., 2024; Mogrovejo et al., 2024). However, they
often tend to equate culture with specific countries,
some make use of translated benchmarks (Vayani
et al., 2025), and many of the questions often do not
require multi-step reasoning (Zheng et al., 2025)
which cause these benchmarks to lose their useful-
ness or “disappear” shortly after release.



Finally, the social and ethical considerations
opens up new challenges in the context of multi-
cultural LLMs. Technologies with relatively mono-
cultural development contexts interacting with in-
creasingly multi-cultural usage contexts with diver-
gent values and interpretive practices gives rise to
cultural incongruencies (Prabhakaran et al., 2022)
that can lead to systemic barriers, value imposi-
tion, safety gaps, violation of cultural norms, and
even cultural erasure. Addressing these issues re-
quires moving beyond multilingual to multicultural
approaches, that account for value pluralism, i.e.,
the existence of diverse and sometimes conflicting
ethical and social values across the globe. This is
especially important in AI safety — what is con-
sidered harmful, offensive, or unsafe is deeply em-
bedded in specific cultural contexts (Aroyo et al.,
2023; Rastogi et al., 2025; Davani et al., 2024).
Another core consideration is more community-
engaged and non-extractive participatory research
(Birhane et al., 2022) as well as a more nuanced
thick evaluation approaches (Qadri et al., 2025)
that provides more deep, qualitative, and contex-
tual understanding over purely quantitative met-
rics. Finally, we must also account for differences
in preferences and perceptions of AI across the
globe; for instance, tendencies towards anthropo-
morphism and the expectations for AI interaction
differ widely (Schimmelpfennig et al., 2025), im-
pacting user trust, adoption, and the technology’s
overall societal benefit.

3 Tutorial Outline

We will build in 10%-15% of time for Q&A in each
part of the tutorial.

A. Introduction (10 min.)
B. Pre-training of Multilingual LLMs (40 min.)

• The “curse of multilinguality” and recent
strategies to mitigate it

• Multilingual pre-training corpora

• Tokenization

• Mulitlingual embeddings

C. Post-training of Multilingual LLMs (50 min.)
• Multilingual human preference learning

• Multilingual reward models for reinforcement
learning

• Multilingual reasoning

• Techniques for improving cultural awareness
and performance on non-English languages

• Cross-lingual training strategies
• The role of translation

D. Building Culturally-aware LLM Bench-
marks (30 min.)

• Multicultural evaluation of LLMs and VLMs
• Scaling multicultural evaluation to diverse re-

gions and languages
• From translated to multicultural benchmarks
• Towards more challenging multilingual bench-

marks

F. Social and Ethical Considerations (30 min.)
• Multilingual ̸= Multicultural
• Value Pluralism and AI
• Evaluating AI safety cultural contexts
• Community-engaged evaluations and data
• The idea of Thick Evaluations
• Preferences, perceptions of AI across the globe

(e.g., Anthropomorphism)

G. Discussions and Future Directions (20 min.)

4 Tutorial Information

Type of the Tutorial. The tutorial is primarily
cutting-edge, focusing on recent research pub-
lished in 2025 and 2026, while also incorporating
selected introductory material to provide necessary
background and ensure accessibility.

Length. This is a 3-hour tutorial.

Venues. EMNLP 2026. All instructors will be able
to attend EMNLP in-person, but not AACL-IJNLP.

Breadth of Research Covered. This tutorial is
intended to cover recent research advances from
both academia and industry. We estimate that 20%
of the work covered in this tutorial will be from the
presenters and the remaining 80% by others.

Target Audience. The tutorial will be accessible
to anyone who has a basic knowledge of natural
language processing. We think the topic will be of
interest to researchers, students, and practitioners
in both academia and industry. We will primarily
target at the CL/NLP community while bridging to
a broader audience from HCI, Linguistics, Social
Science, and other interdisciplinary fields.

Diversity Considerations. The tutorial presen-
ters bring diverse perspectives, representing four
different institutions (two universities and two lead-
ing industry AI labs) and at different career stages.
They also reflect broad geographic and cultural di-
versity, having been born in Asia, America, Europe,



and Africa. David Adelani is a long-time mem-
ber and a Director at the Masakhane,2 a grass-
roots organisation whose mission is to strengthen
and spur NLP research in African languages, for
Africans, by Africans. Wei Xu has coordinated
cross-national research collaborations involving re-
searchers across multiple Asian countries. We will
leverage our networks to further broaden partici-
pation. We will also reach out to academic and
community organizations such as WiNLP,3 LatinX
in AI,4 EOSC-Nordic,5 and Southeast Asian NLP
to encourage engagement from diverse audiences.

Estimated Size of Audience. We anticipate that
the tutorial will attract an audience of at least 100-
150 people, and potentially more. This estimation
is based on many relevant workshops and events
at *ACL/EMNLP conferences, such as AfricaNLP
and Slavic NLP Workshops at ACL 2025, Work-
shop on Cross-Cultural Considerations in NLP
(C3NLP) at NAACL 2025, Bird-of-Feathers events
Southeast Asian NLP Community, Projects, and
Beyond and Multilingualism at ACL 2025.

Open Access. We will build a website for the
tutorial and share all teaching material freely online.
We also agree to allow the publication of slides and
video recordings by ACL.

Technical Equipment. Standard AC setup and
access to the Internet.

5 Ethics Statement

This tutorial aims to advance the fairness, inclu-
sivity, and accessibility of LLMs across diverse
linguistic and cultural contexts (Adilazuarda et al.,
2024; Blevins et al., 2025). We recognize that mul-
tilingual and multicultural AI systems can reflect
and amplify existing societal biases (Li et al., 2024),
cultural stereotypes (Nadeem et al., 2021; An et al.,
2023), and global power imbalances (Ahia et al.,
2023). There are also other works (Chiu et al.,
2024; Kirk et al., 2024; Huang et al., 2025; Choenni
et al., 2024) that explored diverse values and sub-
jective viewpoints (Zhong et al., 2021). We will
highlight relevant research papers that either un-
covered (Tan and Lee, 2025; Naous et al., 2025)
or addressed (Limisiewicz et al., 2024; Guo et al.,
2025) these relevant issues related to these topics
as part of the tutorial.

2https://www.masakhane.io/
3https://www.winlp.org/
4https://www.latinxinai.org/
5https://www.eosc-nordic.eu/

6 Reading list

• The Roots of Performance Disparity in Multilin-
gual Language Models: Intrinsic Modeling Diffi-
culty or Design Choices? (Shani et al., 2026)

• Breaking the Curse of Multilinguality with Cross-
lingual Expert Language Models (Blevins et al.,
2024)

• Explaining and Mitigating Crosslingual Tok-
enizer Inequities (Arnett et al., 2026)

• mmBERT: A Modern Multilingual Encoder with
Annealed Language Learning (Marone et al.,
2025)

• All Languages Matter: Evaluating LMMs on
Culturally Diverse 100 Languages (Vayani et al.,
2025)

• Learning to Route Languages for Multilingual
Policy Optimization (Guo et al., 2026)

• CARE: Multilingual Human Preference Learning
for Cultural Awareness (Guo et al., 2025)

• Chameleon: A Flexible Data-mixing Framework
for Language Model Pretraining and Finetuning
(Xie et al., 2025)

• DialUp! Modeling the Language Continuum
by Adapting Models to Dialects and Dialects to
Models (Bafna et al., 2025)

• Having Beer after Prayer? Measuring Cultural
Bias in Large Language Models (Naous et al.,
2024)

• INCLUDE: Evaluating Multilingual Language
Understanding with Regional Knowledge (Ro-
manou et al., 2025)

• M3-Embedding: Multi-linguality, multi-
functionality, multi-granularity text embeddings
through self-knowledge distillation (Chen et al.,
2025a)

• Parity-Aware Byte-Pair Encoding: Improving
Cross-lingual Fairness in Tokenization (Foroutan
et al., 2025)

• Hire your Anthropologist! Tethinking Culture
Benchmarks through an Anthropological Lens
(AlKhamissi et al., 2026)

• Scaling Cultural Resources for Improving Gener-
ative Models Lens (Stepanyan et al., 2026)

• Challenges and strategies in cross-cultural NLP
(Hershcovich et al., 2022)

• Extrinsic evaluation of cultural competence in
large language models (Bhatt and Diaz, 2024)

• A Unified Framework to Quantify Cultural Intel-
ligence of AI (Dev et al., 2026)

https://www.masakhane.io/
https://www.winlp.org/
https://www.latinxinai.org/
https://www.eosc-nordic.eu/


7 Tutorial Instructors

Wei Xu (https://cocoxu.github.io/) is an
Associate Professor in the College of Computing
and Machine Learning Center at the Georgia
Institute of Technology. Her research interests
include evaluation, robustness, multilingual-
ism, cultural alignment, user simulation, and
reasoning of LLMs. She is a recipient of the
NSF CAREER Award, faculty research awards
from Google, Sony, Crowdflower, and Criteo,
paper awards and honorable mentions at COL-
ING’18, ACL’23, and ACL’24, including the
Best Social Impact Paper Award at ACL 2024,
titled “Having Beer after Prayer? Measuring
Cultural Bias in Large Language Models.” She
is confirmed to serve as a Program Chair for
EMNLP 2027 and has regularly served as a
senior area chair for *ACL conferences. She has
given a tutorial on “Automatic and Human-AI
Interactive Text Generation” at ACL 2024 (https:
//acl2024-text-generation-tutorial.
github.io/).

David Ifeoluwa Adelani (https://dadelani.
github.io/) is an Assistant Professor at the
McGill University School of Computer Science, a
Core Academic Member at Mila - Quebec AI Insti-
tute, a Canada CIFAR AI Chair, and an IVADO Pro-
fessor. His research interests include multilingual
natural language processing and speech process-
ing with a focus on low-resource languages. Some
of his research on AfricaNLP have received Paper
Awards including Best Paper Award (Global Chal-
lenges) at COLING 2022 for AfroXLMR, a multi-
lingual pre-trained language model for African lan-
guages, Area Chair Award at IJCNLP-AACL 2023
for MasakhaNEWS topic classification dataset,
Outstanding Paper Award at NAACL 2025 for
“IrokoBench—an LLM evaluation benchmark on
African languages”, and the Best Theme Paper
Award for “WorldCusines–a multicultural multi-
lingual Visual QA dataset” at NAACL 2025. Previ-
ously, he gave a tutorial on “A Journey Through the

Opportunity of Low Resourced Natural Language
Processing — An African Lens” at NeurIPS 2021
with Dr. Vukosi Marivate ( https://neurips.cc/
virtual/2021/tutorial/21898).

Vinodkumar Prabhakaran (https://research.
google/people/vinodkumarprabhakaran/) is a
Senior Staff Research Scientist at Google Research,
where he co-leads the interdisciplinary Technology,
AI, Society and Culture (TASC) team. His research
focuses on questions at the intersection of AI and
society, with a focus on global and cross-cultural
considerations. Before Google, he was a postdoc
at Stanford University, and obtained his PhD from
Columbia University. His prior research focused on
building scalable ways using language technologies
to identify and address large-scale societal issues
such as racial disparities in policing, workplace in-
civility, and online abuse. He has published over 50
articles in top-tier venues such as the PNAS, ACL,
TACL, NAACL, EMNLP, NeurIPS, and FAccT.

Sara Hooker (https://www.sarahooker.me/)
served as Vice President of Research at Cohere
from 2022 to 2025, where she led Cohere Labs,
a fundamental AI research lab that seeks to solve
complex machine learning problems. Since 2026,
she has been the Co-Founder and CEO of Adap-
tation Labs. Her research interests include model
efficiency and AI accessibility, with a focus on mul-
tilingual, multimodal, model compression, ethical
AI practices and fair LLM evaluation. She is a co-
founder of the Trustworthy ML Initiative, serves on
Kaggle’s ML Advisory Board and the World Eco-
nomic Forum Council on the Future of Artificial
Intelligence, and is a member of the MLC research
group. Sara was also named one of TIME’s 100
Most Influential People in AI in 2024, and named
one of AI’s “Top 13 Innovators” by Fortune in
2023. She received the Best Paper Award at ACL
2024, titled “Aya Model: An Instruction Finetuned
Open-Access Multilingual Language Model”.

Alan Ritter (https://aritter.github.io/) is
an Associate Professor in the College of Comput-
ing at the Georgia Institute of Technology. His
research focuses on natural language processing
and machine learning. He received his Ph.D. in
Computer Science and Engineering from the Uni-
versity of Washington and subsequently completed
a postdoctoral fellowship in the Machine Learning
Department at Carnegie Mellon University. Alan
served as Program Chair for NAACL 2025 and is
the recipient of an NSF CAREER Award, an Ama-

https://cocoxu.github.io/
https://acl2024-text-generation-tutorial.github.io/
https://acl2024-text-generation-tutorial.github.io/
https://acl2024-text-generation-tutorial.github.io/
https://dadelani.github.io/
https://dadelani.github.io/
https://neurips.cc/virtual/2021/tutorial/21898
https://neurips.cc/virtual/2021/tutorial/21898
https://research.google/people/vinodkumarprabhakaran/
https://research.google/people/vinodkumarprabhakaran/
https://www.sarahooker.me/
https://aritter.github.io/


zon Research Award, a Sony Faculty Innovation
Award, and a Google Academic Research Award,
as well as Paper Awards at ACL 2023, 2024, and
2025. His research has been featured in media
outlets including WIRED, TNW, Bloomberg, and
VentureBeat.
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