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Why should we care?

Enable communication and information access across languages and locales

Everyone in the world does not speak En-US

Financial incentives

Preventing sociotechnical harms
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Similarity in writing from participants 
in US and India with and without AI 

Example: Homogenization
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Example: Poor User Experience

Increased effort in interacting with 
technology

Alienation and feeling of being 
excluded from the technology

Cognitive and emotional responses, 
such as impact of their self-esteem 
around their language
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What this Lecture will NOT Cover:

Specific algorithms or architectures for building across language and locales

A one-size-fits-all recipe for training and evaluating LLMs in multilingual and 
multicultural settings
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Learning Objectives

Question the decisions throughout the development process in order to 
understand how different decisions might impact users from diverse backgrounds

An understanding of potential issues that you may encounter during the process

A non-exhaustive set of tools and techniques that are available as options when 
designing for multilingual and multicultural audiences

Being able to make appropriate choices that are contextual to the use and users
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Pre-training Data Curation

Web data is … a LOT … and very messy

It needs to be filtered, tagged, and processed in order to train models

Further reading:

● Dolma: an Open Corpus of Three Trillion Tokens for Language Model 
Pretraining Research [7]

https://aclanthology.org/2024.acl-long.840/
https://aclanthology.org/2024.acl-long.840/
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Pre-training Data Curation: Data Filtering

Removing “low” quality data from web crawl, and keeping high quality data

Removing toxic data to prevent models from learning harmful behaviours

But

● What counts as “high” quality?
● What counts as “toxic”?
● …

Filtering involves normative decisions about what data should be in the LM

What and Who might be filtered out?
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Method: Replicate OpenAI’s 
quality filter from report and 
use it to test the scores 
given to text from school 
newspapers across the US
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Quality filtering has disparate impacts on language from different communities

Articles from newspapers in 
schools in educated, urban, 
and wealthy areas of the U.S 
tend to be scored higher by the 
GPT-3 quality filter
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Impacts of Quality Filtering

Quality filtering has disparate impacts on language from different communities

Echoed across other processes, for e.g., detoxification [5] or post-training [6]
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Pre-training Data Curation: Data Filtering

Removing “low” quality data from web crawl, and keeping high quality data

Removing toxic data to prevent models from learning harmful behaviours

But

● What counts as “high” quality?
● What counts as “toxic”?
● …

Filtering involves normative decisions about what data should be in the LM

Quality filtering can have disparate impacts on language from diverse 
sociocultural backgrounds
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Pre-training Data Curation: Quality of Multilingual Corpora

For building multilingual corpora, we need to tag web crawl with languages

Language identification

Text classification task: given sequence of text, predict the language label

Other heuristics: meta-data from websites

Tagging multilingual corpora can be imperfect and have impact on model 
performance



Question

Statement: We should not perform any data curation.

1 - Strongly Disagree

2 - Disagree

3 - Neither Agree nor Disagree (Neutral)

4 - Agree

5 - Strongly Agree



Pre-training Data Curation: Summary

Data curation decisions encode normative values and involve trade-offs

● Filtering may disparately impact language from some sociocultural 
backgrounds

● Tagging multilingual corpora can be imperfect and have impact on model 
performance
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Tokenization

Segmentation of text into smaller units

For example:

My name is Shaily

Tokenize using white-space

[“My”, “name”, “is”, “Shaily”]

Usually more complex than splitting on white-space



Tokenization – Activity

https://tinyurl.com/token-ex

https://tinyurl.com/token-ex


Tokenization – Activity

Try 2-3 sentences that are in:

(a) En-US
(b) Another language / dialect / with words that are culturally-specific to 

you.

 

Record the average number of tokens you get for each sentence

Record the difference between number of tokens and number of “words” 
for each sentence



Question

Imagine you are designing a commercial application where you expect users will:

(a) interact in languages and dialects beyond En-US

What are implications of current tokenization behaviour for your application?
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Disparate Impacts of Tokenization

Words from beyond EN-US are tokenized more.

BBPE tokenizer trained on parallel text from 30 language 
scripts with varying vocabulary sizes from Ahia et al. 2023 [12] 

Token fertility for a variety of Indian Languages calculated 
using Open AI’s BPE from Singh et al. 2024  [13]



Disparate Impacts of Tokenization

Words from beyond EN-US are tokenized more.

Higher cost of using language models, when paying-per-token

Average cost relative to En when running evaluation using a 
specific dataset (XLSum) from Ahia et al 2023 [12]. 
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Disparate Impacts of Tokenization

Words from beyond EN-US are tokenized more.

Higher cost of using language models, when paying-per-token

Lower performance because of limiting context sizes

Latency due to generating more number of tokens
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Question

Imagine you are designing a commercial application where you expect users will:

(a) Interact in languages and dialects beyond En-US
(b) Pay based on usage

What are some alternative billing schemas to consider? 



Tokenization: Summary

Words in non En-US are often tokenized more

Tokenization can result in disparate amount of:

● Tokens across languages and locales
● Resulting in disparate costs, latency or performance



“Steps” of the Pipeline

Pre-processing

Pre-training

Post-training

Evaluation

Interfaces



“Steps” of the Pipeline

Pre-processing

Pre-training

Post-training

Evaluation

Interfaces



Multilingual Multicultural Language Models

● The potpourri



Multilingual Multicultural Language Models

● A single model that is trained with all languages together



Multilingual Multicultural Language Models

● A single model that is trained with all languages together
● The buffet



Multilingual Multicultural Language Models

● A single model that is trained with all languages together
● Multiple different models



● A single model that is trained with all languages together
● Multiple different models. One model for each

○ Language

Many more….

Multilingual Multicultural Language Models



Others….

Multilingual Multicultural Language Models

● A single model that is trained with all languages together
● Multiple different models. One model for each

○ Language
○ Language families
○ Specific locales
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Question

If you were designing a personal-assistant chatbot, which type model would be 
best?

Options:

(1) Single model for all languages and locales
(2) Language/local specific model developed from scratch 
(3) Language/local specific model developed by adapting existing model
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Question

If you were designing a agent to assist in income tax filing, which type model 
would be best?

Options:

(1) Single model for all languages and locales
(2) Language/local specific model developed from scratch 
(3) Language/local specific model developed by adapting existing model



Question

Why were your answers same or different across these applications?



Multilingual Multicultural Language Models: Summary

Large variety of options to choose from, for example:

● Single model across languages and locales
● Specific models for languages or locales

○ May be adapted from scratch
○ May be adapted through continued training, post-training, etc.

Choices have pros and cons: making context specific decisions is important
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What counts as “safe” or “aligned”? Who decides?

● Model developers
● Law and regulations
● Domain experts
● Users

○ + other Impacted stakeholders
● …?
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Post-Training

What counts as “safe” or “aligned”? Who decides?

● Annotators’ judgements of alignment, safety, toxicity, harms is impacted by 
their sociocultural background

● Sensitive topics vary across sociocultural contexts, a safety risk in one culture 
may present very differently in another culture or be inconsequential

● Demographic groups that are marginalised may vary 
● Safety performance of models may vary across language and locales
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Crowdworkers may annotate toxic language differently based on their 
sociocultural backgrounds

Key findings from annotator attitudes from [14]
(slide credit: 11430/830 by Maarten Sap)



Disagreement in Annotators

Crowdworkers may annotate toxic language, safety differently based on their 
sociocultural backgrounds



Disagreement in Annotators

Crowdworkers may annotate toxic language, safety differently based on their 
sociocultural backgrounds

Conversations rated as safe vs unsafe by diverse raters [15]



Disagreement in Annotators

Crowdworkers may annotate toxic language, safety differently based on their 
sociocultural backgrounds



Disagreement in Annotators

Crowdworkers may annotate toxic language, safety, social stereotypes differently 
based on their sociocultural backgrounds



Disagreement in Annotators

Crowdworkers may annotate toxic language, safety, social stereotypes differently 
based on their sociocultural backgrounds

Stereotypes for cultural groups marked by raters that are in-group and out-group [16]



Disagreement in Annotators

Crowdworkers may annotate toxic language, safety, social stereotypes differently 
based on their sociocultural backgrounds

Participants may find different models or responses more aligned [17]



Disagreement in Annotators

Crowdworkers may annotate toxic language, safety, social stereotypes differently 
based on their sociocultural backgrounds

Participants may find different models or responses more aligned [17]

- People may initiate conversations on different topics
- Model ranks of “alignment” change based on participant group
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Disagreement in Annotators

Crowdworkers may annotate toxic language, safety, social stereotypes differently 
based on their sociocultural backgrounds

Participants may find different models / responses aligned with them

Aggregated labels might better align with certain groups 

Correlation between scores in Ruddit (an existing dataset) and annotators from diverse racial backgrounds [18]
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Variation in sensitivity across cultures

Similar concepts may have different sensitivity across cultures

Example of gestures that have different meanings in different cultural contexts from [19]
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Safety Performance Disparities

Model’s capability to recognize unsafe content may vary across locales

Performance difference in identifying offensive gestures from US v non-US context from [19]
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Safety Performance Disparities

Model’s capability to recognize unsafe content may vary across locales

Jailbreaking in multilingual settings is easier

Frequency of harmful responses 
across languages [20]

Translated malicious prompts elicit harmful responses [20]



Post-training: Summary

“Safe” and “aligned” are socioculturally situated

● Annotators may have differing perspectives based on their sociocultural 
backgrounds

● “Majority vote” or aggregation of labels may align better with some groups
● Sensitivity of topics itself may vary across cultural contexts
● Current models have disparate performance in exhibiting safe or unsafe 

behaviours across locales and languages 
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Other examples: XTREME, X-GLUE,...
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● Translating english datasets
○ Machine translated 
○ Human translated
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Wide variety of benchmarks to test model performance across languages

● Benchmarks spanning multiple languages
● Benchmarks for specific locales and languages

Datasets may be created by

● Translating english datasets
● Collecting from Scratch



Multilingual Evaluation + the “Cultural” Turn

Wide variety of benchmarks to test model performance across languages

● Benchmarks spanning multiple languages
● Benchmarks for specific locales and languages

Datasets may be created by translation or from scratch

Recently: emphasis on cultural specificity of evaluation data



Multilingual Evaluation + the “Cultural” Turn

Wide variety of benchmarks to test model performance across languages

● Benchmarks spanning multiple languages
● Benchmarks for specific locales and languages

Datasets may be created by translation or from scratch

Recently: emphasis on cultural specificity of evaluation data
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Evaluation of Cultural Competence

In both English and other languages



Evaluation of Cultural Competence

Cultural competence is the ability to effectively communicate with a socioculturally 
different audiences.
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Facets of Cultural Competence

For LLMs

● Awareness
● Knowledge
● Skills - Use of the Knowledge
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Knowledge-based 
Evaluation

Focused on recall

Evaluating Cultural Competence

Artifacts
Clothing, food, music, etc

Values
Hofstede’s cultural dimension,

World Values Survey

Knowledge / 
Commonsense
Figurative language etc

Social Norms
Acceptable behaviour in social 

settings
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User-facing task setups
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Knowledge-based 
Evaluation

Focused on recall

Generative Evaluation
User-facing task setups

Evaluating Cultural Competence

Homogeneity Cultural relevanceMisrepresentations
Disparities in 
performance
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Percentage of samples in MMLU dataset that require cultural, dialectal, or regional knowledge [14]
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Multilingual Multicultural Evaluation: Other Challenges

Models may respond differently depending on language or cultural cues in prompt

“Universal” benchmarks may not be so universal [23]

● Questions that assume a specific cultural context (usually En-US)
● Answers in other locales or languages may vary
● Rankings of models may change when cultural nuances are accounted for
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Models may respond differently depending on language or cultural cues in prompt

“Universal” benchmarks may not be so universal

Knowledge-centric (intrinsic) and generative evaluation (extrinsic) may not 
correlate

● Similarity in text generated across cultures, and the similarity in values of 
those cultures don’t correlate [24]

● Models may make misrepresentations in generations despite having the 
required cultural knowledge to prevent it [25]

Multilingual Multicultural Evaluation: Other Challenges
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Models may respond differently depending on language or cultural cues in prompt

“Universal” benchmarks may not be so universal
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Human evaluation has its challenges

● Balance across relevant demographic axes
● Disparate sample of population has access to internet and crowdsourcing 

platforms
● Language and cultural barriers in training annotators
● Judgements about culture can be very subjective
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“Universal” benchmarks may not be so universal

Knowledge-centric (intrinsic) and generative evaluation (extrinsic) may not 
correlate

Human evaluation has its challenges, is expensive and can be difficult to scale

Participatory evaluation and evaluation in collaboration with experts in humanities 
can help bring nuance, but maybe expensive and difficult to scale

Culture and languages are not static, they are continuously evolving

Multilingual Multicultural Evaluation: Other Challenges
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Multilingual Multicultural Evaluation: Summary

Similar to multilingual multicultural models, there are many options to choose from 
when selecting existing datasets or creating new datasets for evaluation

Existing datasets of multilingual capabilities and cultural competence may not be 
reflective of performance in your application context
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Interfaces

Raise your hand if:

You speak more than one language?

You can write more than one language?

You can type a language other than English on a digital device (romanized)?

You can type a language other than English on a digital device in the actual script 
of the language? 
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Limitations of Current Interfaces

Most common LLM interfaces are chat-based

More detailed written prompts often yield the best outputs

But many languages are not written

Population of users may not be comfortable writing / not know how to write

+ writing long-form english
+ writing long-form any language on their digital devices



Interfaces: food for thought

What could alternative interfaces look like?
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Conclusion

Decisions throughout the LM development process involve various decisions, that 
implicitly encode normative values and involve trade-offs

Sociocultural background mediates human judgement, such as “what is high 
quality” or “what is an acceptable answer” throughout collection of data for 
evaluation and training

It is important to unpack and question the assumptions throughout the 
development pipeline in order to prevent disparate impacts and recognise other 
potential issues when building applications for users beyond En-US

There are no right answers, no one-size-fits-all recipe, decisions must be made 
contextual to the context of use and users



Thank you!


