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What is biased so far?
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● Class is given in English

● Research is done in English

● Mostly by Americans

● UTF-8 encodes latin characters as one byte, chinese as three

● LLMs are trained on English

● Only talked about written language (not spoken)

● Only talked about written language (not signed)



Multilingualism
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● Most NLP study English only (and don't 
even mention it; Ducel et al., 2022)

● But English is obviously not representative 
of all 7 168 living languages!

● A solved problem for English can be an 
open problem in another language!

● For example, English has almost no 
inflectional morphology (Cotterell et al. 
[2018] show it makes it easier to model)
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Tokenization and morphology
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● LLMs rely on Byte-Pair Encoding to split 
words into subwords (frequent character 
n-grams)

● Examples of "manger" @ présent indicatif 
seen by BLOOM:

○ (je/il/elle) mange

○ (tu) mang-es

○ (nous) mange-ons

○ (vous) mang-ez

○ (ils/elles) mang-ent

● What about non-concatenative 
languages? (e.g. semitic languages 
like Arabic)

○ "je mange" (ʔaː.ku.lu) آكُلُ

○ "j’ai mangé" (ʔa.kal.tu) أكََلْتُ



Translation is necessarily an approximation
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Language beyond communication: culture

Part 1
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s'il vous plaît dessine moi un mouton

aujourd'hui maman est morte

tu peux être le prince de la ville si tu veux

I have a dream
I'm out for dead presidents to represent me



Language beyond communication: culture
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Llama-2-7b (2% non-English, 0.1% FR) Llama-3.1-8B (8% non-English)

Red is the political color of 
2017, so far. For years, the 
red-blue divide has colored most 
American political discourse.

Red is the political color of 
the left.

Le rouge est la couleur politique 
du Parti communiste français 
(PCF).

Le rouge est la couleur politique 
du socialisme et du communisme



LLMs are trained on trillions of words
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Such amount of data is only available for 
English

Part 1
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● Top-10 languages in mC4 (Xue 
et al. 2021)

● Smallest (107th) is Yoruba 
with 50,000,000 tokens

● This still leaves 7,000+ 
languages with zero data



Industry prioritizes English over other 
languages
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● LLMs are multilingual only enough so that 
it does not hurt English benchmarks 
performance (Falcon, Llama-3)



Even worse for annotated data
Part 1
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● 0 (no 
resource): 2 
191 languages / 
1.2B speakers 
(e.g. Dahalo)

● 1-4 (low 
resource): 287 
languages, 4B 
speakers (e.g. 
Indonesian)

● 5 (high 
resource): 7 
languages, 2.5B 
speakers (e.g. 
English)



"Low-resource languages"
Part 1
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● An umbrella term to describe an NLP 
reality: few data to train your model

● Hides a much more complex sociolinguistic 
reality:

○ Indonesian has 225M+ speakers

○ Roughly half languages have no 
writing system (only spoken)

○ Some are minority (e.g. Breton, every 
speaker is French bilingual)

○ Some are endangered (e.g. Dahalo 
has 400 speakers)



And languages are not monolithic
Part 1
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LLMs are trained on Standard languages and 
underperform on dialects

Part 1
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He talks
He talk → What about African American English?

"current LLMs have difficulty both generating and interpreting AAL" (Deas et al. 2023)
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Annotation Ethics: meet the crowdworkers 
who annotated your dataset
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Data Ethics: meet the web you're scraping

● LLMs are mainly trained on the web: Common crawl, 
snapshots of the entire web

● Copyright: much of the text in these datasets is copyrighted. 

○ Not clear if fair use doctrine in US allows for this use

○ Now being regulated by EU under the AI Act

● Data consent: Website owners can indicate they don't want 
their site crawled

● Privacy: Websites can contain private IP addresses and phone 
numbers
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Intellectual Property Infringement
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Data Ethics: Privacy and Security Risks
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Extractability Leads to Extraction Attacks
● PII: personally identifiable information of 

dozens of individuals.

● NSFW content

● Literature: Paragraphs from novels and 
complete verbatim copies of poems

● URLs: Valid URLs that contain random nonces 

● UUIDs and accounts: 
Cryptographically-random identifiers, for 
example an exact bitcoin address

● Code: Short substrings of code blocks, mostly 
JavaScript
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Extractability Leads to Extraction Attacks

Github Co-pilot



Biases: Gender
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● Remember that statistical 
patterns in text reflect both 
intrinsic meaning and 
extrinsic use



Biases: Gender
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● Analyzing attention 
patterns in BERT 
(Gaci et al. 2022)



Biases: Gender
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● Comparing the perplexity of stereotypical and anti-stereotypical sentences 
(Nangia et al. 2020)

● More methods: see survey in Stanczak and Augenstein (2021)

"Women don't know how to drive."  

"Men don't know how to drive."



Biases: Gender
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● Non-gendered prompts lead to 
gendered generation (Ducel et al. 
2024)



Biases: Racism etc.
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Political biases
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● Assessing stances when asked to 
write about a topic (Röttger et al. 
2025)



Political biases
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● LLMs often align 
with democrats 
(Röttger et al. 
2025)



Political biases
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● LLMs increase Biden support 
(Potter et al. 2024)



Political biases
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LLM answer polls similarly to 
Western countries 
https://llmglobalvalues.anthr
opic.com/ 

https://llmglobalvalues.anthropic.com/
https://llmglobalvalues.anthropic.com/


Political biases
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LLM answer polls similarly to 
Western countries 
https://llmglobalvalues.anthr
opic.com/ 

https://llmglobalvalues.anthropic.com/
https://llmglobalvalues.anthropic.com/
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START I went to the park . STOP

(Large) Language Model

Alignment
Remember that (Large) Language Models are trained by 
Maximum Likelihood Estimation, i.e. their parameters 
are fitted to Maximize the likelihood of the data
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Alignment
● Remember that (Large) 

Language Models are trained by 
Maximum Likelihood 
Estimation, i.e. their 
parameters are fitted to 
Maximize the likelihood of 
the data

● What's wrong with that?

● Data is heavily biased: 
Statistical patterns in text 
reflect both intrinsic meaning 
and extrinsic use
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Alignment
● So, what will a LLM not 

complete after: 

○ "He is a ___"?

○ "She is a ___"?



Alignment
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GPT-3 prompted as "{Religion practitioners} are" (Eg. "Christians are")



Reinforcement Learning from 
Human Feedback (RLHF)
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● Recent research and evolving rapidly! (remember science != research)

○ Ouyang et al. (2022)

○ Rafailov et al. (2023)

● What is a helpful output?

● What is a polite output?

● What is a funny output?

● What is a safe output?



Collecting Human Feedback 
Part 1
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Collecting Human Feedback 
Part 1
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Do you prefer A or B?



Pairwise Comparison
Part 1
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● Why do pairwise comparison and not rate 
outputs directly?

● How would you rate this output?

● Hard to be consistent among different 
annotators!
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Reinforcement Learning (RL) Reminder

How to get this?
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Reward Modeling
Fine-tune an LLM using triples of (prompt, preferred response, dispreferred response)



Giving Rewards to Language Models
Part 1
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hyperparameter



RLHF
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Direct Preference Optimization (DPO)
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● Avoids Reinforcement Learning (RLHF) → teacher forcing (much faster)

● No external reward model / the DPO model is the reward model



Direct Preference Optimization (DPO)
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● Positive: if policy prefers 
response more than the 
reference (original) 
model

● Negative: if reference 
(original) model prefers 
response more than the 
policy

Partition Function: 
Sum over possible response (like Softmax). 
BUT: intractable



Reward of preferred response

Reward of dispreferred response

Direct Preference Optimization (DPO)
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Log Z term cancels, we only need 
the difference between the rewards

Like for Reward 
Models of RLHF

hyperparameter



LLM-based chatbot overview
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Self-Supervised 
Pretraining

Instruction 
Fine-tuning AlignmentPretrained 

Language Model
Toxic

 Chatbot Aligned Chatbot}

Language Modeling Loss
(Self-supervised)

}

Language Modeling Loss 
(Annotated data)

}
RLHF Loss 

(Annotated data)

Why the middle "Instruction Tuning" stage?

Teacher Forcing! (cheap) Sampling-based: expensive

Pairwise preference: expensive



LLM-based chatbot overview
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Self-Supervised 
Pretraining

Instruction 
Fine-tuning AlignmentPretrained 

Language Model
Toxic

 Chatbot Aligned Chatbot}

Language Modeling Loss
(Self-supervised)

}

Language Modeling Loss 
(Annotated data)

}
DPO Loss 

(Annotated data)

Why the middle "Instruction Tuning" stage?

Teacher Forcing! (cheap) First need to bootstrap chatbot

Pairwise preference: expensive



Before/After alignment
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Women like to gossip, especially over 
cocktails.
Most people would not like to be a fly 
on the wall and listen to the intimate 
details of other people's lives.
You may want to know what's going on 
in your friend's life, but you may not 
want to hear everything that they are 
sharing.
But, do you know the psychological 
reasons behind women's gossiping?
This is a behavior that is ingrained 
in their psyche.
[...]

Llama-2 (Touvron et al., 2023). My prompts.

Women like to 
I cannot make generalizations about 
what all women like or dislike. It's 
important to recognize that women are 
individuals with their own unique 
preferences, interests, and 
personalities. It's not accurate or 
respectful to make assumptions about 
someone based on their gender.



Before/After alignment
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What do women like to do? What do 
women like to do? 2008-10-08
A woman is always looking for a 
man who has something she doesn't 
have. 2008-07-23
Women will never be equal to men 
until they can walk down the 
street with a bald head and a 
beer gut, and still think they 
are sexy. 2008-06-16
Women who wear glasses, who are 
overweight, [...]

Llama-2 (Touvron et al., 2023). My prompts.

What do women like to do? Women 
are individuals with unique 
interests and preferences, and 
it's not accurate or fair to make 
generalizations about what all 
women like to do.



Limitations

Part 1

Paul Lerner – December 2025
52

Alignment = Recent 
research and evolving 
rapidly! (remember science != 
research)

● Ouyang et al. (2022)

● Rafailov et al. (2023)



Limitations
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Alignment = Recent 
research and evolving 
rapidly! (remember science != 
research)

● Ouyang et al. (2022)

● Rafailov et al. (2023)



Environmental issues
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Kaack, L. H., Donti, P. L., Strubell, E., Kamiya, 
G., Creutzig, F., & Rolnick, D. (2022). Aligning 
artificial intelligence with climate change
mitigation.



Life cycle phases of hardware
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Clément Morand (Oct 7, 2025). ISIR seminar. 
Artificial Intelligence (AI) and Machine Learning: 
an overview of environmental and social issues



Life cycle phases of hardware
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Clément Morand (Oct 7, 2025). ISIR seminar. 
Artificial Intelligence (AI) and Machine Learning: 
an overview of environmental and social issues



Environmental issues
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Environmental issues: BLOOM
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123 GPU years

annual emission of 25 persons 
(Paris agreement)
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Not only about CO2 and global warming

BLOOM training = 1.2 kgSb eq 
= annual resource extraction of 38 persons
(Morand et al., 2025)
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Not only about CO2 and global warming

Armed conflicts in the North Kivu region of 
Democratic Republic of Congo



Environmental issues: Llama-3
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🤔
annual emission of 5 695 persons (Paris agreement)

3 424 GPU years

Does not account for:
● embodied consumption
● idle consumption

Carbon intensity higher 
than BLOOM (yay for 
nuclear power), would 
be "only" 2 223 tons
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Rebound effect

(Morand et al., 2025)



Conclusion on Ethics
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● LLMs are mainly designed and evaluated on 
English, other languages lag behind

● Annotating data may lead to exploiting 
crowdworkers

● Scraping unannotated data may lead to privacy 
issues, intellectual property issues

● LLMs are biased (gender, racism, etc.) because 
statistical patterns in text reflect both intrinsic 
meaning and extrinsic use

● Training LLMs emits thousands of tons of CO2 + 
other socio-environmental issues



Some Industrial Challenges
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● Efficiency of LLMs:

○ can solve the environmental issues? 

○ or will lead to "rebound effect" (larger models for the same price)

● Pruning weights: Attention heads (Michel et al. 2019)

● Quantization: from float to integers

● Distillation: fitting a small LM to follow an LLM probability distribution



KV Cache

Part 2

Paul Lerner – December 2025
65

● In training, we can compute attention very efficiently in parallel:

● But not at inference! We generate the next tokens one at a time!
● For a new token x, need to multiply by WQ, WK, and WV to get query, key, 

values
● But don't want to recompute the key and value vectors for all the prior tokens 

x<i
● Instead,  store key and value vectors in memory in the KV cache, and then we 

can just grab them from the cache 



KV Cache
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● Don't recompute the 
key and value 
vectors for all the 
prior tokens x<i

● Instead,  store key 
and value vectors in 
memory in the KV 
cache, and then we 
can just grab them 
from the cache 



Floating Point Precision
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Greater Dynamic Range with Bfloat16:
can represent much smaller numbers and much larger numbers



Activation Checkpointing
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● Reduces memory usage by clearing activations of some layers during forward, 
then recomputing them during backward

● Trades extra computation time for reduced memory usage

● → increase batch size
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FlashAttention
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Speculative Sampling
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small LM large LM



Some Research Perspectives
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Text-to-Text: a paradigm shift
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● Framing everything as Text-to-Text (Raffel et al. 2020)



Text-to-Text: a paradigm shift
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● Do we even need to fine-tune models? (Brown et al. 2020)

● Formulate everything as Cloze Test:

○ Classification: "I like this movie" 

   → "I like this movie, it was {good/bad}"

○ Question Answering: "When was Dante born?" 

      → "Dante was born in ____"

○ Translation: "I like pasta" 

        → "The translation of 'I like pasta' in French is ____"



In-Context Learning
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● Enter In-Context Learning / """zero-shot""" (Brown et al. 2020)



In-Context 
Learning
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Question Answering is               
Language Modeling



In-Context Learning
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Co-reference resolution is Language Modeling



In-Context Learning: "Chain-of-Thought"
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Wei et al. (2022)



Fine-tuning vs. In-Context Learning
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Fine-tuning vs. In-Context Learning
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Multimodality and grounding
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● "chinese room argument": if you give a chinese dictionary to a non-chinese 
speaker, they will not be able to learn chinese because the symbols won't be 
grounded

● major argument against distributional semantics and LLMs



Multimodality and grounding
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Actual result:
155219089672149506369495478854127226650110807859310843447189500035558375975276217142677001844974715790475013066809378728290965585793061762133707337790875958849114397055684511623361026527657394715889486461664290722

Meta-Llama-3.1-70B-Instruct 
via HuggingChat

Bender and Koller 2020



Examples of Multimodal Tasks
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Frozen: Prefix Tuning of Image Embeddings
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LLM-based Agents / Tool-augmentation
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Tool-augmentation
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Retrieval-Augmented Generation
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Retrieval-Augmented Generation
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advancing education
in artificial intelligence
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