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Fairness in large language models —

Bloomberg investigation

Testing for name-based 
discrimination by submitting similar 
resumes with different names
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ChatGPT as a recruiter

https://www.bloomberg.com/news/features/2024-10-18/do-ai-detectors-work-students-face-false-cheating-accusations
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“Those with names distinct to Black women were top-ranked for a software engineering 
role only 11% of the time by GPT — 36% less frequently than the best-performing group.”

Testing for name-based 
discrimination by submitting similar 
resumes with different names

ChatGPT as a recruiter
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isHe

Causal LM

isHe

📘Training data 
What a model learns

Tokenizer 
How a model understands text

Attention mechanism 
Each word affects the other words

‘Heads’ of a language model 
How a model predicts the next word

Parts of a language models



Fairness in large language models —

Tokenizing the training data
an example
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No, I am not a giraffe.
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No, I am not a giraffe.

Tokenizing the training data
an example
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Fertility: the cost of poor tokenization
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NL

DE

EN → fertility = 1.09

→ fertility = 1.50

→ fertility = 1.50

RobBERT’s tokenizer → fertility = 1.20
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No, I am not a giraffe.

[2822, 11, 358, 1097, 539, 264, 41389, 38880, 13]

Tokenizing the training data
an example
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314: _I

37370: _gir
21223: affe

No, I am not a giraffe.

[2822, 11, 358, 1097, 539, 264, 41389, 38880, 13]

Tokenizing the training data
an example



Fairness in large language models —

Embeddings capture meaning
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Giraffe
0.9 0.10.10.50.4 0.10.0

Horse
0.8 0.10.20.50.4 0.20.0



Vlaamse (L)LMs — 

Similar embeddings are close
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Similar embeddings are close
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⏺  Horse
⏺  Giraffe

Giraffe

Horse

Sweden

Norway

Queen

King

⏺  Queen
⏺  King

⏺  Norway

⏺  Sweden

⏺  Denmark

⏺  Belgium
⏺  South Africa

⏺  Woman
⏺  Man
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→ WEAT (Caliskan, 2019) 



Vlaamse (L)LMs — 

morpheme boundaries are not respected

23https://pieter.ai/bpe-knockout/

• Tokenization happens eagerly 

• Representations are dependent on tokens


• Problematic for agglutinative or fusional langs.

314: _I

37370: _gir
21223: affe_horses

            hoe



Fairness in large language models —

LLMs use context to learn embeddings
to address polysemy
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LLMs use context to learn embeddings
to address polysemy
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to address polysemy
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LLMs use context to learn embeddings
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Predicting the next token
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It is the tallest living terrestrial animal.

giraffe.

Giraffes live in herds.

IUCN recognises one species of giraffe.



Fairness in large language models —

Predicting the next token
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is aHeHe

It is the tallest living terrestrial animal.

giraffe.

Giraffes live in herds.

IUCN recognises one species of giraffe.

giraffe
doctordoctor

runrun
aa

defends
giraffe
doctordoctor

runrun
aa

defends
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Pretraining is expensive, but worth it
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📘
One book 

40-50k tokens
One bookshelf 
1.6M - 2.5M tokens

One LLM training set 
2.5T - 6T tokens 

~2 500 000 bookshelves
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Pretraining is expensive, but worth it

33https://openai.com/research/scaling-laws-for-neural-language-models 
https://allenai.org/olmo

https://openai.com/research/scaling-laws-for-neural-language-models
https://allenai.org/olmo
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Language modeling

1. Autoregressive language modeling 
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Language modeling

1. Autoregressive language modeling 

35

2. Masked language modeling
is aHe

Masked LM

doctor

<m> aHe doctor

is aHe

Causal LM

doctor

is aHe

is aHe

Causal LM

isHe

RobBERT

https://pieter.ai/robbert/
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Harms of stereotyping
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Representational harms Allocational harms



Fairness in large language models —

Biased representations
Reflecting or reinforcing social biases and stereotypes
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Representational harms Allocational harms



Fairness in large language models —

Bloomberg investigation

“AI-written” essays were often written by 
more vulnerable groups

• Non-native English speakers

• People with autism or similar disorders


41

Detecting AI-written essays

https://www.bloomberg.com/news/features/2024-10-18/do-ai-detectors-work-students-face-false-cheating-accusations



Fairness in large language models —

Bloomberg investigation

“AI-written” essays were often written by 
more vulnerable groups:

• Non-native English speakers

• People with autism or similar disorders


Recourse is difficult: real essay writers 
were not believed and met with suspicion

42

Detecting AI-written essays

https://www.bloomberg.com/news/features/2024-10-18/do-ai-detectors-work-students-face-false-cheating-accusations
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Recourse is difficult
Biases are set in stone by automated decision-support systems
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Biases are set in stone by automated decision-support systems
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Automated decision-making
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Recourse is difficult
Biases are set in stone by automated decision-support systems
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https://verhalen.trouw.nl/toeslagenaffaire/

https://journals.sagepub.com/doi/full/10.1177/13882627211031257 

https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing

Automated decision-making
Dutch SyRI legislation 

and COMPAS in the USA
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Recourse is difficult
Biases are set in stone by automated decision support systems
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✨ Human-in-the-loop ✨ 
Polish public employment service

Automated decision-making
Dutch SyRI legislation 

and COMPAS in the USA
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Biases are set in stone by automated decision-support systems
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✨ Human-in-the-loop ✨ 
Polish public employment service

Automated decision-making

“All changes represented only 0.58% of 
all cases of profiling”

Dutch SyRI legislation 
and COMPAS in the USA



Fairness in large language models —

Recourse is difficult
Biases are set in stone by automated decision-support systems

48Jędrzej, et al. "Profiling the unemployed in Poland: social and political implications of algorithmic decision making." (2015).

“Moreover, the justification required to change a 
profile is then recorded in the computer system 

and might be accessed by other people: 
management of a given [counselor], but also 

possibly the Ministry of Labor and Social Policy”

“All changes represented only 0.58% of 
all cases of profiling”

✨ Human-in-the-loop ✨ 
Polish public employment service

Automated decision-making
Dutch SyRI legislation 

and COMPAS in the USA
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EU AI Act
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Prohibited

Conformity 
Assessment

Transparency 
obligation

Social scoring, mass surveillance, 
emotion recognition at work and in 
education 
Access to employment, education, 
public services, safety in vehicles, 
medical devices, critical 
infrastructure managment
Chatbots 

Key requirements high-risk systems: fundamental rights impact assessment, registration 
in public EU database, risk & quality mgmt. system, data governance, transparency, 
human oversight, accuracy, robustness and cybersecurity



Model errors persist  
and reinforce social biases
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Representational harms Allocational harms
Part 1Part 2



Allocational harms



Fairness in large language models —

Algorithms affect people
e.g. COMPAS

53Angwin et al. (2016)ieter.ai
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Algorithms affect people
e.g. COMPAS

ieter.ai
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There is always a tradeoff between false and true positives
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A binary classifier is never perfect

False positive rate

Tr
ue

 p
os

iti
ve

 ra
te

0
0

1

1

Social group A (often the minority)
Social group B

Separation: error rate parity

✨ randomization ✨
adding randomness increases fairness but adds ‘token’ individuals   



Fairness in large language models —

Classifying Tweets about COVID in Belgium
Different languages have different performances

59https://huggingface.co/DTAI-KULeuven/mbert-corona-tweets-belgium-topics



Fairness in large language models —

So what can we do?

1. Consider the task we try to solve


→Does it make sense?


→Evaluate per sub-group


2. Evaluate extensively: https://fairlearn.org/

60



Representational harms



Model errors persist  
and reinforce social biases



Model errors persist  
and reinforce social biases

So how problematic are LLMs?



Fairness in large language models —

Knowledge from the internet 🗑

- Gender does get encoded in the representations


- But not perfectly and with a lot of noise


e.g. "actrice" (actress) and "huisvrouw" (house wife)

64Delobelle et al. ‘RobBERT’ (2020)



Fairness in large language models —

Knowledge from resumes
Nationality varies between job titles

but “Cleaning ladies aren’t Belgians”?

65

Kamermeisje Software-ingenieur

Congo

Bulgarije

Afghanistan

Syrië

Irak

Japan

Belgisch

Belgische

België

Belg

Non-calibrated posterior probability
0 0,2 0,4

Most probable nationalities

Delobelle et al. ‘ResumeTailor’ (2023)

“Software engineers are Belgian”



Fairness in large language models —

Repeating stereotypes
Multilingual issue for many LLMs

• LLMs happily go along with given stereotypes


• … often even exaggerating the stereotype

66Mitchell, Attanasio, Baldini, Clinciu, Clive, Delobelle et al. 

‘SHADES: Towards a Multilingual Assessment of Stereotypes in Large Language Models’ (2025)
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What is the problem?



Measuring bias in non-contextual word embeddings
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DTAI

Measuring bias in word embeddings

71

Word embeddings association tests 
Caliskan et al. (2017)

Bias subspaces (based on PCA) 
Bolukbasi et al. (2016)



DTAI

Word Embeddings Association Test (WEAT)

Caliskan et al. (2017)

• Measure mean cosine distance between attributes A,B and 
targets X,Y 

• Targets: e.g. man, woman 

• Attributes: e.g. doctor, nurse

72



DTAI

Word Embeddings Association Test (WEAT)

Caliskan et al. (2017)

• Measure mean cosine distance between attributes A,B and 
targets X,Y 

• Targets: e.g. man, woman 

• Attributes: e.g. doctor, nurse 
• Based on the implicit association test

73



Measuring bias in MLMs

74

1. Pretraining step 
e.g. OSCAR, Wikipedia, ... 

He is a doctor
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1. Pretraining step 
e.g. OSCAR, Wikipedia, ... 

He is a doctor

[CLS]

2. Finetuning step
e.g. sentiment analysis,

named entity recognition 

He is a doctor

Transfer 
learning

Intrinsic biases
Extrinsic biases
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Many choices that result in different metrics
Step 1 Choose your base fairness metric 

PCA 
Bolukbasi et al. (2016)

WEAT 
Caliskan et al. (2017)
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“[CLS] X [SEP]” 
“X is happy in the Y” 
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“X is happy in the Y” 
“X likes Y”

“X likes to Y” 
“X took a course on Y” 
“X studied Y” 
“This is X” 
“That is X”

❶

❶

❶

Step 3 Choose seed words

Professions Male-female Nice-not nice …

Many choices that result in different metrics
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Step 1 Choose your base fairness metric 

PCA 
Bolukbasi et al. (2016)

WEAT 
Caliskan et al. (2017)

Step 2 Select all the templates you want 
“X is a Y” 
“X can do Y” 
“[CLS] X [SEP]” 
“X is happy in the Y” 
“X likes Y”

“X likes to Y” 
“X took a course on Y” 
“X studied Y” 
“This is X” 
“That is X”

❶

❶

❶

Step 4 Choose an embedding (opt.)Step 3 Choose seed words

Professions Male-female Nice-not nice …

Sentence embedding 
Token embedding 

Mean pooled tokens 
First 4 embeddings 

…

Many choices that result in different metrics
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The result: different, incomparable metrics

83Delobelle et al. (2022)
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Most templates don’t correlate

84

1.00 0.55 0.28 0.67 0.42 0.49 −0.33 0.51 −0.12 0.18 0.37

1.00 0.22 0.78 0.60 0.54 −0.11 0.44 0.46 0.14 0.42

1.00 0.13 −0.17 −0.07 −0.25 0.39 −0.02 0.29 0.16

1.00 0.67 0.59 −0.18 0.66 0.43 0.04 0.53

1.00 0.78 0.04 0.38 0.27 0.34 0.34

1.00 −0.19 0.55 0.05 0.16 0.23

1.00 −0.48 0.50 −0.45 −0.57

1.00 0.05 0.28 0.50
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1.00 0.59
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T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11

Correlations between templates

Delobelle and Tokpo et al. (2022)
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… and most metrics don’t correlate
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Lauscher et al. (2
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Tan et al. (2
019)

LPBS

CrowS-Pairs

BiasInBios

WinoBias (T1)
Skew

Correlations between intrinsic and extrinsic measures

Delobelle and Tokpo et al. (2022)
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An example method: LPBS

86



Measuring bias in MLMs
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1. Pretraining step 
e.g. OSCAR, Wikipedia, ... 

He is a doctor

[CLS]

2. Finetuning step
e.g. sentiment analysis,

named entity recognition 

He is a doctor

Transfer 
learning

Intrinsic biases
Extrinsic biases
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Pretraining and downstream tasks
Does reducing bias lead to fairer downstream tasks?

88Tokpo and Delobelle et al. (2023)
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Pretraining and downstream tasks
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Does reducing bias lead to fairer downstream tasks?

Tokpo and Delobelle et al. (2023)



Fairness in large language models —

Actionability of metrics

The actual metric does not matter much 
SEAT, CEAT, LPBS, DisCo, …


But it needs to test what you care about 
e.g. gender bias in professions


Make it explicit what you test


… and test if the metric is reliable 
e.g. if different runs yield different results

90

So what is a ‘good’ metric?



DTAI

HONEST
• Measuring stereotypical completion 

ratio based on predefined words. 
• HONEST score is the difference 

btween male and female ratio.

91



DTAI

RealToxicityPrompts: measuring toxicity
• Prompts can be toxic or non-toxic 
• Non-toxic prompts can still have 

toxic continuations

92



Hallucinations



Fairness in large language models —

Safety and alignment
Bias is not the only issue

94



Fairness in large language models — 95https://www.bbc.com/travel/article/20240222-air-canada-chatbot-misinformation-what-travellers-should-know

Safety and alignment
Bias is not the only issue



Fairness in large language models — 96https://www.nytimes.com/2024/10/23/technology/characterai-lawsuit-teen-suicide.html
https://blog.character.ai/community-safety-updates/

Safety and alignment
Bias is not the only issue



Fairness in large language models —

✨ Retrieval augmented generation ✨
Improving factuality with semantic search

97https://pieter.ai/blog/2023/dutch-chat-toolkit/
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… but not a silver bullet

98



Fairness in large language models —

… but not a silver bullet

99https://storage.courtlistener.com/recap/gov.uscourts.nysd.575368/gov.uscourts.nysd.575368.32.1_1.pdf



Fairness in large language models —

… but not a silver bullet

100https://storage.courtlistener.com/recap/gov.uscourts.nysd.575368/gov.uscourts.nysd.575368.32.1_1.pdf
Magesh et al. (2024). Hallucination-Free? Assessing the Reliability of Leading AI Legal Research Tools

→ Hallucinations are inherent to LLMs



Mechanistic Interpretability



Steering Language Models —ieter.ai

A circuit view of a transformer

102https://transformer-circuits.pub/2021/framework/index.html
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Features in Claude’s residual stream
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Sparse autoencoders
Features in Claude’s residual stream
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Sparse autoencoders
Features in Claude’s residual stream

105https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html



Steering Language Models —ieter.ai

What are SAEs?

106Measuring and Guiding Monosemanticity. Härle et al. (2025)



Steering Language Models —ieter.ai

How do I use SAEs?

• Concepts in decoder d are used as steering vectors


• Finding good monosemantic concepts is difficult

107Measuring and Guiding Monosemanticity. Härle et al. (2025)



Steering Language Models —ieter.ai

Neuronpedia: Pretrained SAEs
Many activations labeled with an LLM

108
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Neuronpedia: Pretrained SAEs
Many activations labeled with an LLM

109



Steering Language Models —ieter.ai

Steering vectors
First in-production deployment of steering vectors (to my knowledge)

110



Ethical stances in LLMs



Chinese Deepseek is a great model



Chinese Deepseek is a great model, but…



Dutch LLMs — ieter.ai

Model values align with 
the creator’s values
Training data is curated

114Maarten Buyl et al. (2024). “Large Language Models Reflect the Ideology of their Creators”

https://arxiv.org/search/cs?searchtype=author&query=Buyl,+M


Dutch LLMs — ieter.ai

Model values align with 
the creator’s values
Training data is curated

115Maarten Buyl et al. (2024). “Large Language Models Reflect the Ideology of their Creators”

https://arxiv.org/search/cs?searchtype=author&query=Buyl,+M


Dutch LLMs — ieter.ai

Stark divide between  
🇺🇸 US and EU 🇪🇺

116

EU AI Office’s Network of Evaluators Workshop, April 2025



Closing thoughts:  
Dutch models (locally)
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Different access modes
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Closed source 
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data or model weights

Open model weights 
No access to 
training data

Open 
Access to training  

data and model weights

MistralGPT
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Closed source 
No access to training  

data or model weights

Open model weights 
No access to 
training data

Open 
Access to training  

data and model weights

MistralGPT

pieter.ai/tweety-7b-dutch

Geitje-7b Tweety-7b-dutch
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Closed source 
No access to training  

data or model weights

Open model weights 
No access to 
training data

Open 
Access to training  

data and model weights

MistralGPT
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Closed source 
No access to training  

data or model weights

Open model weights 
No access to 
training data

Open 
Access to training  

data and model weights

MistralGPT

All data will be sent to OpenAI 
This can be in a private cloud (Azure), 

but always check if you have 
permission to do this with sensitive 

data, like from participants.
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Closed source 
No access to training  

data or model weights

Open model weights 
No access to 
training data

Open 
Access to training  

data and model weights

MistralGPT

All data will be sent to OpenAI 
This can be in a private cloud (Azure), 

but always check if you have 
permission to do this with sensitive 

data, like from participants.

Some are provided via an api, other models you can only run yourself
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Larger models achieve better performance
For NL
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Small models can run locally

124

☹
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… but deployment costs skyrocket for capable models

125

320 H100 GPUs at $40k → $12 million
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Geitje-7b
First Dutch LLM
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Geitje-7b
First Dutch LLM that got taken down by Brein

• Trained on ‘gigacorpus’


• A torrent with gigabytes of Dutch books


• Gigacorpus got taken down by Brein already 

127https://tweakers.net/nieuws/231254/ontwikkelaar-haalt-taalmodel-geitje-offline-na-verzoek-stichting-brein.html
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ChocoLlama
More effort to curate high-quality data
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• OSCAR: 93 GB (28.6B tokens) - Common Crawl dump


• Open Subtitles: 5 GB (1.54B tokens)


• Wikipedia: 2.5 GB (769M tokens) 


• Job Descriptions: 1.5 GB (462M tokens) - TechWolf


• Staatsblad: 1.4 GB (431M tokens) - Bizzy


• Project Gutenberg: 0.3 GB (92M tokens) - 970 books


• Legislation: 0.2 GB (62M tokens) - ML6

Meeus, Rathé, Remy, Delobelle, Decorte, Demeester. "ChocoLlama: Lessons Learned From Teaching Llamas Dutch" (2024)
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ChocoLlama
More effort to curate high-quality data
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• OSCAR: 93 GB (28.6B tokens) - Common Crawl dump


• Open Subtitles: 5 GB (1.54B tokens)


• Wikipedia: 2.5 GB (769M tokens) 


• Job Descriptions: 1.5 GB (462M tokens) - TechWolf


• Staatsblad: 1.4 GB (431M tokens) - Bizzy


• Project Gutenberg: 0.3 GB (92M tokens) - 970 books


• Legislation: 0.2 GB (62M tokens) - ML6

Meeus, Rathé, Remy, Delobelle, Decorte, Demeester. "ChocoLlama: Lessons Learned From Teaching Llamas Dutch" (2024)
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ChocoLlama
More effort to curate high-quality data

130www.tijd.be/ondernemen/technologie/computerwetenschappers-bouwen-vlaams-ai-model-chocollama/10585956.html

Computerwetenschappers bouwen Vlaams AI-model ChocoLlama
06 februari 2025 16:48

• OSCAR: 93 GB (28.6B tokens) - Common Crawl dump


• Open Subtitles: 5 GB (1.54B tokens)


• Wikipedia: 2.5 GB (769M tokens) 


• Job Descriptions: 1.5 GB (462M tokens) - TechWolf


• Staatsblad: 1.4 GB (431M tokens) - Bizzy


• Project Gutenberg: 0.3 GB (92M tokens) - 970 books


• Legislation: 0.2 GB (62M tokens) - ML6
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All models are publicly available and usable in LM Studio
Model weights on Hugging Face
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All models are publicly available and usable in LM Studio
Model weights on Hugging Face
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