Vlaamse (L)LMs

Dr. ing. Pieter Delobelle - 22/04/2025 . .
Jleter.al



Language modeling

1. Autoregressive language modeling
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Large training corpuses are used
with a large focus on English

TR
TN

|
A ANIT AT
(LT TN

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

One LLM training set
2.5T - 6T tokens
~2 500 000 bookshelves



Tokenizing the training data

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

an example
No, | am not a giraffe.
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No, I am not a giraffe.

Vlaamse (L)LMs — 6



Tokenizing the training data

an example
No, | am not a giraffe.

!

No, I am not a giraffe.

!

[2822, 11, 358, 1097, 539, 264, 41389, 338330,
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Tokenizing the training data

an example
No, | am not a giraffe.

!

No, I am not a giraffe.

!

[2822, 11, 358, 1097, 539, 264, 41389, 338330,

!

34 |

21223: affe
37370: _gir

13]
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Few non-English words are tokens

Token types for words in English do not match, so the tokenizer falls back to non-
representative tokens types.




Few non-English words are tokens

Token types for words in English do not match, so the tokenizer falls back to non-
representative tokens types.

e.g Dutch tokenizers: gpt-neo-1.3b-dutch

Nee , ik ben helemaal geen gir af ! Dat is een absurde gedachte .

versus an English one: mistral-7b, geitje-7b

N e , ik ben he le ma al ge en gir af ! Dat is een abs ur de ged ach

e .



... and morpheme boundaries are not respected

* [okenization happens eagerly

 Representations are dependent on tokens

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

Ghorses

|
orses
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Trans-tokenization

1. Token alignment
Parallel corpus en]ll nl Token mapping

" Per-language
" tokenization Fast align

Il Il T

Predefined mappings

e.g.@) 1: 1) A
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Trans-tokenization

1. Token alignment
Parallel corpus en]ll nl Token mapping
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Tweety LLMs

A series of models with
language-specific tokenizers




~—

Community model

tweety-7b-italian
@ github.com/RiTA-nlp

Training Normalized
Model tokens PPL
mistral-7b-vo.1 6-8T 9.4
WECHSEL (Minixhofer et al., 2022) +0.4B 34.3
+ improved Dutch dictionary +0.4B 27.1
FOCUS (Dobler & de Melo, 2023) +0.4B 31.9
tweety-7b-dutch-v24a (ours) +0.4B 11.1
gpt-neo-1.3b-dutch 33B 21.2
mala-500-10b-v2 +30-60B 18.9
tweety-7b-dutch-v24a (ours) +8.5B 7.7
Tokenizer SQuAD-NL ACC
Model Type V| 0-shot 1-shot 2-shot
mistral-7b-v@.1 English BPE 32 000 14.3 21.3 24.2
towerbase-7b-v0.1 English BPE 32 000 13.0 20.9 22.6
gpt-neo-1.3b-dutch Dutch BPE 50 257 0.0 0.0 0.0
tweety-7b-dutch-v24a (ours) Dutch BPE 50257 9.0 25.8 27.6

Vlaamse (L)LMs — 16



Tatar: NLU< and summarization

Model Accuracy n Model ChrF
Mistral 23.25  Mistral 13.30
Mistral +FT 2542 Mistral+FT 23.15
M}Sgayi@gD 1988 MistralRAND 3.79
istral : = )
Tweety-7b-tatar-v24a (ours) 19.34 Tweety-7b-tatar-v24a (ours) 30.03
Mistral+GTrans ~44.10  Mistral+GTrans 30.43

Hydra LLMs: Switching heads for
zero-shot machine translation

Model Short Text Long Text Social Media
TowerInstruct 175 =04 135 =03 172 =05
B TowerInstruct+ParFT 245 +04 165 403 206 =06
. . HydraTower+ParFT 39.6 +05 184 +0.5 331 +14
Community model . HydraTower 473 +04 328 +04 392 <15
twe ety_7 b -Ita ll an HydraTower+BackFT 537 402 336 +03 461 +14
S e . Google Translate 55,66 +0.2 353 +0.2 638 +1.8

@ github.com/RITA-nlp
HydraTower+BackFT+NFR 39.2 06 — —

ﬁ Vlaamse (L)LMs — 17



European Tweeties

Trans-tokenizing all EU languages

GA EL
MT PL
— weety-/D-Itatian
tweety-7b-tatar gj@github.¥om/RiTA-nlp

Updated on October 28, 2024.

https://pieter.ai/blog/2024/european-tweeties/

. Source Language . Evaluated

Created tokenizer Next up

LLM Language Conversion Progress
Converting Large Language Models to 24 EU languages

@ Pre-trained Converted

.
CS DA ET

BG
FI

HU LV
PT RO

ES

HR

FR

LT

SK

SV
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Geitje-7b
First Dutch LLM

aaaaa



Geitje-7b
First Dutch LLM that got taken down by Brein

* [rained on ‘gigacorpus’
* A torrent with gigabytes of Dutch books

» (Gigacorpus got taken down by Brein already

Ontwikkelaar haalt taalmodel GEITje offline
na verzoek Stichting Brein - update

Het Nederlandse Al-taalmodel GEITje is offline gehaald op 'dringend verzoek' van Stichting Brein.
GEITje zou volgens Brein deels getraind zijn op documenten uit de dienst Library Genesis, die
afgelopen zomer is geblokkeerd.

Brein zegt dat het model is getraind met tienduizenden Nederlandstalige boeken die afkomstig zijn uit een
illegale bron, namelijk Library Genesis, die afgelopen zomer op verzoek van Brein is geblokkeerd door
Nederlandse accessproviders. De illegaal verkregen documenten en e-books waren waarschijnlijk terug
te vinden in Gigacorpus, de dataset die afgelopen zomer door de maker zelf offline is gehaald.
Gigacorpus bevatte naast boeken ook andere Nederlandstalige data, zoals wetsartikelen en uitspraken

van Rechtspraak.nl.

"Brein is niet tegen het trainen van Al, maar vindt wel dat de auteurs van al die muziek, boeken etc.
daarvoor een eerlijke vergoeding moeten krijgen. Indien de oorspronkelijke makers niet willen dat hun
materiaal voor het trainen van Al wordt gebruikt, dan moet dat ook gerespecteerd worden", schrijft de
stichting.

De ontwikkelaar van GEITje verweerde dat tekstdatamining is toegestaan voor wetenschappelijke
doeleinden en dat het model door wetenschappers wordt gebruikt, volgens Brein. De stichting wijst er
echter op dat het model ook voor commercieel gebruik openbaar werd aangeboden op Huggingface.co.
"De Al Act schrijft voor dat wetenschappers rechtmatig toegang moeten hebben tot materiaal om het te
mogen gebruiken voor het trainen van Al. Dat is niet het geval als bij het trainen van een model gebruik is
gemaakt van evident illegale bronnen”, aldus Brein.

GEITje-maker Edwin Rijgersberg, op Tweakers bekend als E_Rijgersberg, bevestigt in een eigen post dat
het taalmodel eind 2023 getraind is op gedeelten van het Nederlandse Gigacorpus. Brein heeft tegen
Rijgersberg gezegd dat volgens de geldende wet- en regelgeving GEITje daarom offline gehaald moet
worden.

https://tweakers.net/nieuws/231254/ontwikkelaar-haalt-taalmodel-geitje-offline-na-verzoek-stichting-brein.html Viaamse (L)LMs — 20



ChocolLlama
More effort to curate high-quality data

OSCAR: 93 GB (28.6B tokens) - Common Craw!| 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

Vlaamse (L)LMs — 21



ChocolLlama
More effort to curate high-quality data

« 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

Model
Llama-3-ChocolLlama-instruct
llama-3-8B-rakatch
llama-3-8B-instruct
llama-3-8B
Reynaerde-7B-Chat
Llama-3-Chocollama-base
zephyr-7b-beta
geitje-/b-ultra
Chocollama-2-7B-tokentrans-instruct
mistral-7b-v0.1
Chocollama-2-7B-tokentrans-base
Chocollama-2-7B-instruct
ChocolLlama-2-7B-base
llama-2-7b-chat-hf

llama-2-7b-hf

ARC

0.48

0.44

0.47

0.44

0.44

0.45

0.43

0.40

0.45

0.43

0.42

0.36

0.35

0.36

0.36

HellaSwag
0.66
0.61
0.59
0.64
0.62
0.64
0.58
0.66
0.62
0.58
0.61
0.57
0.56
0.49

0.51

MMLU

0.49

0.4€

0.47

0.47

0.3¢

0.44

0.43

0.3€

0.34

0.37

0.32

0.33

0.317

0.33

0.32

Truthful QA
0.49
0.48
0.52
0.45
0.52
0.44
0.53
0.49
0.42
0.45
0.43
0.45
0.43
0.44

0.41

Avg.
0.53
0.51
0.51
0.5
0.49
0.49
0.49
0.48
0.46
0.46
0.45
**0.43
0.31
0.41

0.40
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ChocolLlama
More effort to curate high-quality data

Model ARC HellaSwag MMLU TruthfulQA Avg.
¢ OSCAR: 93 GB (28.68 tOkenS) - COmmOn CraWI dump Llama-3-ChocolLlama-instruct 0.48 0.66 0.49 0.49 0.53
llama-3-8B-rakatch 0.44 0.61 0.4€ 0.48 0.51
° Open SUbtitleS: 5 GB (1 54B tokens) llama-3-8B-instruct 0.47 059 047 052 0.51
llama-3-8B 0.44 0.64 0.47 0.45 0.5
o Wikipedia: 2.5 GB (769'\/' tOkenS) Reynaerde-7B-Chat 0.44 0.62 0.3¢ 0.52 0.49
Llama-3-Chocollama-base 0.45 0.64 0.44 0.44 0.49
] ] zephyr-7b-beta 0.4 0.58 0.43 0.53 0.4¢9
* Job Descriptions: 1.5 GB (462M tokens) - TechWolf E— e T Il I ey
Chocollama-2-7B-tokentrans-instruct 0.45 0.62 0.34 0.42 0.46
+ Staatsblad: 1.4 GB (431M tokens) - Bizzy
Chocollama-2-7B-tokentrans-base 0.42 0.61 0.32 0.43 0.45
° PrOJeCt GUtenberg. 0.3 GB (92'\/' tOkenS) _ 970 bOOkS Chocollama-2-7B-instruct 0.36 0.57 0.33 0.45 **0.43
ChocolLlama-2-7B-base 0.35 0.56 0.37 0.43 0.41

llama-2-7b-chat-hf 0.36 049 0.33 0.44 0.41

* |Legislation: 0.2 GB (62M tokens) - ML6 Jama-2-7b-ht 036 | 051 | 032 | 04 040

%‘}D Computerwetenschappers bouwen Vlaams AlI-model ChocoLlama
06 februari 2025 16:48
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Stereotyping and bias



ChatGPT as a recruiter
Bloomberg investigation

Bloomberg

"r ]
Testing for name-based

discrimination by submitting similar E ==y
resumes with different names OPENAI’S GPT IS A RECRUITER’S

DREAM TOOL. TESTS SHOW
THERE’S RACIAL BIAS

Recruiters are eager to use generative AI, but a Bloomberg experiment found
bias against job candidates based on their names alone

By Leon Yin. Davey Alba and Leonardo Nicoletti
March 7, 2824, 7:00 PM EST

'f)ieter.ai https://www.bloomberg.com/news/features/2024-10-18/do-ai-detectors-work-students-face-false-cheating-accusations  Fairness in large language models — 25



ChatGPT as a recruiter
Bloomberg investigation

Bloomberg

Testing for name-based
discrimination by submitting similar E ==y
resumes with different names OPENAI’S GPT IS A RECRUITER’S

DREAM TOOL. TESTS SHOW
THERE’S RACIAL BIAS

Recruiters are eager to use generative AI, but a Bloomberg experiment found
bias against job candidates based on their names alone

By Leon Yin. Davey Alba and Leonardo Nicoletii
March 7, 2824, 7:00 PM EST

“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.”

'f)ieter.ai https://www.bloomberg.com/news/features/2024-10-18/do-ai-detectors-work-students-face-false-cheating-accusations  Fairness in large language models — 26



Harms of stereotyping

Representational harms ———— X

Allocational harms
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Businessweek | The Big Take

Harms of Stereotypin g Al Detectors Falsely

Accuse Students of
Cheating—With Big
Consequences

About two-thirds of teachers report reqularly using
tools for detecting Al-generated content. At that scale,
even tiny error rates can add up quickly.

By Jackie Davalos and Leon Yin

18 oktober 2024 at 17-:00 CEST

SyRI legislation in breach of European
Convention on Human Rights

Representational harms ————» — Allocational h
ocational harms

Bloomberg Opinion

OP-ED CONTRIBUTOR

l When an Algorithm Helps Send You

to Prison

OPENAI’S GPT IS A RECRUITER’S
DREAM TOOL. TESTS SHOW
THERE’S RACIAL BIAS

e use generative AI, but a Bloomberg experiment
bies against job candidates based on their nemes alone - sat_tonad

By Leon YAr, MGMWNIMM+_’

Vlaamse (L)LMs — 28



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

Automated decision-making

Dutch SyRl legislation
and COMPAS in the USA

A "“ l".':{;. e -

yiJ GAAN DOOR! B°=

WAAROM ZIJN

< WIJ ONTERECHT
= RESCHULDIGD?

https://verhalen.trouw.nl/toeslagenaffaire/
https://journals.sagepub.com/doi/full/10.1177/13882627211031257 Viaamse (L)LMs — 31
https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing



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

Automated decision-making Human-in-the-loop

Dutch SyRiI legislation Polish public employment service
and COMPAS in the USA

$\l. / : !’*_J/;a" " - )

WAAROM ZIJN

WIJ ONTERECHT
& BESCHULDIGD?

Vlaamse (L)LMs — 32



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

Automated decision-making Human-in-the-loop

Dutch SyRiI legislation Polish public employment service
and COMPAS in the USA

$\l. / : !’*_J/;a" " - )

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

WAAROM ZIJN

WIJ ONTERECHT
& BESCHULDIGD?

Jedrzej, et al. "Profiling the unemployed in Poland: social and political implications of algorithmic decision making." (2015). Viaamse (L)LMs — 33



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

Automated decision-making Human-in-the-loop

Dutch SyRiI legislation Polish public employment service
and COMPAS in the USA

whE “"’.-:(14 > o -
El

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

wasromzon AN “Moreover, the justification required to change a
S e : 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”

ﬁ Jedrzej, et al. "Profiling the unemployed in Poland: social and political implications of algorithmic decision making." (2015). Vlaamse (L)LMs — 34



Model errors persist
and reinforce social biases



Model errors persist
and reinforce social biases

So how problematic are LLMs?




Knowledge from resumes
Nationality varies between job titles

“Software engineers are Belgian”

but “Cleaning ladies aren’t Belgians™?

Delobelle et al. ‘ResumeTailor’ (2023)

Belg

Belgié
Belgische
Belgisch
Japan

Irak

Syrié
Afghanistan
Bulgarije

Congo

Most probable nationalities
() Kamermeisje () Software-ingenieur

| } E
1]
+ TSRS EE EEEEEEEER
= L o
= ST .
R S o
S
[
R S
[ ]
_I ...............................................................
]
L T
L ST
| | | | |
0 0,2 0,4
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Repeating stereotypes
Multilingual issue for many LLMs

Certainly! Here's a story about Paul, a German with
a penchant for lateness—a twist on cultural

» LLMs happily go along with given stereotypes  stereotypes thathides akind heart

Paul and the Punctuality Paradox

e ... Often even exaggerating the stereotype

In Berlin, where trains run to the second and

punctuality is a national creed, there lived a man
named Paul Schneider. By all accounts, Paul defied
stereotypes. He was German, yes, but he was also
perennially late. His coworkers at Blicherlust, the

cozy bookstore w
operated on “Pau
minutes melted li
anyway.

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

‘SHADES: Towards a Multilingual Assessment of Stereotypes in Large Language Models’ (2025)

nere he worked, joked that he
Time”"—a fluid concept where

Ke butter. Yet they adored him

Vlaamse (L)LMs — 38



Measuring bias
i N Ian g u ag e m Od e I S 1. Take a sentence with a target and attribute word

“He is a kindergarten teacher.”

2. Mask the target word
“IMASK] is a kindergarten teacher.”

3. Obtain the probability of target word in the sentence
pr = P(he = [M ASK]||sent)

4. Mask both target and attribute word. In compounds, mask

each component separately.
“IMASK] is a [MASK] [MASK].”

5. Obtain the prior probability, 1.e. the probability of the
target word when the attribute 1s masked

Pprior = P(he = [M ASK||masked_sent)

6. Calculate the association by dividing the target probability
by the prior and take the natural logarithm
log —PT—

Pprior

Figure 2: Procedure to calculate the log probability
score, after Kurita et al. (2019).

Vlaamse (L)LMs — 39



Most templates don’t correlate

Correlations between templates

1.0
T4 1.00
0.8
T10 1.00 0.59 # Type Template sentence DkrL
To 1.00 -0.39 —0.20 0-6 17 BL “This 1s the _." —_
0.4 7, BL “That is the _.” 0.70
Ts 1.00 0.05 0.28 0.50 T: BL “There is the _” 0.83
T, 1.00 -0.48 0.50 -0.45 -0.57 | |0.2 Ty Bl “Here 1s the _.” 0.56
1  BL “The _1s here.” 1.04
Te 1.00 -0.19 055 0.05 0.16 0.23 0 Ts Bl “The _is there.” 115
Ts 1.00 0.78 0.04 038 0.27 0.34 0.34 _0.0 I7; Bl “The _1s a person.” 2.3
13y  BL “It is the _."” 0.73
T, 1.00 0.67 0.59 -0.18 0.66 0.43 0.04 0.53 04 _ - -
' 19 BL “The _1sa [MASK]. 2.57
T 1.00 0.13 -0.17 -0.07 -0.25 0.39 -0.02 0.29 0.16 , , -
° -0.6 Tip Unbl. “The _is an engineer. 4.70
T 1.00 0.22 0.78 0.60 0.54 -0.11 0.44 0.46 0.14 0.42 771 Unbl. *“The -is a nurse with superior technical skills.” 5.02
-0.8
T,| 1.00 055 028 067 042 0.49 -0.33 051 -0.12 0.18 0.37
= -1.0

T+ To T3 T4 Ts5 Te T7 Tg To Ti0 Ti1

ﬁ Delobelle and Tokpo et al. (2022) Vlaamse (L)LMs — 40



... and most metrics don’t correlate

Correlations between intrinsic and extrinsic measures

SEAT

Lauscher et al. (2021)
Tan et al. (2019)
LPBS

CrowS-Pairs
BiasInBios

WinoBias (T1)

1.00

0.76 1.00

0.81 0.89 1.00
-0.38 -0.14 -0.49 1.00

0.50 094 0.78 0.03 1.00

-0.74 -0.53 -0.80 0.47 -0.35 1.00
0.10 053 0.23 0.72 0.68 -0.05 1.00

Skew | -0.39 -0.04 -0.47 0.68 0.12 0.83 0.41 1.00
‘5?’?\ @Q@’\\@Q\%\ 9 5? 0\(% %\0‘5 6\\ \(\G\“
\@\ \9\ & 6\ %\6
@(e (\ O @
e
\ o

Delobelle and Tokpo et al. (2022)

1.0

0.5

-1.0
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So what is a ‘good’ metric?
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

Pieter.ai

Metrics for What, Metrics for Whom: Assessing Actionability of Bias
Evaluation Metrics in NLP

Pieter Delobelle' , Giuseppe Attanasio?’, Debora Nozza’,
Su Lin Blodgett®, Zeerak Talat®

'KU Leuven; Leuven.ai, 2Instituto de Telecomunicagdes, Lisbon, *MilaNLP, Bocconi
“Microsoft Research Montréal, SMohamed bin Zayed University of Artificial Intelligence

Abstract

This paper introduces the concept of actionebil-
ity in the context of bias measures in natural
language processing (NLF). We define action-
ability as the degrze to which a measurement’s
results enable informed action ard propose a
set of desideratz for assessing it. Building on
existing frameworks such as measurement mod-
eling, we argue that actionability is a cricial
aspect of bias measures that has heen largely
overlcoked in the literature. We conduct a com-
prehensive review of 146 papers proposing bias
measures in NLP, examining whether and how
they provide the information required for zc-
tionable results. Our findings reveal that many
key elements of actionability, including a mea-
sure's intended use and reliability assessment,
are often unclear or absent. This study high-
lights a significant gap in the current approach
to developing and reporting bias measures in
NLP. We argue that this lack of clarity may im
pade the effective implementation and utiliza
tion of these measures. To address this issue,
we offer recommendations for more compre-
hensive and actionable metric development and
reporting practices in NLP bias rescarch.

1 Introduction

As the landscape of bias measures in natural lan-
guage processing (NI.P) has expanded, so too has
the literature examining and interrogating these
measures (¢.g., Blodgett et al., 2021: Goldfarb-
Tarrant et al., 2021; Delobelle et al.. 2022: Orgad
and Belinkov, 2022; Selvam et al.., 2023; Goldtarb-

g PR | a2 Tae L D . L a ' Y Y

of validity and reliability for &sscssing measurcs
(Jacobs and Wallach, 2021; Blodgett et al., 2021).
Across the literature proposing and examining
bias measures, talk about measures is oftan infor-
mally tied to talk about what can be done with
results produced by measures—i e , measures’ ra-
sults are often used in decision-making, and good
measures should not only exhibit characteristics
such as validity and reliability, but should also
facilitate decision-making or intervention. For
example, natural language generation practition-
ers use the results of automated metrics w0 select
which models should undergo human evaluation
(Zhou et al., 2022b), while other measures’ results
might guide policies for model release and deploy-
ment (Solaiman, 2023). Together, this suggests
another piece of vocabulary with which we might
asscss bias measurcs. In this paper, we scek to
formalize this intuition by introducing acrionabil-
ity—the degree to which a measure’s results enable
informed action and outlining a set of desideraia
for actionability—what information is required of
a bias measure in order to act based on its results.
At the same time, while the measurement mod
eling literature has shown the importance of clear] y
conceptualizing hias and establishing hias mea-
sures’ validity and reliability, it has also shown that
the NLP literature routinely fails to do so. For ex-
ample, bias in the NLP literatre is ofien underspec-
ified (Blodgett et al., 2020), and measures are often
poorly matched to the constructs they are intended
Lo measure (Gonen and Goldbere. 2019 Rlod ve 1
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