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LLM Training Workflow (simplified)



What are we 
building?
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Why GPT-NL

Bron: NRC, 04 september 2022



• Is trained on data across the internet; 
making it a model that “knows everything”.

• Aims to be strong at every domain

BUT

• Bad for cases with high requirements for 
data privacy, transparency, robustness, 
compliancy.

• Training models on the full internet is 
wasteful and introduces untrustworthy 
sources

• Information should come from verifiable 
context

• Training is focused on a limited set of tasks and 
domains that are most useful in our Dutch 
critical sectors.

• Build with the AI Act in mind

• Data put in the model is useful and of high 
quality, using less untrustworthy sources.

What are we building?

LLMs are good at interpretating and generating language, but not necessarily at answering questions without trustworthy 
context. GPT-NL is not trying to be the next google search replacement.



Industry

Government & 
Social welfare

Services: Financial, Legal, 
Insurance, Telecom etc.

Safety, Security 
& Defence

Education

Research

Health Care

For whom are we building?

To facilitate building and researching on the GPT-NL model, we need to be trustworthy and transparent



Training Data
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LLMs
• Recall: pretraining an LLM is simply next-token prediction

Source: Generation 
with LLMs

https://huggingface.co/docs/transformers/main/en/llm_tutorial
https://huggingface.co/docs/transformers/main/en/llm_tutorial
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Data requirements
• Transformers, in particular LLMs, are data hungry!
• But why? Attention!

Source: J. Vig, Visualizing Attention in Transformer-Based Language Representation Models, arXiv:1904.02679, 2019.
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Data requirements
• LLMs are data hungry!

- Target is minimum 300B authentic tokens (±225 billion words), 150B (50B minimum) Dutch, 150B English

- There is simply not enough (Dutch) open data available to train a model. We need to do more.

Also English, because

- English very similar to Dutch

- More tokens = higher 
quality responses

- Open data available in English

- Users will likely also be able to speak 
English to the model
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Data requirements

CC-BY-SACC-0

CC-BY(-4.0)

Public Domain

Agreement

Yes No

No License CC-NC, CC-ND

robot.txt opt-out

LLM-distilled

GPT-NL 
position

MIT

Apache 2.0

Copyright
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Data requirements

GPT-NL 
position

Newspapers

OS Code

Publications

Governmental

Yes No

Forums* Social Media*

Non-professional 
(medical) advice

Travel blogs

Archive data

Wikidata

Newspapers

Edu resources

Papers

Rechtspraak

Common-
Crawl*

Source type

*Without thorough curation



Collecting Datasets

Selecting/Filtering 
existing Datasets

Creating New 
Datasets

Collaborating for 
Datasets

GPT-NL Corpus 
Acquisition Activities



Data Selection

CC-BY-SA

CC-NC, 

CC-ND

GPL-2.0, 

CC-0

CC-BY(-4.0)*

Public Domain

MIT

Apache 2.0

Dutch

English

German

…

Greek

Spanish



Data Selection

CC-BY-SA

CC-NC, 

CC-ND

GPL-2.0, 

CC-0

CC-BY(-4.0)*

Public Domain

MIT

Apache 2.0

Dutch

English

German

…

Greek

Spanish



Filtering existing data – C5

 Collaboration with Instituut van de Nederlandse Taal – KU Leuven (Bram 
Vanroy)

 Created a tool to annotate Common-Crawl with license data
 Manual false positive check

C5 dataset and tool is publicly available

Common Crawl  Creative Commons (C5)

https://huggingface.co/collections/BramVanroy/commoncrawl-creative-commons-c5-689f218d430bf3d4c55fe604


Data Selection/Filtering
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is

is

is

isis

eat

Living
Things

Plants

HerbsCowsDogs

Animals

Tabular Low quality Different 
language

Source: Properly licensed but otherwise unusable data

High-
Quality 
Dutch

Graph

Creating Data



Creating Data

• Creation of synthetic data for permissively 
licensed WikiData graphs

• Translating Youtube Commons

These datasets and the tools/code 
necessary for creation will be made publicly 
available.

microsoft/phi-4



Creating datasets



Collecting Data

• Collaborating with public organisations

• Digitizing scans for archives

• Extracting distributed datasets with 
custom scraping tools.



Collecting 
datasets



Collaborating for data: the Content Board

Read the full Content Contributor Agreement 
on www.gpt-nl.nl/samenwerken/content-board

http://www.gpt-nl.nl/samenwerken/content-board
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Towards a fair data 
value chain
• We believe data artists, journalists and 

other creators should be paid for their 
work

• We pay 50% of the revenue from the 
commercial license to the owners of the 
data. 

• The other 50% will solely be used for 
continuation of GPT-NL



Collaborating on data
GPT-NL Corpus Content Q NL EN Other
NDP Umbrella dutch media H 23.1
ANP Dutch news medium H 0.97 - -
BNR Dutch news medium H 0.03 - -
HBOs Student thesis’ H 0.05 0.02 -
DNB Financial documents H < 0.01 - -
Centerdata Societal research H < 0.01 - -
ICTRecht ICT law documents H < 0.01 - -
Instituut voor de Nederlandse Taal Dutch linguistic research/data M 0.92 - -
Movisie Social reports H < 0.01 - -
Nederlandse tijdschrift voor de 
Geneeskunde

Medical articles M 0.49 - -

Waarbenjij.nu Travel blogs M 0.18 - -
Fryske Akademy Frysian linguistics H - - <0.1 

(Fry)



GPT-NL Training Set
GPT-NL Corpus NL (B) EN (B) Code (B) Other (B)
High Quality 45 49 231 17
Low-Medium Quality 8.6 159 - 31



Data 
Preparation 
Pipeline
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From raw data to curated data
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Pretraining
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Model design
• Architecture: Llama-3

• Framework: OLMo-core (fully open-source)

• Parameters: 26 billion - GPT-NL 26B

Source: HuggingFace advent calendar 2024 https://huggingface.co/spaces/huggingface/open-
source-ai-year-in-review-2024
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Compute Limitations

GPT-NL Corpus NL 
(B)

EN 
(B)

Code 
(B)

Othe
r (B)

High Quality 45 49 231 17

Low-Medium Quality 8.6 159 - 31
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Increasing Model Size versus Oversampling

Source: Reprinted from Llama 2: Open Foundation and Fine-Tuned Chat Models by Touvron et 
al., 2023 (Meta AI Research)

Source: Muennighoff et al., Scaling Data-Constrained Language Models (2023)



35

Snellius – the national supercomputer

• 600+ GPUs

• 200,000+ CPU cores

• NWO subsidized

o Free for researchers

o Commercial contracts like GPT-NL

• GPT-NL trains on 88 H100 GPUs
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Snellius – the national supercomputer

What makes a supercomputer 
super?
The enormously fast 
interconnect!
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Snellius
• Training an LLM does not fit within a single GPU

• Shard the model over GPU nodes

• Non-trivial task!



Base Model
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Live update of GPT-NL
• Now at 1.2T tokens

• Epoch 3 in progress



Fine-tuning
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Pretraining vs. Finetuning

Aspect Pretraining Finetuning

Purpose Build general language ability Adapt to tasks & align with users

Data Massive, diverse, noisy Small, curated, high-quality

Cost Very compute- & time-intensive Relatively cheap & fast

Output General-purpose base model Task- or domain-specialized model
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Finetuning data

# Task Created
3000 Closed question (based on context)

1500 Open question

900 Brainstorm task

1200 Chat conversations (5-7 messages deep)

3000 Generating content (e.g. professional e-mail 
writing)

900 Classification

2250 Simplification (based on context)

2250 Summarisation (based on context)
18000 Open Question



Evaluation



• Three use-cases

o Summarization

o Simplification

o Retrieval-Augmented Generation (RAG)

• Lack of authentic Dutch benchmarks

o No generative AI generated content
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Evaluation

Source: EuroEval https://euroeval.com/leaderboards/Monolingual/dutch/



• Authentic Dutch datasets

• Factual knowledge

o Dutch integration exam

o Integration High school exams in collaboration with UvA

• Simplification

o Integration DuidelijkeTaal in collaboration with Instituut voor de 
Nederlandse Taal

• Bias benchmark

o MBBQ integration in collaboration with UvA

• Common research benchmarks

o Good proxy but not ideal for in production
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GPT-NL benchmarks

Source: EuroEval https://euroeval.com/
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Finetuning             vs.          RAG

Source: Figure from Snorkel AI Blog — Hoang Tran, “Which is better, retrieval augmentation (RAG) or fine-tuning? Both.” (2023, updated 
2024)Source: Figure from TagX Data, “What is Supervised Fine-Tuning?”



• What about in production?

o Traditional NLP metrics

o LLM-as-a-judge

o RAG benchmark
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Evaluation

Source: DeepEval https://deepeval.com/

Test case

Input prompt – query to the model/system

Actual Output – the LLM's response

Expected Output (optional) - ground truth 
output

Context (optional) – retrieval or background 
information for RAG

Metrics

Relevancy

Toxicity

Faithfulness

Hallucination





Dream big

GPT-NL 
v1.0

Speech 
enabled

• Foundation model 
training

• Fine-tuning for 
summarization, 
simplification & RAG

• First use cases
• Collaboration 

Flanders
• Set up hosting 

environments with 
resellers

• Collect additional 
data

• Increasing 
trustworthiness by 
alignment, red 
teaming

• Improved capabilities 
summarization, 
simplification, RAG

• Integrating speech
• Fine-tuning in 

verticals

• Full integration AI 
Factories

• Enabling agentic use
• Adding German, 

French, Polish, 
Luxemburgish, 
Turkish, and Arabic

• Adding image 
processing

• Further agentic 
applications

2025 2026 2027 2028 2029

First example of Dutch 
‘clean tech’

A viable and ethical 
alternative to lower 

administrative burdens 
and unlock information 

from Dutch-specific 
contexts

GPT-NL as preferred genAI
model for public sector 
parties in the Benelux

Further integrating 
with other European 

initiatives
…



More Information

Website GPT-NL (never scan 
QR codes you don't trust)

www.gpt-nl.nljesse.vanoort@tno.nl

mailto:jesse.vanoort@tno.nl
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