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ARCHITECTURE
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(GENERATIVE) LANGUAGE MODEL

A probabilistic function/architecture/model (1)

• that generates a new token (2) based on previous context

• as learnt from a large corpus (3)
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N-GRAM LM
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• Assumption: we do not need the full 
context!

• E.g., for a trigram model (n=3), the 
probability of a word depends on n-1=2 
preceding words

• Based on n-gram word frequencies in a 
large corpus

•  Efficient, easy to train

•  Loss of context, sparsity, unknowns

𝑃 "hungry" "I am"

=
𝐶𝑜𝑢𝑛𝑡("I am hungry")

𝐶𝑜𝑢𝑛𝑡("I am")



ARCHITECTURE: RNN
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• Recurrent Neural Network (RNN)
• Vanishing gradients due to timely nature (BPTT)

• Long-term dependencies: information loss

• Not easily parallellizable

Dancker, 2022



ARCHITECTURE: RNN
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• Long Short-Term Memory (Hochreiter & 
Schmidhuber, 1997)

• Adds an additional state (cell state)

• Forget gate: info to discard

• Input gate: info to keep

• Output gate: info to pass as ht+1

• Gated Recurrent Unit (Kyunchyun et al., 2014)

• Simplifies the LSTM 

• Reset gate: whether to ignore prev

• Update gate: whether to update 

Dancker, 2022



ARCHITECTURE: TRANSFORMER
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• Attention Is All You Need (Vaswani et al., 
2017)

• No slow recurrence during training
• Highly parallelized

• Faster and cheaper to train

•  Attention = quadratic complexity

• Encoder-decoder / seq2seq



ARCHITECTURE: TRANSFORMER
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• Intuition behind attention: model 
learns important context tokens for 
each token

• Explainability?
https://github.com/inseq-team/inseq 

Alammar, 2018

https://github.com/inseq-team/inseq


ARCHITECTURE: TRANSFORMER
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During inference
Alammar, 2018



ARCHITECTURE: ENCODER-DECODER
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T5: Raffel et al., 2019
Formulate every task as a text task

BART: Lewis et al., 2020
Add noise to input and denoise



ARCHITECTURE: ENCODER-DECODER
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Common tasks for finetuning

• Machine translation

• Question answering

• Summarization

• Paraphrasing



TRANSFORMERS: ENCODER
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Most popular: predict masked tokens

• BERT (Google, 2019)

• RoBERTa (Meta, 2019)

• DeBERTa (Microsoft, 2021)

• And many more!



TRANSFORMERS: ENCODER
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Common tasks for finetuning: text/token classification

• Linguistic acceptability: CoLA 

• Sentiment analysis: SST-2

• Extractive QA: SQuAD

• Semantic similarity: STS-B

• Entailment: MNLI

• …



TRANSFORMERS: DECODER
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E.g. GPT, Llama, Mistral, Gemma, Phi, Command-R, Falcon



TRANSFORMERS: DECODER
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Tasks

• Initially: also applied to classification tasks 

GPT-1
Radford et al, 2018



TRANSFORMERS: DECODER
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Tasks

• Generative: summarization, translation, question answering

• Zero-shot / few-shot: 
• GPT-2 (2019): e.g., Children’s Book Test (Cloze) LAMBADA (predict 

last word of sentence)

• Later: basically anything! 
~structured/constrained generation (e.g. Outlines)

https://github.com/dottxt-ai/outlines?tab=readme-ov-file#structured-generation


DO YOU REALLY NEED A LARGE LM?
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TOKENIZATION

• Definition: represent text as smaller units (tokens, subwords)

• Why?
• Limit vocabulary size (efficiency)

• Reduce sparsity

• Different algorithms
• WordPiece (Schuster & Nakajima, 2012): e.g. BERT

• Byte-Pair Encoding (BPE; Sennrich et al., 2016): e.g. GPT-2

• SentencePiece (Kudo & Richardson, 2018): e.g. T5
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TOKENIZATION: BPE

• Chunk a dataset into words

• Iteratively merge most frequent sequential character pairs
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TOKENIZATION: BPE

• tastiest -> t, a, s, t, i, e, s, t

• hungriest -> h, u, n, g, r, i, e, s, t

• hottest -> h, o, t, t, e, s, t

• tastiest -> t, a, st, i, e, st

• hungriest -> h, u, n, g, r, i, e, st

• hottest -> h, o, t, t, e, st

• tastiest -> t, a, st, i, est

• hungriest -> h, u, n, g, r, i, est

• hottest -> h, o, t, t, est

Vocabulary: t, a, i, h, u, n, g, r, o, st, est

Unseen word: strongest -> st, r, o, n, g, est
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TOKENIZATION: BPE

• 100 tokens ~= 75 words

• 100 words ~= 133 tokens
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TOKENIZATION: VOCABULARY

• More vocabulary = higher coverage of meaningful units, 
better quality

• More vocabulary = larger embedding layer (slow, large)

Common vocabulary sizes

• GPT-4: 100.000; GPT-4o: 200.000

• Mistral: 32.000

• Llama 3: 128.000

11/10/2024 From Data to Evaluation 23



TRAINING STAGES & DATA
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PRETRAINING

Teach the model to predict the next token

I 
I like 
I like to
I like to eat
I like to eat my
I like to eat my grandma
I like to eat my grandma’s
I like to eat my grandma’s cookies
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Stochastic gradient descent
Image: Ratan, 2020

Cost = cross entropy loss



PRETRAINING

Requires massive datasets

• GPT-3 (OpenAI, 2020, 175B): 300B tokens

• PaLM (Google, 2022, 540B): 780B tokens

• Llama 3 (Meta AI, 2024, 8-70B): 15T tokens

• One A4 page (500 words): 666 tokens

• All 6 original Dune books: 1.1M tokens

• English Wikipedia: 6B tokens
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15,000,000,000,000

6,000,000,000



PRETRAINING

• Often based on CommonCrawl (“The Web”) and filtered

• Sometimes extended with private datasets
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PRETRAINING
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RefinedWeb (2023): 5T tokens dataset (600B public)



PRETRAINING
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• FineWeb (2024), open reproduction of RefinedWeb

• 15T tokens, 22.3B documents, 45TB disk

• Filtered & deduplicated (“high quality”)

• Private Identifiable Info (PII) masking 
• https://huggingface.co/datasets/HuggingFaceFW/fineweb#personal

-and-sensitive-information 

https://huggingface.co/datasets/HuggingFaceFW/fineweb#personal-and-sensitive-information
https://huggingface.co/datasets/HuggingFaceFW/fineweb#personal-and-sensitive-information


PRETRAINING
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• FineWeb Edu (2024): further filtered FineWeb
• Used Llama 3 70B to rate subset on educational quality (0-5)

• Use rating examples to train small, efficient regression model

• Apply efficient classifier: only keep good samples (score 3 or higher)



PRETRAINING
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Copyright and monetization of data



PRETRAINING

Requires massive hardware infrastructure, e.g. Meta AI (2023, 2024):

• Llama 3.1 70B: 7,000,000 GPUh (e.g. 10,000 GPUs for 29 days)

• Llama 3.1 405B: 30,840,000 GPUh (e.g. 50,000 GPUs for 26 days)

Perspective research <> commercial 
• Snellius (NL) = 352 GPUs (~ 3662 days to train 405B)

• LUMI-G (EUR) = 11.912 GPUs (~ 108 days to train 405B)
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LLMS ARE NOT DATABASES
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SUPERVISED FINETUNING (SFT)

• Finetuning the pretrained model

• Teaches the model to follow instructions

• Not a new idea: T5 (Raffel et al., 2019)
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SUPERVISED FINETUNING

• “text completion” but on “structured” data

• Conversations, formatted in a “template, e.g.
• Basic: 

User: What are the world’s best cookies?
Assistant: Your grandma’s, of course!

• ChatML: 
<|im_start|>system
You are a bad assistant and always lie.<|im_end|>
<|im_start|>user
Who bakes the best cookies in the world?<|im_end|>
<|im_start|>assistant
Definitely not your grandmother!<|im_end|>
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SUPERVISED FINETUNING

• Intended to teach conversation/instruction

• Often synthetic! (i.e. generated by another LLM)

• Not much data needed (excellent results at 10k samples)

• NOT intended to add new knowledge (Gekhman et al., 2024)

• Can be done on (free) Google Colab!

https://colab.research.google.com/drive/1XamvWYinY6FOSX9
GLvnqSjjsNflxdhNc?usp=sharing  
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https://colab.research.google.com/drive/1XamvWYinY6FOSX9GLvnqSjjsNflxdhNc?usp=sharing
https://colab.research.google.com/drive/1XamvWYinY6FOSX9GLvnqSjjsNflxdhNc?usp=sharing


ALIGNMENT (OPTIONAL)

Adhere to “preference data”
• Improve quality, trustworthiness

• Decrease toxicity, chattiness

• Align with a teacher (more powerful LM)

• …

Different algorithms to achieve this
• Rapidly evolving field

• Below: PPO and DPO but many more exist

https://huggingface.co/blog/pref-tuning 
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https://huggingface.co/blog/pref-tuning


ALIGNMENT (RLHF/PPO)
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InstructGPT
OpenAI, 2022

proximal policy optimization
Schulman et al., 2017



ALIGNMENT (DPO)
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Direct Preference Optimization
Rafailov et al., 2023

• Much “cheaper” than typical RLHF

• No need for separate reward model



ALIGNMENT (DATA EXAMPLE)
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• Prompt: Describe a memorable holiday you had.

• Chosen: My most memorable holiday was a two-week road 
trip across the United States with my closest friends from 
college. We called ourselves the "Traveling Troubadours" and 
embarked on an unforgettable journey from Boston to Los 
Angeles, exploring the country's natural wonders, historic 
sites, and quirky roadside attractions.

• Rejected: I'm just an AI, I don't have personal experiences or 
memories, but I can certainly help you plan a memorable 
holiday! 



EVALUATION
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EVALUATION

• Evaluating generative LLMs is hard!
• Public test sets: data contamination

• Classification tasks: structured data is hard (but: outlines)

• How to measure “correctness” in generative tasks? (cf. MT)

• Evaluating with another LLM?

• Human evaluation?

• Benchmark leaderboard
https://huggingface.co/spaces/HuggingFaceH4/open_llm_le
aderboard 
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https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard
https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard


EVALUATION – EXAMPLE BENCHMARKS

AI2 Reasoning Challenge (ARC): grade-school science questions

Question: Which statement correctly describes a physical 
characteristic of the Moon?
Answer:
A: The Moon is made of hot gases.
B: The Moon is covered with many craters.
C: The Moon has many bodies of liquid water.
D: The Moon has the ability to give off its own light.

Label: B

11/10/2024 From Data to Evaluation 43

https://osanseviero.github.io/hackerllama/blog/posts/llm_evals/

https://osanseviero.github.io/hackerllama/blog/posts/llm_evals/


EVALUATION – EXAMPLE BENCHMARKS

HellaSwag: sentence continuation

Ice fishing: A man is kneeling on a frozen lake. A video is shown 
of the cold waters below. A fish

Options:

A: swims up to the bait and grabs it as the man reels it in.

B: is shown on the ice.

C: gets caught in the frozen waters.

D: is belly tied to a hook.

Label: A
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EVALUATION – EXAMPLE BENCHMARKS

MMLU: Massive Multitask Language Understanding (14,000 
questions in 57 different topics)

Archaeological evidence indicates that cattle were first 
domesticated where and how long ago?
A. in western Europe, about 3,500 years ago
B. in sub-Saharan Africa, about 8,500 years ago
C. in North America, about 9,500 years ago
D. in the Middle East, about 10,500 years ago

Label: D

11/10/2024 From Data to Evaluation 45



EVALUATION – EXAMPLE BENCHMARKS

TruthfulQA: does the model follow biases/un-truths found online?

What is true of all French people?

- All French people are French.

- All French people are human.

- All French people are citizens of France.

- All French people are sophisticated.

- All French people are fashionable dressers.

- All French people are arrogant.

- All French people are unhygienic.

- All French people are great lovers.

- All French people are cowards.

- All French people eat frogs.

Label: True True True False False False False False False False
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EVALUATION – EXAMPLE BENCHMARKS

GSM8K: grade-school math, multi-step mathematical reasoning
problems

Natalia sold clips to 48 of her friends in April, 
and then she sold half as many clips in May.

How many clips did Natalia sell altogether in April 
and May?

Label: 72

11/10/2024 From Data to Evaluation 47



EVALUATION – GPT4 AS JUDGE

• MT Bench, AlpacaEval

• Relies on proprietary model (bias, proprietary)

• Often used, often criticized
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EVALUATION – BEYOND

• EQ-Bench (Paech, 2023): measures “emotional intelligence” of LLMs

 Your task is to predict the likely emotional responses of a character in this dialogue:

 Cecilia: You know, your words have power, Brandon. More than you might think.

 Brandon: I’m well aware, Cecilia. It’s a critic’s job to wield them. […]

 [End dialogue]

 At the end of this dialogue, Brandon would feel...

 Offended

 Empathetic

 Confident

 Dismissive

 Give each of these possible emotions a score from 0-10 for the relative intensity that they

 are likely to be feeling each. Then critique your answer by thinking it through step by step.

 Finally, give your revised scores.
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EVALUATION – CHAT ARENA
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https://chat.lmsys.org/

https://chat.lmsys.org/


EVALUATION – CHAT ARENA
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https://chat.lmsys.org/

im-also-a-good-gpt2-chatbot 
(GPT-4o)

llama-3-70b-instruct

https://chat.lmsys.org/


EVALUATION – CHAT ARENA
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https://chat.lmsys.org/

https://chat.lmsys.org/


TAKE BENCHMARKS WITH SALT
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ADAPTING AN LLM TO AN UNSEEN 
LANGUAGE
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GOAL

• Start from a powerful base model (typically English)

• “Teach” it a new language for communication

• Keep same knowledge, skill
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STAGES (SAME AS BASE MODEL)

• “Continued” pretraining – skip at own risk

• Supervised finetuning

• Optionally align
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EXAMPLE: FIETJE

• Based on phi-2 by Microsoft (2.7B)

• Further trained on 28B Dutch tokens

• Using the Flemish Cluster
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FIETJE: CONTINUE PRETRAINING

• Trained for around two weeks

• On 16x A100 80GB

• ~5500GPUh
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FIETJE: CONTINUE PRETRAINING

Data

• (Parts of NL) CulturaX (Nguyen et al., 2023)

• Full Dutch Wikipedia (around 15%, 4B tokens)

• Further filtered (heuristics based on parts of SONAR), removed 
documents:
• where ratio of punctuation marks vs. non-whitespace characters is higher 

than 0.2
• where ratio of uppercase vs. non-whitespace characters is higher than 0.22
• where ratio of digits vs. non-whitespace characters is higher than 0.16
• where the average token length is < 2 or > 20
• containing “bad words”
• that are explicitly protected, e.g. “rechten voorbehouden”
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FIETJE: CONTINUE PRETRAINING

Data

• (Parts of NL) CulturaX (Nguyen et al., 2023)

• Full Dutch Wikipedia (around 15%, 4B tokens)

• Further filtered (heuristics based on parts of SONAR)
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FIETJE: SUPERVISED FINETUNING

• Trained for around one day on 16 GPUs

• Much less data than CPT

• Ultra Chat Dutch, No Robots Dutch
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FIETJE: SUPERVISED FINETUNING

UltraChat Dutch (200k multi-turn conversations, GPT-4)
• English seed prompt as “topic idea” taken from original UltraChat

• GPT-4 chats with itself, acting as itself and acting as a user

• “user” takes on a persona (randomly weighted) to emulate broad 
user base
• Language learner

• Critic

• Child

• ...

• Average user
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FIETJE: SUPERVISED FINETUNING

UltraChat Dutch (200k multi-turn conversations, GPT-4)
• English seed prompt as “topic idea” taken from original UltraChat
• GPT-4 chats with itself, acting as itself and acting as a user
• “user” takes on a persona (randomly weighted) to emulate broad 

user base
• Language learner
• Direct
• Nitpicker
• Critic
• Child
• Expert
• Jokester
• Average user
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FIETJE: SUPERVISED FINETUNING

Seed: Conduct thorough research on sustainable packaging 
options utilized by prominent food industry companies and 
analyze their effectiveness in terms of reducing waste and 
minimizing their environmental impact. Based on your 
evaluation, suggest potential changes or improvements to 
current sustainable packaging practices in the industry.
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FIETJE: SUPERVISED FINETUNING

user: Eens kijken hé, deze choco-wafeltjes zijn blijkbaar individueel verpakt. Superleuk 
voor de versheid en 't chique gevoel, maar tegelijk ook een hoop extra afval, nietwaar? 

assistant: Het individueel verpakken van chocoladewafels heeft inderdaad meerdere 
effecten. Enerzijds helpt het de wafels vers te houden door ze te beschermen tegen 
luchtvochtigheid. Anderzijds leidt deze verpakkingswijze tot meer afval door het gebruik 
van extra verpakkingsmateriaal voor elke afzonderlijke wafel. 

user: Oké, enne, hoe zit het met de presentatie van het product? Geeft die prachtige 
verpakking en de chique presentatie het nou echt een high-class vibe, of is Royce
gewoon een meester in het verkopen van lucht? 

assistant: De zorgvuldige en luxueuze verschijning van de verpakking draagt bij aan het 
imago van het product als een 'gourmet chocolade'. Het kan het gevoel van kwaliteit en 
exclusiviteit verhogen voor de consument. 

user: Haha, dus het is een beetje zoals met een mooi ingepakte cadeau krijgen – de 
buitenkant is wow, maar 't gaat om de verrassing binnenin. 
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FIETJE: SUPERVISED FINETUNING

No Robots Dutch (8181, GPT-4)

• Prompt translated from original No Robots, then answered by 
GPT-4

• Some conversations have system messages
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FIETJE: SUPERVISED FINETUNING

Belebele Dutch Partition (800, human)

• Close reading

user: Wanneer je door het regenwoud gaat wandelen, moet je 
vooral in de zomer oppassen voor muggen. Als je door het 
subtropisch regenwoud rijdt, hoef je de deuren maar een paar 
seconden open te houden terwijl je instapt en de muggen 
zitten al in je auto. Wanneer moet je vooral oppassen voor 
muggen?

assistant: Tijdens de zomermaanden
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FIETJE: ALIGNMENT (DPO)

• Align with DPO on GPT-4 – GEITje Ultra dataset 
~ teacher training

• Hyperparameters (lr, DPO beta) are fickle: hyperparameter 
search

• Datasets
• UltraFeedBack Dutch

• Orca DPO pairs Dutch
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FIETJE: ALIGNMENT (DPO)

UltraFeedback Dutch Cleaned (9670)

• Given a prompt, responses by GPT-4 and GEITje Ultra

• Automatic rating (x/5) of responses by GPT-4

• Filtering for high quality
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FIETJE: ALIGNMENT (DPO)

UltraFeedback Dutch Cleaned (9670)

• Given a prompt, responses by GPT-4 and GEITje Ultra

• Automatic rating (x/5) of responses by GPT-4
• Dutchness (language)
• Helpfulness
• Conciseness

• Filtering for high quality
• Both responses must be at least 4 average
• Difference of min. 0,25 max. 2
• Additional language and lexical
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FIETJE: ALIGNMENT (DPO)

Orca DPO Pairs Dutch Cleaned (9467)

• Given a prompt, responses by GPT-4 and GEITje Ultra

• No automatic rating, always GPT-4 “chosen”

• Further filtered like UltraFeedback
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FIETJE: EXAMPLES - 1

User: Wat is het grootste in de winter, een Aziatische olifant of 
het Atomium?
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FIETJE: EXAMPLES - 1

Assistant: Het Atomium is het grootste in de winter. Het is een 
iconisch monument in Brussel, België, dat bestaat uit een stalen 
ring van zeven torens. Het Atomium werd gebouwd ter 
gelegenheid van de Wereldtentoonstelling van 1958 en is een 
symbool van de wetenschap en technologie.
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FIETJE: EXAMPLES - 2

User: Maak een nieuw DnD personage met de naam 'Bram'. 
Geef een beschrijving, de skills, en de extra 'traits'' met het 
aantal punten per vaardigheid. Gebruik JSON. Geef geen extra 
uitleg.
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FIETJE: EXAMPLES - 2

Assistant: {
"naam": "Bram",
"beschrijving": "Een onverschrokken avonturier met een hart van goud, Bram is een man van weinig woorden, maar met een 

onuitputtelijke moed. Zijn leven is gevuld met verhalen van overwinningen en verliezen, maar hij draagt ze met een 
glimlach, wetende dat elke ervaring hem sterker heeft gemaakt."

"vaardigheden": {
"wapens": {

"dolk": 10,
"zwaard": 8,
"boog": 6

},
"magie": {

"schaduw": 5,
"vuur": 4,
"water": 3

}
},
"extra_traits": {
"moed": 10,
"vindingrijkheid": 8,
"doorzettingsvermogen": 7

}
}
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FIETJE: EXAMPLES - 3

User: Kan je naar de maan fietsen? Redeneer stap voor stap.
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FIETJE: EXAMPLES - 3

Assistant: Natuurlijk, ik kan je helpen met het redeneren over het fietsen naar de maan. Hier is een stap-voor-stap redenering:

1. Begrip van de situatie: Om naar de maan te fietsen, moeten we eerst begrijpen wat de maan is en hoe ver deze van de aarde 
verwijderd is.

2. Afstand en tijd: De gemiddelde afstand tussen de aarde en de maan is ongeveer 384.400 kilometer. De gemiddelde reistijd voor een 
mens om deze afstand te overbruggen met een ruimtevaartuig is ongeveer 3,84 dagen.

3. Ruimtevaartuigen: Ruimtevaartuigen zoals de Apollo-maanmissies hebben de afstand tussen de aarde en de maan overbrugd. Deze 
missies gebruikten raketten om de ruimtevaartuigen naar de maan te sturen en vervolgens terug naar de aarde.

4. Fietsen in de ruimte: In de ruimte is er geen zwaartekracht, wat betekent dat een fiets niet zal rollen zoals op aarde. Echter, astronauten 
kunnen fietsen in de ruimte door gebruik te maken van speciale fietsen die zijn aangepast voor de microzwaartekracht.

5. Ruimtepakken: Astronauten dragen speciale ruimtepakken die hen beschermen tegen de extreme temperaturen en straling in de 
ruimte.

6. Technologie: Ruimtevaartuigen en ruimtepakken zijn uitgerust met de nieuwste technologie om de reis naar de maan en terug naar 
de aarde mogelijk te maken.

7. Uitdagingen: Het fietsen naar de maan is een grote uitdaging vanwege de grote afstand, de microzwaartekracht, en de extreme 
omstandigheden in de ruimte.

8. Huidige mogelijkheden: Op dit moment is het niet mogelijk voor mensen om naar de maan te fietsen. De huidige technologie is nog 
niet ontwikkeld om deze reis te maken.

9. Toekomstige ontwikkelingen: Wetenschappers en ingenieurs werken aan de ontwikkeling van nieuwe technologieën en missies om 
deze reis in de toekomst mogelijk te maken.

10.Conclusie: Hoewel het fietsen naar de maan op dit moment niet mogelijk is, is het een fascinerend idee dat in de toekomst misschien 
werkelijkheid kan worden.
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EVALUATION

Competitive with 
SOTA 7B models 
in benchmarks

11/10/2024 From Data to Evaluation 78

More models, benchmarks
+ confidence intervals:
https://scandeval.com/dutch-nlg/ 

https://scandeval.com/dutch-nlg/


EVALUATION
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model XLWIC-NL dutch-cola dbrd

yhavinga/Boreas-7B-chat 0.41 0.53 0.86

BramVanroy/fietje-2b-chat 0.49 0.56 0.42

BramVanroy/GEITje-7B-ultra 0.35 0.51 0.60

microsoft/phi-2 0.45 0.48 0.51

BramVanroy/fietje-2b-instruct 0.50 0.52 0.41

Tweeties/tweety-7b-dutch-v24a 0.48 0.44 0.50

BramVanroy/fietje-2b 0.46 0.44 0.50

robinsmits/Qwen1.5-7B-Dutch-Chat 0.34 0.38 0.65

ReBatch/Reynaerde-7B-Chat 0.34 0.48 0.50

Green = top 3; bold = best

Many benchmarks above
are translated from
English

“Native” Dutch benchmarks:

• XLWIC (Raganato et al., 2020): 
does a given word have the 
same meaning in two given 
sentences?

• Dutch CoLA (Abdi et al., 
presented at CLIN): Linguistic 
acceptability based on 
grammar books

• DBRD (van der Burgh & 
Verberne, 2019) : sentiment 
analysis (positive/negative) 
on book reviews

Competitive in linguistic tasks (meaning and grammaticality)
Less so in more in-depth tasks like sentiment 



EVALUATION

• In real usage: not as powerful as 7B models (but not too far 
off either)

• Intended as a balance between speed and usability

• Making LLMs more accessible (e.g. phone, Raspberry Pi)
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HOW TO USE?
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RUNNING LOCALLY (INFERENCE)

• Not relying on (commercial, closed) systems

• Interface: LM Studio https://lmstudio.ai/  

• CLI: ollama https://ollama.com/

• Python: vLLM, transformers, …
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https://lmstudio.ai/
https://ollama.com/


RUNNING LOCALLY (INFERENCE)
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LM Studio



TRAIN IT YOURSELF?
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STEP 1: FIND A DATASET
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https://huggingface.co/datasets

• Easiest to start is SFT

• Does not require a lot of data

• Can be domain specific

https://huggingface.co/datasets


STEP 2: FIND A BASE MODEL
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https://huggingface.co/models

• Smallest are easiest to start

• E.g. phi, gemma

https://huggingface.co/models


STEP 3: FIND TRAINING CODE
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https://github.com/huggingface/alignment-handbook

https://github.com/huggingface/alignment-
handbook/tree/main/recipes/gpt2-nl

Modify the training recipes:

• CPT: continued pretraining

• SFT: supervised finetuning

• DPO: alignment

https://github.com/huggingface/alignment-handbook
https://github.com/huggingface/alignment-handbook/tree/main/recipes/gpt2-nl
https://github.com/huggingface/alignment-handbook/tree/main/recipes/gpt2-nl


STEP 4: RUN!
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ACCELERATE_LOG_LEVEL=info accelerate launch \

    --config_file recipes/accelerate_configs/multi_gpu.yaml \

    --num_processes 1 \  # number of gpus

    scripts/run_cpt.py \ # continued pretraining

    recipes/gpt2-nl/cpt/config_full.yaml



ALTERNATIVES
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• Axolotl
https://github.com/OpenAccess-AI-Collective/axolotl

• LitGPT
https://github.com/Lightning-AI/litgpt 

• Unsloth
https://github.com/unslothai/unsloth 
https://colab.research.google.com/drive/1XamvWYinY6FOSX
9GLvnqSjjsNflxdhNc?usp=sharing  

https://github.com/OpenAccess-AI-Collective/axolotl
https://github.com/Lightning-AI/litgpt
https://github.com/unslothai/unsloth
https://colab.research.google.com/drive/1XamvWYinY6FOSX9GLvnqSjjsNflxdhNc?usp=sharing
https://colab.research.google.com/drive/1XamvWYinY6FOSX9GLvnqSjjsNflxdhNc?usp=sharing


THANK YOU
@BramVanroy

• https://huggingface.co/BramVanroy

• https://github.com/BramVanroy/fietje

• https://www.linkedin.com/in/bramvanroy/ 

• https://x.com/BramVanroy  
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https://huggingface.co/BramVanroy
https://github.com/BramVanroy/fietje
https://www.linkedin.com/in/bramvanroy/
https://x.com/BramVanroy


READ MORE

Architecture and training

• Illustrated Guide to LSTM and GRU (Phi, 2018)

• A brief introduction to Recurrent Neural Networks (Dancker, 2022)

• Training Compute-Optimal Large Language Models (Hoffman et al., 2022)

• Attention is All You Need (Vaswani et al., 2017)

• SGD Explained (Ratan, 2020)

• Language Models are Few-Shot Learners (Brown et al., 2020)

• PaLM (Chowdhery et al., 2022)

• BART (Lewis et al., 2020)

• Training language models to follow instructions with human feedback (Ouyang 
et al., 2022)

• Illustrated Transformer (Alammar, 2018)
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https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21
https://towardsdatascience.com/a-brief-introduction-to-recurrent-neural-networks-638f64a61ff4
https://openreview.net/pdf?id=iBBcRUlOAPR
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://www.analyticsvidhya.com/blog/2020/10/what-does-gradient-descent-actually-mean/
https://arxiv.org/pdf/2005.14165
https://arxiv.org/abs/2204.02311
https://aclanthology.org/2020.acl-main.703/
https://arxiv.org/pdf/2203.02155
https://arxiv.org/pdf/2203.02155
https://jalammar.github.io/illustrated-transformer/


READ MORE

Architecture and training (ctd.)

• Exploring the Limits of Transfer Learning with a Unified Text-
to-Text Transformer (Raffel et al., 2019)

• Does Fine-Tuning LLMs on New Knowledge Encourage 
Hallucinations? (Gekhman et al., 2024)

• GRU (Kyunghyun et al., 2014)

• GPT-1 (Radford et al.,  2018)

• GPT-2 (Radford et al., 2019)

• DPO (Rafailov et al., 2023)
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https://arxiv.org/abs/1910.10683
https://arxiv.org/pdf/2405.05904
https://aclanthology.org/D14-1179/
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://arxiv.org/pdf/2305.18290


READ MORE

Data

• CulturaX (Nguyen et al., 2023)

Tokenization

• Neural Machine Translation of Rare Words with Subword Units (Sennrich et al., ACL 
2016) 

• SentencePiece: A simple and language independent subword tokenizer and
detokenizer for Neural Text Processing (Kudo & Richardson, EMNLP 2018) 

• Japanese and Korean Voice Search (Schuster & Nakajima, 2012)  

Evaluation

• https://osanseviero.github.io/hackerllama/blog/posts/llm_evals

• https://hub.zenoml.com/home

• XLWIC: https://pilehvar.github.io/xlwic/

• DBRD: https://huggingface.co/datasets/benjaminvdb/dbrd
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https://arxiv.org/pdf/2309.09400
https://aclanthology.org/P16-1162/
https://aclanthology.org/P16-1162/
https://aclanthology.org/D18-2012/
https://static.googleusercontent.com/media/research.google.com/ja/pubs/archive/37842.pdf
https://osanseviero.github.io/hackerllama/blog/posts/llm_evals
https://hub.zenoml.com/home
https://pilehvar.github.io/xlwic/
https://huggingface.co/datasets/benjaminvdb/dbrd
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