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Generating text with LMs
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Parts of a language models

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

b4

Attention mechanism
Each word affects the other words

b4

He Is

Tokenizer
How a model understands text

Training data
What a model learns
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Training data

wikipedia (copyright free) books scraped data

Oscar corpus

Intoto LLMs | 8



Language modeling

1. Autoregressive language modeling

He is a —-<_ He is a doctor
b4 X IR
\\
\\
bt W bt
He s \_He is /a

-~

-_’

2. Masked language modeling

He Is a doctor

bt

Masked LM

R

He <m>a doctor
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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.

!

No, I am not a giraffe.
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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, 2064, 37370, 21223, 13]
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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, 2064, 37370, 21223, 13]

!

34 |

21223: affe
37370: _gir

p ieter,ai LLMs guest lecture — 15



Byte-pair encoding (BPE) merges frequent tuples

Gstandaardtarief
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Byte-pair encoding (BPE) merges frequent tuples

dll
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Gstandaardtarief
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Byte-pair encoding (BPE) merges frequent tuples

st an aa dt ar

N A A

Gstandaardtarief
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Byte-pair encoding (BPE) merges frequent tuples

and

St an/\ aa dt ar 1e
AN /\ AVARNA
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Byte-pair encoding (BPE) merges frequent tuples

Gstand

VRN
Gst and
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st an aa dt ar 1e
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Byte-pair encoding (BPE) merges frequent tuples

Gstand aardt arlef

Gst and aar \ / 1ef
/ )\ \ n \ NS \

Gstandaardtarlef
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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.
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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.

EN No, I am not a giraffe. That 1s an absurd thought.
NL Nee, 1k ben geen giraf. Dat 1s een absurde gedachte.

DE Neiln, 1ch bin keilne Giraffe. Das 1st eln absurder Gedanke.
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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.

EN No, I am not a giraffe. That 1s an absurd thought. - fertility =1.09
NL Nee, 1k ben geen giraf. Dat 1s een absurde gedachte. - fertility = 1.55

DE Neiln, 1ch bin kelne Giraffe. Das 1st eiln absurder Gedanke. — fertility = 1.55
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Chain effect: vocabulary is filled with unused tokens

 BPE merges tuples of 2 token types

* Joken types need to exist first

Pieter.ai

Gblbllotheken

N

bllothe

bliot

7R

bllotheken

7N

A
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... and morpheme boundaries are not respected

Gholrses
| |
| | orses
« Tokenization happens eagerly —
| ors hoe
 Representations are dependent on tokens — —
| o | Gh or es ho
* Problematic for agglutinative or fusional langs. o mnllms
G H O R e s H O E

_horses

| hoe' ]
HE BN HE"EN

'f)ieter.ai https://pieter.ai/bpe-knockout/ LLMs guest lecture — 26



Language-specific models



Why?

* Vocabulary size is limited

 Not every word in every language can be a token

O
N
 Embeddings need to be stored 2
s
D)
O
Qv
@
O
>
—
hidden size
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Why?

* Vocabulary size is limited

 Not every word in every language can be a token

D

N

 Embeddings need to be stored 2

@

 But we want to represent our target domain well P

©

O

» More meaningful representations 2
—
* | ower fertility = faster inference hidden size
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Why?

* Vocabulary size is limited

 Not every word in every language can be a token

D

N

 Embeddings need to be stored 2

@

 But we want to represent our target domain well P

©

O

» More meaningful representations 2
—
* | ower fertility = faster inference hidden size

— domain-specific or language-specific models
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Geitje-7b
First Dutch LLM

pieter,ai LLMs guest lecture — 31



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

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.

o I\/I i St r a I — 7 b fi n et u n e O n ¢ g i g aCO rp u S ) 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
° A to rre nt W It h g I g a bytes Of D UtC h b O O kS 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

® G i g aCO rp u S g Ot t a ke n d OW n by B re i n al re ad y Rijgersberg gezegd dat volgens de geldende wet- en regelgeving GEITje daarom offline gehaald moet

worden.

pieter,ai https://tweakers.net/nieuws/231254/ontwikkelaar-haalt-taalmodel-geitje-offline-na-verzoek-stichting-brein.html LLMs guest lecture — 32



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
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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

Pieter.ai

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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Tweety LLMs

A series of models with
language-specific tokenizers




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

" Per-language
" tokenization Fast align

Il Il T

Predefined mappings

e.g.@) 1: 1) A

2. Embedding mapping

} /—> 1) _sommige

Cc . i
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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

9.0 1: 1y
2. Embedding mapping o
G _few ) _sommige
— }E/
) you Con i wm

3. Model adaptation: continue pretraining for a few GPU hours (e.g. 40h)

pieter,ai LLMs guest lecture — 39



~—

Community model

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

Pieter.ai

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
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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 — —
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European Tweeties
Trans-tokenizing all EU languages

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

. Source Language . Evaluated @ Pre-trained Converted

Created tokenizer Next up

CS DA ET Fl FR
GA EL HU LV LT
MT PL PT RO SK
& - Community model . . o s o
tweety-7b-italian
tWEEty'7b'tatar ‘® github.com/RiTA-nlp
N Updated on October 28, 2024.
'f)ieter.ai https://pieter.ai/blog/2024/european-tweeties/
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Diet

All our models are publicly available

Model weights on Hugging Face

@ ChocolLlama/ChocolLlama-2-7B-base
@ ChocolLlama/ChocolLlama-2-7B-tokentrans-instruct

@ ChocolLlama/Llama-3-ChocolLlama-8B-hase

Tweeties/tweety-7b-dutch-v24a
Tweeties/tweety-tatar-hydra-base-7b-v24a

Tweeties/tweety-7hb-armenian-v24a

@ ChocolLlama/ChocolLlama-2-7B-instruct
@ ChocolLlama/ChocolLlama-2-7B-tokentrans-hase

@ ChocolLlama/Llama-3-ChocolLlama-8B-instruct

£ Tweeties/tweety-tatar-hydra-mt-7b-v24a
£ Tweeties/tweety-7b-tatar-v24a

Tweeties/tweety-7b-italian-v24b-1lama3

private



Inference



An inference pass
through GPT

Pieter.ai

Output

Softmax

$

| Linear
l LayerNorm

Transformer Block

Layer L

Transformer Block
Layer ...

Transformer Block
Layer 1

$

Dropout

Positional
@
Input
Embedding

Input

Transformer Block Output

+

Gelu

Linear

LayerNorm

l Dropout I

[ Matmul ][ Matmul ][ Matmul ]

A A A

Softmax Softmax Softmax

Head ...
Linear

LayerNorm

Transformer Block Input
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An inference pass
through GPT

] ]ﬂr]”
Attention(Q, K, V) = softmax( QK 1%
Vg
MultiHead(Q, K, V) = Concat(head, ..., heady, )W

where head; = Attention((Q I-VIQ, K "*I-""f{, V Hl‘)

Pieter.ai

Transformer Block Output

+

Gelu

Linear

LayerNorm

Dropout

[ Matmul ][ Matmul ][ Matmul ]

Dropout

Softmax Softmax Softmax

i

Head ...
Linear

LayerNorm

Transformer Block Input

LLMs guest lecture — 46



An inference pass
through GPT

_ ],_rT
Attention(Q, K, V') = softmax( QK 1%
Vg
MultiHead(Q, K, V') = Concat(head,, ..., 11(}21(111)”-’0

where head; = Attention(QW <, KWX vw})

Pieter.ai

Transformer Block Output

+

Gelu

Linear

LayerNorm

Dropout

Matmul ][ Matmul ]

A A

Softmax

Linear

LayerNorm

Transformer Block Input
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An inference pass
through GPT

— ]'"’T
Attention(Q, K, V) = softmax( QK 1%
Vg
MultiHead((Q. K,V ) = Concat(head, .... 11(}21(111)”-""0 E——

where head; = Attention(QW <, KWX vw})

Transformer Block Output

+

Gelu

Linear

LayerNorm

Head ...
Linear

LayerNorm

Pieter.ai

Transformer Block Input
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KV cache

LM inference is split into 2 steps

* Prefill

T
Attention(Q, K,V) = softmax( @K )V

. d
e (Generation vk

| | Ms are “causal”, conditioned on the previous tokens

piﬁter,ai LLMs guest lecture — 49



Step 1 '
Q KT QKT V Attention
Query Token 1 = Q,K, Value Token 1 Token 1
N X | £ = X =
~ L 1)
=0 2
(1, emb_size) (emb_size, 1) (1, 1) (1, emb_size) (1, emb_size)
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Step 1 '
Q KT QKT V Attention
Query Token 1 = Q,, Value Token 1 Token 1
2
§ @ > _ _
5 X | = = X =
>~ L )
=0 2
(1, emb_size) (emb_size, 1) (1, 1) (1, emb_size) (1, emb_size)
Q KT QKT Vv Attention
Query Token 1 _ R Value Token 1 Token 1
s @ %
Nk X | & = X =
i L
(1, emb_size) (emb_size, 1) (1, 1) (1, emb_size) (1, emb_size)
Values that will be masked Values that will be taken from cache

pieter,ai LLMs guest lecture — 51



Bandwidth is a limiting factor

For A100

Batching: the key to good GPU utilization

+ FLOPS: 3.12 * 10" 14 ops

Data type

H100-SXM5
(TFLOPS)

A100-SXM4
(TFLOPS)

Difference

* Memory: 2.03 * 107N 2 B/s

TF32 494 156 3.2X
BF16 089 312 3.2X
FP16 989 312 3.2x
6.3X
FP8 1979 (vs BF16)
Bandwidth (GB/s) 3350 2039 1.6X

Pieter.ai
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The roofline model

Dieter.ai

Throughput (tokens/sec)

I
® 50% of Peak => 50% MBU

Batch Size

Peak Throughput

Bandwidth
Bound

Compute
Bound

1
® 70% of Peak => 70% MFU
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Expert parallism

y

T

Add + Normalize

1

Switching FFN Layer

1

Add + Normalize

)

Self-Attention

!

X

Pieter.ai

y2

Add + Normalize

[FFNS][FFN4]

p = 0.65 ""t\

-
-
------
- =

- >[ Add + Normalize ]1
Self-Attention
A
Positional Positional 9
embedding T) embedding
ST1HE N Xp B
More Parameters

https://arxiv.org/abs/2101.03961
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Expert parallism enables deployments at scale
E.g. Deepseek R1 Is deployed on 22 nodes
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Conclusion
Fast inference at home?

Small batches, local inference Multiple users, openAPl-compatible

ollama, Imstudio
vLLM, SGLang
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Slides available: pieter.ai/appearances.html

e»e® [~ < > @ c & pieter.aifappearances.html e @© m + O

Pieter Delobelle HOME BLOG RESEARCH APPEARANCES ABOUT ME CONTACT

Appearances

This is an overview of all the talks | gave, both publicly or
for a private audience. News outlets also occasionally
interview me, those press mentions are also listed here.

Talks
April 30, 2025 UAntwerpen

Guest lecture on large language models

A April 29, 2025 Al&LM Workshop

Steering language models & INFO

Aprit 22, 2025 Flanders Al, VAIA, VRT

VA
M ° Vlaamse taalmodellen B SLIDES & INFO
pleter.al ©
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