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Inference: how to run an LLM efficiently
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Generating text with LMs
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📘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
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Training data
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wikipedia (copyright free) books scraped data
Oscar corpus
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Language modeling

1. Autoregressive language modeling 
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1. Autoregressive language modeling 
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2. Masked language modeling
is aHe
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RobBERT

https://pieter.ai/robbert/
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Language modeling

1. Autoregressive language modeling 
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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/
3M+ downloads
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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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No, I am not a giraffe.

Tokenizing the training data
an example

[2822, 11, 358, 1097, 539, 264, 37370, 21223, 13]
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314: _I

37370: _gir
21223: affe

No, I am not a giraffe.

[2822, 11, 358, 1097, 539, 264, 37370, 21223, 13]

Tokenizing the training data
an example
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Byte-pair encoding (BPE) merges frequent tuples
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Byte-pair encoding (BPE) merges frequent tuples
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Few non-English words are tokens
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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
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Token types for words in English do not match, so the tokenizer falls back to non-
representative tokens types.

EN

NL

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

EN

NL

DE

→ fertility = 1.09

→ fertility = 1.55

→ fertility = 1.55
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Chain effect: vocabulary is filled with unused tokens

• BPE merges tuples of 2 token types


• Token types need to exist first 

25
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… and morpheme boundaries are not respected

26https://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



Language-specific models
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Why?

• Vocabulary size is limited


• Not every word in every language can be a token


• Embeddings need to be stored (16bits x vocab x h)
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314: _I

37370: _gir
21223: affe
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Why?

• Vocabulary size is limited


• Not every word in every language can be a token


• Embeddings need to be stored (16bits x vocab x h)


• But we want to represent our target domain well


• More meaningful representations


• Lower fertility = faster inference
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Why?

• Vocabulary size is limited


• Not every word in every language can be a token


• Embeddings need to be stored (16bits x vocab x h)


• But we want to represent our target domain well


• More meaningful representations


• Lower fertility = faster inference


→domain-specific or language-specific models
30
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Geitje-7b
First Dutch LLM

31
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Geitje-7b
First Dutch LLM that got taken down by Brein

• Mistral-7b finetune on ‘gigacorpus’


• A torrent with gigabytes of Dutch books


• Gigacorpus got taken down by Brein already 

32https://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" (2023)
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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" (2023)
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ChocoLlama
More effort to curate high-quality data

35www.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



LLMs guest lecture — ieter.ai
36

Tweety LLMs
A series of models with 

language-specific tokenizers
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Trans-tokenization

37

Trans-Tokenization: embedding initializations
1. Token alignment

2. Embedding mapping

3. Model adaptation: continue pretraining for a few GPU hours (e.g. 40h)
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Trans-Tokenization: embedding initializations
1. Token alignment

2. Embedding mapping

3. Model adaptation: continue pretraining for a few GPU hours (e.g. 40h)
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Trans-tokenization
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Trans-Tokenization: embedding initializations
1. Token alignment

2. Embedding mapping

3. Model adaptation: continue pretraining for a few GPU hours (e.g. 40h)
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tweety-7b-dutch
We trained a Dutch LLM based on 
Mistral-7B with a vocabulary of 50k 
tokens on 8,4B tokens.

tweety-7b-tatar
This is a state-of-the-art LLM for 
summarization and NLU. It also 
performs well for translation, 
outperforming Google Translate.

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

Community model
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tweety-7b-dutch
We trained a Dutch LLM based on 
Mistral-7B with a vocabulary of 50k 
tokens on 8,4B tokens.

tweety-7b-tatar
This is a state-of-the-art LLM for 
summarization and NLU. It also 
performs well for translation, 
outperforming Google Translate.

Results: LLMs for low+mid resource languages
Tatar: NLU← and summarization→

Hydra LLMs: Switching heads for 
zero-shot machine translation

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

Community model
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European Tweeties
Trans-tokenizing all EU languages
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tweety-7b-dutch
We trained a Dutch LLM based on 
Mistral-7B with a vocabulary of 50k 
tokens on 8,4B tokens.

tweety-7b-tatar
This is a state-of-the-art LLM for 
summarization and NLU. It also 
performs well for translation, 
outperforming Google Translate.

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

Community model

https://pieter.ai/blog/2024/european-tweeties/
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All our models are publicly available
Model weights on Hugging Face

43



Inference
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An inference pass
through GPT
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An inference pass
through GPT
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KV cache

• LLM inference is split into 2 steps


• Prefill


• Generation


• LLMs are “causal”, conditioned on the previous tokens

49
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Batching: the key to good GPU utilization
Bandwidth is a limiting factor

For A100 

• FLOPS: 3.12 * 10^14 ops


• Memory: 2.03 * 10^12 B/s

52
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The roofline model
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Expert parallism

54https://arxiv.org/abs/2101.03961
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Expert parallism enables deployments at scale
E.g. Deepseek R1 is deployed on 22 nodes

55
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Conclusion
Fast inference at home?

56

Small batches, local inference Multiple users, openAPI-compatible

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