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Language modelling

• Language modelling is the task of predicting which word comes 

next in a sequence of words.

• More formally, given a sequence of words 𝑤1, … , 𝑤𝑡 we want to 

know the probability of the next word, 𝑤𝑡+1:

• We are assuming that 𝑤𝑡+1 comes from a finite vocabulary 𝑉.

language models = classifiers
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Neurla Language Models
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Neural Language Models
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To process words using neural networks, we need to represent them as vectors

of numerical values.

Compared to one-hot vectors, word embeddings

• are shorter but dense

• support a useful notion of similarity

• can be learned from data

Word embeddings

Kim

# dimensions

hates

# dimensions

broccoli

# dimensions
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Tokenization



What is tokenisation?

• Tokenisation is the task of taking text (or code or music) and turning it into 

a sequence of discrete items, such as words or characters, called tokens.

• Tokenisation simplifies natural language processing by reducing 

unstructured text to more useful units.

• Tokenisation is the first step in mapping text to a numerical representation

that computers can process.
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Words provide important signals
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Whitespace tokenisation

# Tokenise text by splitting at whitespace def 

tokenize(text: str) -> list[str]:

return text.split()

# Create a vocabulary

vocab: set[str] = set(tokenize(text))

# {'cannot', 'huge', 'column', 'that', 'is', …}

# Create a string-to-ID mapping

stoid: dict[str, int] = {s: i for i, s in enumerate(vocab)}

# {'cannot': 0, 'huge': 1, 'column': 2, 'that': 3, 'is': 4, …}
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single letters 

followed by a period

whole words, incl. 

hyphenated words

genitives ('s) and 

contractions ('ve)

punctuation, other 

non-word characters

Regex-based tokenisation

The gorgeously elaborate 

continuation of “ The Lord of 

the Rings ” trilogy is so huge 

that a column of words 

cannot adequately describe 

co-writer / director Peter 

Jackson ’sexpanded vision of

J. R. R. Tolkien ’sMiddle-earth .

Whitespace tokenisation

The gorgeously elaborate

continuation of “The Lord of the

Rings” trilogy is so huge that a

column of words

cannot adequately describe 

co-writer/director Peter

Jackson’s expanded vision of

J.R.R. Tolkien’s Middle-earth.

re.findall(r"[A-Za-z]\.|\w+(?:-\w+)*|'\w+|[^\w\s]+", text)
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Textnormalisation

• Text normalisation refers to the process of converting text into a more useful, standard

form.

• Standard techniques include case normalisation, harmonisation of spelling variants,

lemmatisation, and removing punctuation.

Harmonisation: color →colour. Lemmatization: runs, ran, running →run

• Text normalisation was once a critical step in NLP tasks but is no longer as widely used

today.
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Thechallenge ofunknown words– Heaps’ law
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Dealing with unknown words

• Step 1: Build the vocabulary as usual.

often combined with a frequency threshold

• Step 2: Augment the vocabulary with a special token, such as 

[UNK] to represent unknown words.

• Step 3: When processing new text, replace any out-of-

vocabulary (oov) word with the special [UNK] token.

The quokka is adorable. →The [UNK] is adorable. (Assuming quokka is oov.)

By Ena Music – Own work,CCBY-SA 4.0, Link
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But what is a word,anyway?

• There are many languages that do not adhere to the same concept of a “word” as English

and Swedish.

• Chinese is written without spaces between characters. Identifying word boundaries is

challenging.

姚明进⼊总决赛 – “Yao Ming reaches the finals.”

• Inuktitut allows entire sentences to be expressed as single words by combining multiple

morphemes.

tusaatsiarunnanngittualuujunga – “I cannot hear very well.”
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Tokenization is language dependent
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Targetrepresentations for tokenisation

• Option 1: Tokenise into words
But: concept of “word” not universal; unknown words

• Option 2: Tokenise into individual characters
But: may be too small a unit for learning

• Option 3: Tokenise into subwords
Intuition: words are composed of morphemes

Let’s tokenize: “A hippopotamus ate my homework.”
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Byte-PairEncoding (BPE) [Gage 1994]

• Byte Pair Encoding (BPE) is an algorithm for learning subword tokens from text.

• Step 1: Encode the text into a sequence of bytes. Initialise the token vocabulary with

all single bytes.

• Step 2: Create a new token by merging the most frequent pair of consecutive tokens.

Add the new token to the vocabulary.

• Repeat the previous step as long as the token vocabulary does not exceed a predefined

maximum size.

Sennrich et al. (2016)
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TheUnicodeStandard

• Unicode is a text encoding standard designed to support text from all the world’s

writing systems (that can be digitised).

• Version 16.0 supports 154,998 characters from 168 scripts.

• For backwards compatibility, the first 128 codepoints of Unicode are the same as

ASCII.
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Encoding text into bytes

• Encoding all (more than 1 million) Unicode characters into bytes requires more than

one byte per character.

• UTF-8 (8-bit Unicode Transformation Format) is the most widely used encoding

scheme for Unicode.

• It uses a variable-width encoding of 1-4 bytes per character.

The first byte indicates how many additional bytes are part of the character.

2025-03-24LLM - VT25 - Fredrik Heintz - LE3 Data Processing - Work in progress (based on slides from M. Kuhlmann (LiU), M. Naik (UPenn), and D. Ippolito (CMU))



Encoding text into bytes
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The North Wind and the Sun were disputing which was the stronger, 

when a traveler came along wrapped in a warm cloak. They agreed that 

the one who first succeeded in making the traveler take his cloak 

off should be considered stronger than the other.

Byte-Pair Encoding – Example
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Byte-Pair Encoding – Example

The North Wind and the Sun were disputing which was the stronger, 

when a traveler came along wrapped in a warm cloak. They agreed that 

the one who first succeeded in making the traveler take his cloak 

off should be considered stronger than the other.
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Th[e ]North Wind and th[e ]Sun wer[e ]disputing which was th[e ]stronger, 

when a traveler cam[e ]along wrapped in a warm cloak. They agreed that 

th[e ]on[e ]who first succeeded in making th[e ]traveler tak[e ]his cloak 

off should b[e ]considered stronger than th[e ]other.
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Some comments on BPE

• The tokens obtained using BPE match varying spans of source text, from single

characters to whole words and beyond.

• The tokens are not guaranteed to have any apparent linguistic meaning, but often

resemble words or morphemes.

BPE = “poor man’s morphology”

• BPE solves the problem with unknown words: Every text can be tokenised; in the worst

case, it is tokenised as bytes.
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Tokenisation in language models
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https://tiktokenizer.vercel.app/

https://tiktokenizer.vercel.app/


Tokenization – Not only Text
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Turning Discrete Tokens into Continuous Vectors
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Decoder Inputs and Outputs
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Data Processing Pipeline



Data for LLM pretraining

• Training modern LLMs demands vast amounts of data. This data is often sourced from

the Internet.

• While abundant, Internet data is unstructured, noisy, and biased, making it an

imperfect representation of language.

• Internet text data requires extensive postprocessing and quality filtering to enhance

relevance and diversity.
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Data and Large Language Model Training
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Data and Large Language Model Training
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Common Crawl
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”15 trillion tokens of the finest data the web has to offer”

Source
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TheFineWebpipeline

URL

Filtering

Text 

Extraction

Language 

Filtering

Gopher 

Filtering

PII

Removal

Custom 

Filtering
C4

Filtering

MinHash 

Dedup

Penedo etal. (2024)
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Basic filtering

• URL filtering using blocklists
Examples: adult content, malware, phishing sites

• Language filtering
Uses fastText; keep only English text with a score≥65%

• Heuristic filtering
Filter for length, symbol-to-word ratio, common/uncommon words, etc.
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Impactof filtering
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Textextraction

Linköping University (LiU;Swedish: 

Linköpings universitet) is a public research 

universitybased in Linköping, Sweden.

Originally established in 1969, it was 

granted full university status in 1975 and is 

one of Sweden's largest academic 

institutions.[5]

Linköpings universitet ||

|Type |Public research university |

|---|---|

FineWebuses Trafilatura.
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Data Formats (WARC, WAT, WET)

• WARC (Web ARChive), industry standard for web archiving.

• Can store multiple resources, similar to ARC, but with more capabilities. This 
includes the ability to store request and response headers, additional metadata, 
and new record types like resource revisit, metadata, and conversion.

• WAT (Web ARChive Timestamp). 

• Focus on the metadata associated with the crawled web pages. Contain parsed data 
from the HTTP response headers, links extracted from HTML pages, and other 
metadata. This can include information like server response codes, content types, 
languages, and more.

• WET (Web Extracted Text). 

• Contain extracted plain text from web content, the body text of web pages, 
extracted from the HTML and excluding any HTML code, images, or other media.  
This makes them useful for text analysis and natural language processing (NLP) 
tasks.
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Relevance oftextextraction
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Deduplication

• Large-scale web datasets contain significant amounts of duplicate content, which can

lead to overfitting.

• Deduplication leads to a more diverse dataset and reduces computational cost.

• Deduplicating massive datasets requires efficient similarity detection techniques

or other fuzzy approaches.

embedding-based similarity or MinHash
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De-duplication
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FineWeband FineWeb-EDU

• Design choices were validated through training data ablation studies and evaluated

on downstream task benchmarks.

• The authors released a 1.3T-token filtered subset of FineWeb, focusing on high-

quality educational web pages.

• FineWeb-EDU was built using an educational quality classifier, trained on labels

generated by Llama (1.71B).

linear regression on top of an embedding model

• Penedo et al. (2024
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Below is an extract froma webpage. Evaluatewhether thepage has a high educational valueand couldbe

useful in an educational setting for teaching fromprimaryschool tograde school levels using theadditive5-

point scoring systemdescribedbelow.Pointsareaccumulated based onthesatisfactionofeachcriterion:

-Add 1 point if theextractprovides somebasic information relevanttoeducational topics,even if it includes

some irrelevantornon-academiccontentlikeadvertisements andpromotional material.

-Add anotherpoint if theextract addresses certainelementspertinenttoeducationbutdoes not align

closely with educational standards. Itmight mixeducational content with non-educationalmaterial, offering

a superficial overviewofpotentially useful topics, or presenting information in a disorganizedmannerand 

incoherent writing style.

-Awarda thirdpoint if theextract is appropriate foreducational use and introduceskeyconcepts relevant to 

school curricula. It is coherent though itmaynotbecomprehensiveorcould includesomeextraneous 

information. Itmayresemble an introductory section ofa textbookora basic tutorial that is suitable for

learning buthas notable limitations liketreating concepts thatare toocomplex for grade school students.

-Granta fourthpoint if theextract highly relevantandbeneficial foreducational purposes fora level not

higher thangrade school,exhibitinga clearandconsistentwriting style. It couldbesimilar toa chapter froma 

textbookor a tutorial,offering substantial educational content, includingexercises and solutions,with

minimal irrelevant information,and theconceptsaren’t tooadvancedforgrade school students.Thecontent

is coherent, focused, andvaluable for structured learning.

-Bestowa fifth point if theextract is outstanding in its educational value,perfectly suited for teaching either

at primary school or grade school. It follows detailed reasoning, thewriting style is easy to follow andoffers 

profoundand thorough insights intothesubjectmatter,devoidofanynon-educationalor complex content.

Theextract:<EXAMPLE>.Afterexamining theextract:

-Briefly justifyyour total score,up to100 words.

-Concludewith thescoreusing theformat:"Educational score:<total points>"
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Impactof high-quality data
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The Nordic Pile: A 1.2TB Nordic Dataset
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The Nordic Pile: A 1.2TB Nordic Dataset for Language Modeling. 
2023. https://arxiv.org/abs/2303.17183
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The Impact of Copyrighted Material on LLMs: A Norwegian Perspective
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The Impact of Copyrighted Material on Large Language Models: A Norwegian Perspective.
De la Rosa, etal. 2025. https://arxiv.org/abs/2412.09460v1
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Privacy-preserving synthetic data generation
[R. Ramachandranpillai, Md F. Sikder, D. Bergström]

1. Learn a generative model that captures the probability distribution of the 
sensitive data

2. Create a synthetic data set from the generative model that both captures the 
salient features of the original data set and is non-sensitive

3. Methods for verifying that the synthetic data set is accurate enough

4. Methods for verifying that the synthetic data set is non-sensitive

Sensitive 
Data Learning

Non-sensitive data 
preserving relevant 

properties

Generative 
Model

Sampling

Fair Latent Deep Generative Models (FLDGMs) for Syntax-Agnostic and Fair Synthetic Data Generation, Resmi 
Ramachandranpillai*, Md Fahim Sikder*, Fredrik Heintz, ECAI23
Bt-GAN: Generating Fair Synthetic Healthdata via Bias-transforming Generative Adversarial Networks, Resmi 
Ramachandranpillai, Md Fahim Sikder, David Bergström, Fredrik Heintz, Accepted to JAIR.
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Shumailov, I., Shumaylov, Z., Zhao, Y. et al. AI models collapse when trained on recursively 
generated data. Nature 631, 755–759 (2024). https://doi.org/10.1038/s41586-024-07566-y
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Model Collapse Using Only Synthetic Data

Shumailov, I., Shumaylov, Z., Zhao, Y. et al. AI models collapse when trained on recursively 
generated data. Nature 631, 755–759 (2024). https://doi.org/10.1038/s41586-024-07566-y
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Data Order
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Pre-Training Data Quality Reduces Compute Needs
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https://epoch.ai/blog/will-we-run-out-of-data-limits-of-llm-scaling-
based-on-human-generated-data

https://epoch.ai/blog/will-we-run-out-of-data-limits-of-llm-scaling-based-on-human-generated-data
https://epoch.ai/blog/will-we-run-out-of-data-limits-of-llm-scaling-based-on-human-generated-data


•

www.ida.liu.se/~frehe08/llm


	Slide 1: LLM LE3 VT2025 Data Processing
	Slide 2: Language modelling
	Slide 3: Neurla Language Models
	Slide 4: Neural Language Models
	Slide 5: Word embeddings
	Slide 6: Tokenization
	Slide 7: What is tokenisation?
	Slide 8: Words provide important signals
	Slide 9
	Slide 10: Whitespace tokenisation
	Slide 11
	Slide 12: Text normalisation
	Slide 13: The challenge of unknown words – Heaps’ law
	Slide 14: Dealing with unknown words
	Slide 15: But what is a word, anyway?
	Slide 16: Tokenization is language dependent
	Slide 17: Target representations for tokenisation
	Slide 18
	Slide 19
	Slide 20
	Slide 21: Byte-Pair Encoding (BPE) [Gage 1994]
	Slide 22: The Unicode Standard
	Slide 23
	Slide 24: Encoding text into bytes
	Slide 25: Encoding text into bytes
	Slide 26: Byte-Pair Encoding – Example
	Slide 27: Byte-Pair Encoding – Example
	Slide 28: Byte-Pair Encoding – Example
	Slide 29: Byte-Pair Encoding – Example
	Slide 30: Byte-Pair Encoding – Example
	Slide 31: Byte-Pair Encoding – Example
	Slide 32: Byte-Pair Encoding – Example
	Slide 33: Byte-Pair Encoding – Example
	Slide 34: Byte-Pair Encoding – Example
	Slide 35: Byte-Pair Encoding – Example
	Slide 36: Byte-Pair Encoding – Example
	Slide 37: Some comments on BPE
	Slide 38: Tokenisation in language models
	Slide 39
	Slide 40: Tokenization – Not only Text
	Slide 41: Turning Discrete Tokens into Continuous Vectors
	Slide 42: Decoder Inputs and Outputs
	Slide 43
	Slide 44: Data Processing Pipeline
	Slide 45: Data for LLM pretraining
	Slide 46: Data and Large Language Model Training
	Slide 47: Data and Large Language Model Training
	Slide 48: Data and Large Language Model Training
	Slide 49
	Slide 50: Common Crawl
	Slide 51
	Slide 52: The FineWeb pipeline
	Slide 53: Basic filtering
	Slide 54: Impact of filtering
	Slide 55: Text extraction
	Slide 56: Data Formats (WARC, WAT, WET)
	Slide 57: Relevance of text extraction
	Slide 58: Deduplication
	Slide 59: De-duplication
	Slide 60
	Slide 61: FineWeb and FineWeb-EDU
	Slide 62
	Slide 63: Impact of high-quality data
	Slide 64: The Nordic Pile: A 1.2TB Nordic Dataset
	Slide 65: The Impact of Copyrighted Material on LLMs: A Norwegian Perspective
	Slide 66: Dataset Composition - TrustLLM
	Slide 67: Privacy-preserving synthetic data generation [R. Ramachandranpillai, Md F. Sikder, D. Bergström]
	Slide 68: Model Collapse Using Only Synthetic Data
	Slide 69: Model Collapse Using Only Synthetic Data
	Slide 70: Alignment of Data
	Slide 71: Data Mixture
	Slide 72: Data Order
	Slide 73: Data Masking
	Slide 74: Data Scale Matters
	Slide 75: Pre-Training Data Quality Reduces Compute Needs
	Slide 76
	Slide 77: LAIM LE3 VT2025: Tokenization Data Processing Pipeline

