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Tales from the road

3

https://lm-kbc.github.io/workshop2025/

https://iswc2025.semanticweb.org/



Recap

I. Foundations

II. Building and 
Training LLMs

III. Using and 
extending LLMs
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• LLMs are statistical models 
that learn a probability 
distribution over a 
sequence of words and 
that predict the next 
token for a given input. 

• What do we learn from?

→ Data!



Outline

1. Importance of data (10’)

2. Pre-training (50’)
1. Crawling
2. Scraping and Cleaning
3. Datasets

3. Instruction tuning (5’)

4. Alignment (5’)

5. Synthetic data (10’)

6. Discussion (10’)
• Group work
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Does data matter?

We find thatdata quality is critical toa highly-performing model
(Google Gemini technical report,2023)

The innovation lies entirely in our dataset for training 
(Phi-3 Technical Report, 2024)

A major factor in the recent success of large language models is the use of 
enormous and ever-growing text datasets for unsupervised pre-training.

(A Survey on Data Selection for Language Models, 2024)

Garbage in, garbage out
(Apocryphal)
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→ Quality → Diversity → Size (see Lec. 7) 



Trainingdata

Stage 1: Unsupervised Pretraining

● Large amounts of plain text (Llama3: 15 trillion tokens)
● Diverse sources and topics (scientific literature,news, forums)
● Most prominent source: Web crawled text(CommonCrawl)

Stage 2: Supervised Instruction Fine-tuning

● Supervised text pairs (input-output, question-answer, text-summary)
● Task-oriented data (diverse tasks are needed togeneralizeto unseen tasks)

Stage 3:Alignment / preference-tuning

● Human (or AI) feedback data on preferred output (styleand format)
● Pairwisefeedback(good vs bad)
● Listwisefeedback (ranking)
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• A language model is a probability distribution
over sequences of words

Next word Given words

• P (Xt+1 = xt+1|x1 ,…, xt )

• Training data:
X11, X12, X13, X14, …
X21, X22, X23, X24, …
X31, X32, X33, X34, …

Recap: LLM
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Billion to trillion times
How to get this?

Crawling, scraping, filtering!



Crawling: Task

• Given: One or several source URLs

• Return: Document corpus obtained by transitive 
hyperlink closure (bounded)
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Crawler: Basic function
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How to find new URLs?

• In an HTML page
• Hyperlinks <a href="...">

• Media <img src="...">, <audio src="...">, <video 
src="...">, <source src="...">

• Frames <iframe src="...">

• Page text by regular expressions

• In other kinds of files (PDFs…).

• In sitemaps provided specifically to crawlers

12



13

How much traffic do crawlers cause?

[Cloudflare blog, 2025]
“Around 30% of global web traffic today comes 
from bots”

Almost half of all internet traffic comes from 
bots. For the fifth consecutive year in a row this 
figure has been on the rise. 
[2024 Imperva Bad Bot Report]



How to avoid being blocked?

• Parallel requests can easily overload web server 
capacities

• Serious consequences (crashes) are rare, but 
commercial servers will quickly block you

• Precaution:
• Wait a minimal delay between requests to the same 

server.
⇒ Depends on the server (wikipedia.org vs your laptop).
⇒ Depends on the resource (large files…).
⇒ Generally, waiting at least one second is preferable.

• Requests to different servers can be parallelized.
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Who likes crawlers?

• Writing crawlers is super easy!
• 30 lines in Python, 10 minutes → 10k+ websites
→Not everyone likes crawlers

• Honor-based exclusion: robots.txt
• http://tu-dresden.de/robots.txt

• Hard exclusion: Captchas
• De-facto solved by … GenAI

• Traps for naive crawlers
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http://tu-dresden.de/robots.txt
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Scraping and cleaning

• Raw web data is ugly

• Extensive cleaning needed
• Remove code, retain content (+structure?)
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Regex to the rescue

• Regular expression (regex) are sequences of 
characters that specifies a match pattern in text

• Usually used by string-searching algorithms for 
"find" or "find and replace" operations on strings

• Rooted in theoretical computer science 
and formal language theory
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Regex cheatsheet
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Regex tasks

1. Write a regex to find all HTML tags (<….>)
• <[^>]*>

2. Write a regex to match all URLs
• https?://(?:www\.)?[a-zA-Z0-9-]+\.[a-zA-

Z]{2,}(?:/[^\s]*)?

3. Write a regex to find all hyperlink texts 
(content between <a href …> XYZ </a>
• <a\s+href="[^"]*">(.*?)<\/a>
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https://regex101.com/



BeautifulSoup + Selenium

• BeautifulSoup
• Python HTML/XML Parsing Library: Great for static pages; 

works with requests

• Lightweight & Fast: Quickly extracts tags, attributes, and text

• Selenium
• Browser Automation: Controls real browsers to interact with 

dynamic pages

• Handles JavaScript: Ideal for sites with interactive elements

• Slower but Versatile: Suitable for complex websites, 
supports running without rendering (headless mode)
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Deduplication

• Everyone copies 
from everyone

• Common tactic of 
commercial spammers 
(content farms)

• Even good-faith often 
no exact duplicates
(dates, quotes, 
corrections, …)

• Deduplication at scale challenging
• Locality-sensitive hashing (LSH)
• MinHash (Andrei Broder, 1997)
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Data cleaning in C4
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[Exploring the Limits of Transfer 
Learning with a Unified Text-to-Text 
Transformer, 2020]



OSCAR: MultilingualWeb Data

• OSCAR project aims to provide web-based multilingual resources and datasets
• Web data filtering is challenging!

• Largescale ofWeb data (+100 TBs and more)
• All filteringmethods need tobe highly-efficient and scalable.

• Simple heuristics (OSCAR documentation):
• tiny: The document has a low (<5) number of lines.
• short_sentences:Thedocument has a high number (>50%) ofshort lines (<400 bytes)
• noisy: Thedocument has a high percentage of punctuation (>50%)
• and other filters …

• Filter Web content based on URL using block lists (Blacklist UT1)

• Adult Content Filtering: Perplexity from a KenLM model
trained on known adult content.

• Deduplication: Remove duplicated content with Locality Sensitive Hashing.
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Filters remove
~90% ofthedata

Deduplication removes
another ~50%

https://oscar-project.github.io/documentation/versions/oscar-2201/
https://dsi.ut-capitole.fr/blacklists/index_en.php


Filtering: Fine print

[Dodge, Jesse et al. “Documenting Large Webtext
Corpora: A Case Study on the Colossal Clean Crawled 
Corpus.” EMNLP’21]

“We provide some of the first documentation for the C4 
corpus. We begin by investigating where the data came 
from, and find a significant amount of text from 
unexpected sources like patents and US military websites.

To understand the impact of the filters applied to create 
this dataset, we evaluate the text that was removed, and 
show that blocklist filtering disproportionately removes 
text from and about minority individuals.”
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https://github.com/LDNOOBW/List-of-Dirty-
Naughty-Obscene-and-Otherwise-Bad-Words

https://github.com/LDNOOBW/List-of-Dirty-Naughty-Obscene-and-Otherwise-Bad-Words


What data do we want to retain?

• The term“high quality”is not well-defined!

• Statistical models such as LLMs are defined by their training data

• High quality data = high quality model

→ Theonly solution: Run experiments!

• E.g., Penedo et al. (2024) conducted data quality
studies for language model pretraining.

• More than 60k H100 GPU hours* for training 

ablation models of 1.8B param for ~ 28B tokens

• FineWeb-Edu: Most performance gains are 

achieved by using a Transformer-based model

to filter for educational content.

* $4.9 perH100-GPU houron AWS ($300,000 intotal) 26

https://huggingface.co/spaces/HuggingFaceFW/blogpost-fineweb-v1
https://aws.amazon.com/ec2/capacityblocks/pricing/
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C4 corpus 750 GB

The Pile 825 GB

enWikipedia 5m       30 GB

Dresden web 125m
table corpus

Twitter dumps
2016 US election 280m

Reddit dumps …

Wikia dumps …

…

Existing open datasets

https://wwwdb.inf.tu-dresden.de/misc/dwtc/
https://wwwdb.inf.tu-dresden.de/misc/dwtc/
https://gwu-libraries.github.io/sfm-ui/posts/2017-09-14-twitter-data
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/PDI7IN


What do known LLMs use?

• GPT2 (2019): 40 GB ofWeb text(fromoutbound Reddit links)

• BERT (2019): BooksCorpus (800M words) and Wikipedia (2,500M words)

• GPT3 (2020): 570GB of Web textafterfiltering,roughlyequivalentto400

billion byte-pair-encoded tokens, Books1, Books2, Wikipedia

• GPT-Neox / ThePile (2020): 800GB textfrom Web,academic text,news,

Wikipedia, subtitles, books, laws, programming code.

• Bloom /Roots (2022): 1.6TB of textfromvarious sources (mostly Web text)

• Today’s frontier model LLM providers say very little about their training data.

• Meta: “Llama 3 was pretrained on 15T tokens ... from publicly available
sources”

• Training data as main differentiator between models. Crucial assets!

• Legal issues such as copyright
(see ongoing lawsuit: OpenAI vs New York Times)
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https://nytco-assets.nytimes.com/2023/12/NYT_Complaint_Dec2023.pdf


GPT-NeoX /ThePile (2020)
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Oversampling – WP 3x, Gutenberg 2.5x, Arxiv 2x



ROOTS: DataforTrainingofBloom (2022)
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ChatGPT is 
American.

Source: https://x.com/voooooogel/status/1730726744314069190 (@voooooogel on X)
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https://x.com/voooooogel/status/1730726744314069190
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Supervised Instruction Fine-tuning

● LLMs predict the next tokenwith the highest probability
according to their training data

● A base language model is not a chatbot but a completion
engine for Web content and other text seen duringtraining

● Chatbots (language understanding, world knowledge, …) and
other applicationsare built on top of LLMs

● LLMs can be optimized for specific tasks and applications
(e.g., chatbots, instruction following, …) via fine-tuning
(comparable to classical supervised learning)

● Supervised fine-tuning requires structured/annotated datasets
(input- output pairs for multiple tasks):

Vanilla LLM (Basemodel)

Input Whereis the EiffelTower 
located?

Output Howtallis theEiffelTower?

QA-Fine-tuned LLM

Input Whereis theEiffelTower 
located?

Output Paris
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Multi-Task Learning

● LLMs are intended to be general-purpose models:
Many different tasks (unseen during training)

● Multi-task learning is a common approach in various machine learning domains

● Raffel et al. (2019) popularized multi-task learning with their T5 language model

35
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cola = Corpus of Linguistic Acceptability = grammaticality
stsb = Semantic Textual Similarity Benchmark = semantic similarity



Source: Longpre etal. (2023)“TheFlan Collection: Designing Data and Methods forEffective Instruction Tuning”

Scaling:

from46 to
~2000 tasks

from750k 
to15M 
examples

36

Multi-task datasets over time
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https://arxiv.org/abs/2301.13688


Where do these datasets come from? 

• Instruction data not easily available on the web

→Much human generation involved

• Data annotation long tradition in NLP
• Traditional expert annotations guidelines sometimes >100 pages

• Crowdsourcing (“clickwork”)
• Prominent platforms: Amazon Mechanical Turk, Prolific, …
• Complex or open-ended annotation tasks difficult
→ Task design as art, divide and conquer
• Automated quality checks via agreement/honeypot questions
• Often minimum-wage workers at fringes of society

• Crowdsourcing for instructions
• Expenses likely in 100,000s of $ for commercial providers
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The dark side of clickwork

38



Outline

1. Importance of data (10’)

2. Pre-training (50’)
1. Crawling
2. Scraping and cleaning
3. Datasets

3. Instruction tuning (5’)

4. Alignment (5’)

5. Synthetic data (10’)

6. Discussion (10’)
• Group work

39



Alignment & Preference Fine-Tuning

• OpenAI popularized“reinforcement learning from human feedback” (RLHF) as a
technique to align language model outputs more with human preferences (Stiennon
et al.,2020)

• There are different ML algorithms for preference tuning (PPO, DPO, KTO,…)

• Each of the methods expects training data in a different format

Chosen Reject

TheEiffelToweris located in
Paris, France.…

Paris

Response Label

Paris 0

TheEiffelToweris locatedinParis,
France.…

1
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https://arxiv.org/abs/2009.01325


Base LLM

Input Where is theEiffel
Tower located?

Output How tall is theEiffelTower?

QA-Fine-tunedLLM

Input Where is the Eiffel
Tower located?

Output Paris

Preference-fine-tuned LLM

Input Where is theEiffelTowerlocated?

Output TheEiffelToweris located in Paris, France. Specifically, itis situated on theChamp de Mars, a
public parkinthe7tharrondissement (district) ofParis,near the Seine River. Theexact
address is:

5 AvenueAnatole France,
75007 Paris,France. […]
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Chatbot Arena

https://lmarena.ai/

42

Let’s try!

https://lmarena.ai/
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Can we use GenAI to generate 
training data?
• This sounds odd?

• This is odd!

• Intuition 1: Do not add content, but 
increase density/downstream utility

• Intuition 2: Exploit stronger model 
to train weaker one

• Intuition 3: Ranking/scoring: 
Evaluation is easier than generation
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Intuition 1.1: 
Cleaning/rephrasing data

• Does not add 
information 

• Removes 
irrelevant 
content

• Brings the data 
in a format 
closer to what 
is required 
downstream
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[Rephrasing the Web: A Recipe for Compute and Data-
Efficient Language Modeling, Maini et al., 2024]



Can obtain instructions from general web text

Takenfrom Yue et al. (2024) “MAmmoTH2:Scaling Instructionsfrom theWeb” https://tiger-ai-lab.github.io/MAmmoTH2/
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Intuition 1.2: 
Extract instructions from the web

https://tiger-ai-lab.github.io/MAmmoTH2/


Intuition 1.3: 
Turn existing data into other tasks
TU Dresden (for German: Technische Universität Dresden, abbreviated as TUD), also as the Dresden 
University of Technology,[a] is a public research university in Dresden, Germany. It is the largest institute of 
higher education in the city of Dresden, the largest university in Saxony and one of the 10 largest 
universities in Germany with 32,389 students as of 2018.[3]

The name Technische Universität Dresden has only been used since 1961; the history of the university, 
however, goes back nearly 200 years to 1828. This makes it one of the oldest colleges of technology in 
Germany, and one of the country's oldest universities, which in German today refers to institutes of higher 
education that cover the entire curriculum. The university is a member of TU9, a consortium of the nine 
leading German Institutes of Technology. The university is one of eleven German universities which 
succeeded in the Excellence Initiative in 2012, thus getting the title of a "University of Excellence". The TU 
Dresden succeeded in all three rounds of the German Universities Excellence Initiative (Future Concept, 
Graduate Schools, Clusters of Excellence). 

Based on the above text, generate a set of short-form QA-pairs.
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[Question generation via overgenerating
transformations and ranking. Heilman 
and Smith, 2009]

→ Let‘s try

* Works only for selected (asymmetric?) tasks, e.g., QA and spelling correction, 
but not for summarization, translation, etc.



Intuition 2: 
Stronger model →Weaker model

48

[Alpaca: A Strong, Replicable 
Instruction-Following Model 2023]

→ Lecture 7: 
Knowledge 
distillation
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https://github.com/tatsu-
lab/stanford_alpaca/blob/main/prompt.txt

You are asked to come up with a set of 20 diverse task instructions. These task instructions will be given to a GPT model and we
will evaluate the GPT model for completing the instructions.

Here are the requirements:
1. Try not to repeat the verb for each instruction to maximize diversity.
2. The language used for the instruction also should be diverse. For example, you should combine questions with imperative 
instrucitons.
3. The type of instructions should be diverse. The list should include diverse types of tasks like open-ended generation, 
classification, editing, etc.
2. A GPT language model should be able to complete the instruction. For example, do not ask the assistant to create any visual or
audio output. For another example, do not ask the assistant to wake you up at 5pm or set a reminder because it cannot perform 
any action.
3. The instructions should be in English.
4. The instructions should be 1 to 2 sentences long. Either an imperative sentence or a question is permitted.
5. You should generate an appropriate input to the instruction. The input field should contain a specific example provided for the
instruction. It should involve realistic data and should not contain simple placeholders. The input should provide substantial 
content to make the instruction challenging but should ideally not exceed 100 words.
6. Not all instructions require input. For example, when a instruction asks about some general information, "what is the highest
peak in the world", it is not necssary to provide a specific context. In this case, we simply put "<noinput>" in the input field.
7. The output should be an appropriate response to the instruction and the input. Make sure the output is less than 100 words.

List of 20 tasks:

https://github.com/tatsu-lab/stanford_alpaca/blob/main/prompt.txt


Intuition 3: Scoring 
easier than generation 
• Fundamental asymmetry in many knowledge tasks

• Analogy to complexity class NP!

• Try it yourself: 
Write a Haiku about flying toast slices with jam.

• Which one is better?

→ LLMs can evaluate/compare

- Stylistic features like verbosity, formality, grammaticality

- Semantic features like topical match

- Factuality relative to a reference passage

Option 1 Option 2 Option 3
The light of a candle

is transferred to another candle

spring twilight

Golden bread takes flight,
jam gleams like dawn on its wings

breakfast meets the sky.

Toast lifts from the plate,
jam gleams red in morning light,

birds chase crumbs across the wind, laughing.
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Discussion: Benchmark leakage

• Are newer LLMs really better?

• Or do they just train on the test data?

52

→ Lecture 
“Evaluation”



Will LLM-generated content destroy 
their own training sources?
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Group work

• Discuss the following questions with your neighbor:

1. Which three kinds of training data do LLMs need?

2. Where can we get each from? 
What can we synthesize?

3. What are important filters on web data?
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Take home – Lecture 5

1. Data is one of the main differentiators between LLMs
• Major commercial secret

2. LLM training broadly requires three types of data
• Unsupervised pre-training data, instruction fine-tuning data,

answer alignment data

3. Pre-training data is typically web-crawled
• Filtering important
• Definition of “good” data is not clear

4. Instruction and alignment data often crowdsourced
• Synthesizing helps

• Lab today:
• TBD
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