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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 wy, ..., w; we want to
know the probability of the next word, w; 1:
P(wyy lwy, ..., wy)

*  We are assuming that w,, ; comes from a finite vocabulary V.

language models = classifiers
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Neurla Language Models

Input sequence: xy, ..., Xy
Target sequence: yq, ..., ¥t

X1,...,X7—1 Encoder Decoder —> P(Y, = i)

Or sometimes...

Po(Y; = i)

Or sometimes...

P(Y: = ily1) «r V-1
X1y ey X, @)

Visooes Yi—1
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Neural Language Models

Input sequence: x, ..., Xy

Target sequence: yy, ..., ¥r

Encoder —>P(Y; = 1)

Yis ooe 9 Y1-1

/

What are x; and y;?
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Word embeddings

To process words using neural networks, we need to represent them as vectors
of numerical values.

— # dimensions —i — # dimensions —i — # dimensions —i
» Kim > <+«——— hates ——— <+——— broccoli ——

Compared to one-hot vectors, word embeddings
 are shorter but dense
* support a useful notion of similarity

» can be learned from data
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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

The gorgeously elaborate ... is a sour little movie at its
continuation of “The Lord of core; an exploration of the
the Rings” trilogy is so huge emptiness that underlay the
that a column of words relentless gaiety of the 19207,
cannot adequately describe as if to stop would hasten the
co-writer/director Peter economic and global political
Jackson’s expanded vision of turmoil that was to come.

J.R.R. Tolkien’s Middle-earth.

negative
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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: 1 for i, s in enumerate (vocab)}

# {'cannot': 0, 'huge': 1, 'column': 2, 'that': 3, 'is

2026-03-16
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Whitespace tokenisation Regex-based tokenisation

The gorgeously elaborate The gorgeously elaborate
continuation of “The Lord of the continuation of “ The Lord of
Rings” trilogy is so huge that a the Rings ” trilogy 1s so huge
column of words that a column of words

cannot adequately describe cannot adequately describe
co-writer/director Peter co-writer / director Peter
Jackson’ expanded vision of Jackson sexpanded vision of
JR.R. Tolkiens Middle-earth. J.R. R. Tolkien sMiddle-earth .

re.findall (r" [A-Za-z]\.|\w+(2:=\w+) *| "\w+]| [*"\w\s]+", text)

single letters whole words, incl. genitives ('s) and punctuation, other
followed by a period hyphenated words contractions ('ve) non-word characters

Funded by
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Text normalisation

» 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 1s no longer as widely used
today.
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The challenge of unknown words — Heaps’ law

[
S
30 - o
v
S 95 &
: -
T 20 <
R
3
£ 15 .
o New text will always
> 10 contain unknown words.
kG
15 5
8 -
0

T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1D 2.00
Text length (millions of tokens)

TrustLLM B cnen




LLM - VT26 - Fredrik Heintz - LE3 Data Processing - Work in progress (based on slides from M. Kuhlmann (LiU), M. Naik (UPenn), and D. Ippolito (CMU)) 2026-03-16

Dealing with unknown words

 Step 1: Build the vocabulary as usual.

often combined with a frequency threshold

By Ena Music - Own work, CC BY-SA 4.0, Link

* 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 0ov.)
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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 1s written without spaces between characters. Identifying word boundaries 1s
challenging.
seREt A2 ®E — ““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
Table 1: Tokenizer comparisons between original LLaMA and Chinese LLaMA.
Length Content
Original Sentence 28 ALBFRETENWAE . CEZ . HEZFEABEGXIILFERM
._-’./\q ‘.I.' .%, ..M:.,.. ’ ._H.. .#. *IL ,H_ « 2> .‘ . '."u"
Original Tokenizer 35 @, P s 0xBS, 0x93 ‘0xB2’, ‘#°, ‘¥, ‘%, ‘A, ‘0xES’,

‘0x9E", 0x8D é\B‘J ‘R, ‘OxE5’, ‘0x8F, ‘0x89’, ‘F°, ‘A, ¢

Chinese Tokenizer 16 JUCAIERE, R, ‘i’rﬁlm’, LIS | -SNNNS  - )
%- ‘T‘fli', ﬂ%’, ‘é{]"siio’ ‘r"_’;,‘_:fi{_o"u )

LLaMA tokenizer is unfriendly to Chinese

Yiming Cui. et.al. EFFICIENT AND EFFECTIVE TEXT ENCODING FOR CHINESE LLAMA AND ALPACA. https://arxiv.org/pdfi2304.08177 .pdf

the European Union
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Target representations 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.”

e

character-level [Al 1 'hl I lpl lpl ‘O p.’ lol ‘t al .ml lu| lSl 1t lal’ ’tl’ ’e m' !yl’ ] l' lhl ol lml le' |wl lol 3
' 'k' ' ]

subword-level ['A, 'hip', '##tpop, '##tota', '##mus', 'ate’, 'my', "homework’, ''] 9

word-level ['A', "hippopotamus', ‘ate’, 'my', 'homework’] 5
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Punctualization-based
Tokenization Rule -based
Tokenization
‘ Word-Level
Tokenization

Space-based

Tokenization

Tokenization
l Methods
SentencePiece
Character-Level
Tokenization
v
Subword
‘ Tokenization l
l Unigram
Byte-Pair
Encoding(BPE)
WordPiece
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Tokenization Methods Word-based tokenization Character-based tokenization Subword-based tokenization

Example Tokenizers Space tokenization (split
sentences by space); rule-based

tokenization (e.g. Moses, spaCy)

Character tokenization (simply
tokenize on every character)

Byte-Pair Encoding (BPE);
WordPiece; SentencePiece;
Unigram (tokenizing by parts of

Considerations

« Downside: Generates
a very large vocabulary
leading to a huge
embedding matrix as the
input and output layer;
large number of out-of-

LOOOng LLaVA vocabulary (OOV) tokens;

LGUer

and different meanings of
very similar words

« Transformer models
normally have a
vocabulary of less than
50,000 words, especially if
they are trained only on a
single language

Lead to much smaller
vocabulary; no OOV (out
of vocabulary) tokens
since every word can be
assembled from individual
characters

Downside: Generates
very long sequences

and less meaningful
individual tokens, making
it harder for the model to
learn meaningful input
representations. However,
if character-based
tokenization is used on
non-English language, a
single character could be
quite information rich (like
“mountain” in Mandarin).

a word vs. the entirety of a word;
see table above)

« Subword-based
tokenization methods
follow the principle that
frequently used words
should not be split
into smaller subwords,
but rare words should
be decomposed into
meaningful subwords

» Benefit: Solves the
downsides faced by
word-based tokenization
and character-based
tokenization and
achieves both reasonable
vocabulary size with
meaningful learned
context-independent
representations.
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Subword-based Byte-Pair Encoding

Tokenization
Methods

Description

Subword-based
Tokenization Methods

e Byte-Pair Encoding [Gage 1994]

o Originally used in machine translation
e WordPiece
e Unigram

e SentencePiece

Considerations

(BPE)

One of the most popular
subwaord tokenization
algorithms, The
Byte-Pair-Encoding
works by starting

with characters, while
merging those that are
the most frequently
seen together, thus
creating new tokens, It
then works iteratively to
build new tokens out of
the most frequent pairs
it sees in a corpus.

BPE is able to build
words it has never

seen by using multiple
subword tokens, and
thus requires smaller
vocabularies, with less
chances of having “unk”™
(unknown) tokens,

BPE is particularly
useful for handling rare
and out-of-vocabulary
words since it can
generate subwords for
new words based on the
most common character
sequences,

Downside: BPE can
result in subwords that
do not correspond to
linguistically meaningful

units.

WordPiece

Very similar to BPE

The difference is that
WordPiece does not
choose the highest
frequency symbol

pair, but the one

that maximizes the
likelihood of the training
data once added to the
vocabulary (evaluates
what it loses by merging
two symbols to ensure
it's worth it)

WordPiece can be
particularly useful for
languages where the
meaning of a word can
depend on the context
in which it appears.

Unigram

In contrast to BPE /
WordPiece, Unigram
initializes its base
vocabulary to 2 large
number of symbols
and progressively trims
down each symbol

to obtain a smaller
vocabulary, it is often
used together with
SentencePiece.

Unigram tokenization

is particularly useful for
languages with complex
morphology and can
generate subwords

that correspond to
linguistically meaningful
units, However,
unigram tokenization
can struggle with rare
and out-of-vocabulary
words,

2026-03-16

The left 3 tokenizers
assume input text uses
spaces to separate
words, and therefore are
not usually applicable

to languages that don't
use spaces to separate
words (e.g. Chinese).
SentencePiece treats
the input a5 a raw input
stream, thus including
the space in the set of
characters to use. It then
uses the BPE / Unigram
algorithm to construct
the appropriate
vocabulary.

SentencePiece can be
particularly useful for
languages where the
meaning of a word can
depend on the context
in which it appears.

TrustLLM
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Byte-Pair Encoding (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)

Funded by :
the European Union ‘
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The Unicode Standard

»  Unicode 1s 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
ASCIL.

TrustLLM BB i oo




LLM - VT26 - F#eldrik Heintz - LE3 DatdProredsimg Baworkein progress (based off3fides from M. Kuhlman@{U), M. Naik (UPenn), and B¥#ppotito (CMU))

002 003 004 005 Q06 007

Tanl
] p
s o
ot | Tronngl
1 | ol foori| ! q
w0 Ll o o
vy o [f vz A
2 [ierxi| loca] 2 r
L. L L3y un
3 | i | focal 3 N
"n;z" ..i:)‘ o o
feael | ineal
a | ieor | focs] 4 t
L L) ¥ un

-k EN|zen a2
hn

LEX S <EC Iz 8

5
~J
ERE==~ETnEQEMEMETEN EW®

B4 |8 %5~ g~ |2

S i—irmli— =iz lita f—-10 !Q—ISO zo‘la-:» g
3

> F— -~ i N 5

%
5
!

e | | e
. |<|L I
e e e [0
M |
L L Lo
N n|~

IME L e | O | E

O O |oed]

0, Copyright € 1997-2024 Unicode, Inc. Alf rights reserved.

094E2026-03-16
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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 @-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.

TrustLLM B cnen
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Encoding text into bytes

Einu sinni deildu nordanvindurinn og sélin um, kvord peirra veeri sterkara.

2026-03-16

74 Unicode characters

Eli|ln|u s|I%Elnlnli dlel|i]|l|d]|u nfolr @ a
69 105 110 117 32 115 105 110 110 105 32 100 101 105 108 100 117 32 110 m 114 195 176 97
n{v|i|fnfdju|r|i|[n]|n 0|¢ S | {i|n]|n ulm
110 118 105 110 100 117 114 105 110 110 32 m 103 32 115 195 179 108 105 110 110 32 117 109
, klv|lolr|t elilrlr]a v @ rli s |t
44 32 107 118 M 114 116 32 195 190 101 105 114 114 97 32 118 195 166 114 105 32 115 116
elrlklalr|a

w1 | 114l 107] 97 | 1a| 97 | a6 78 bytes in UTF-8
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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.

Vocabulary (without single bytes) Pair counts
256 € + SPACE 11
257 SPACE +1t 10
258 h+e 9
259 t+h 9
260 d + SPACE 7

Funded by
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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.

Vocabulary (without single bytes) Pair counts
256 [e] € + SPACE 11
257 SPACE +t 10
258 h+e 9
259 t+h 9
260 d + SPACE 7

TrustLLM
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Byte-Pair Encoding — Example

Th[e ]North Wind and thl[e ]Sun wer[e ]disputing which was th[e ]stronger,
when a traveler caml[e ]Jalong wrapped in a warm cloak. They agreed that
th[e ]Jon[e ]Jwho first succeeded in making thl[e ]Jtraveler tak[e ]his cloak
off should b[e ]Jconsidered stronger than th[e ]Jother.

Vocabulary (without single bytes) Pair counts
256 [e] t+h 9
257 SPACE +t 9
258 d + SPACE 4
259 e+r 7
260 h+[e] 6

Funded by
the European Union
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Byte-Pair Encoding — Example

Th[e ]North Wind and thl[e ]Sun wer[e ]disputing which was

th[e ]stronger, when a traveler cam[e Jalong wrapped in a warm
cloak. They agreed that th[e ]Jon[e ]J]who first succeeded in making
th[e ]Jtraveler tak[e ]his cloak off should b[e ]Jconsidered stronger
than th[e ]Jother.
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Vocabulary (without single bytes) Pair counts
256 [e] t+h
257 [th] SPACE +
258 d + SPACE
259 e+r
260 h+[e]
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Byte-Pair Encoding — Example

Th[e ]Nor[th]

Wind and
[th] [e ]stronger,

cloak. [Th]ey agreed

[th] [e Jtraveler tak[e ]his cloak off should b[e ]Jconsidered stronger

[th]an [th] [e

Vocabulary (without single bytes)

Token ID Token

256

257

258

259

260

]other.

[th]at

[e]

[th]

[th] [e

when a traveler cam[e ]Jalong wrapped in a warm

[th] [e

]Sun wer[e

Jon[e

]disputing which was

]Jwho first succeeded in making

Pair counts
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Token pair Count

d + SPACE
SPACE + [th]
e+r
SPACE + W

i+n
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Byte-Pair Encoding — Example

Th[e ]Nor[th] Wind and [th][e ]Sun wer[e ]disputing which was
[th] [e ]stronger, when a traveler cam[e ]Jalong wrapped in a warm

cloak. [Thley agreed [th]at [th][e ]Jon[e ]who first succeeded in making

[th] [e Jtraveler tak[e ]his cloak off should b[e ]Jconsidered stronger
[th]an [th] [e ]Jother.

Vocabulary (without single bytes) Pair counts
256 [e ] d + SPACE 7
257 [th] SPACE + [th] 7
258 (d] e+r 7
259 SPACE + W 6
260 i+n 5
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Byte-Pair Encoding — Example

Th[e ]Nor[th] Wind and [th][e ]Sun wer[e ]disputing which was

[th] [e ]stronger, when a traveler cam[e Jalong wrapped in a warm

cloak. [Thley agreed [th]at [th][e ]Jon[e ]who first succeeded in making
[th] [e Jtraveler tak[e ]his cloak off should b[e ]Jconsidered stronger
[th]an [th] [e ]Jother.

Vocabulary (without single bytes) Pair counts
256 [e] e+r 7
257 [th] SPACE + W 6
258 [d] i+n 5
259 [th] + [e] 5
260 n + SPACE 5
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Byte-Pair Encoding — Example

Th[e ]Nor[th] Wind and [th][e ]Sun wer[e ]disputing which was

[th] [e ]stronger, when a traveler cam[e Jalong wrapped in a warm

cloak. [Thley agreed [th]at [th][e ]Jon[e ]who first succeeded in making
[th] [e Jtraveler tak[e ]his cloak off should b[e ]Jconsidered stronger
[th]an [th] [e ]Jother.

Vocabulary (without single bytes) Pair counts
256 [e] e+r 7
257 [th] SPACE + W 6
258 [d] i+n 5
259 [th] + [e] 5
260 n + SPACE 5
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Byte-Pair Encoding — Example

Th[e ]Nor[th] Wind and [th][e ]Sun wer[e ]disputing which was
[th] [e ]stronger, when a traveler cam[e Jalong wrapped in a warm

cloak. [Thley agreed [th]at [th][e ]Jon[e ]who first succeeded in making

[th] [e Jtraveler tak[e ]his cloak off should b[e ]Jconsidered stronger
[th]an [th] [e ]Jother.

Vocabulary (without single bytes) Pair counts
256 [e ] SPACE + W 6
257 [th] i+n 5
258 [d] [th] + [e ] 5
259 [er] N + SPACE 5
260 n+g 5
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Byte-Pair Encoding — Example

Th[e ]Nor[th] Wind and [th][e ]Sun wer[e ]disputing which was
[th] [e ]stronger, when a traveler cam[e Jalong wrapped in a warm

cloak. [Thley agreed [th]at [th][e ]Jon[e ]who first succeeded in making

[th] [e Jtraveler tak[e ]his cloak off should b[e ]Jconsidered stronger
[th]an [th] [e ]Jother.

Vocabulary (without single bytes) Pair counts
256 [e ] SPACE + W 6
257 [th] i+n 5
258 [d] [th] + [e ] 5
259 [er] N + SPACE 5
260 n+g 5
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Th[e ]Nor[th] Wind and [th][e ]Sun wer[e ]disputing which was
[th] [e ]stronger, when a traveler cam[e Jalong wrapped in a warm
cloak. [Thley agreed [th]at [th][e ]Jon[e ]who first succeeded in making
[th] [e J]traveler tak[e ]his cloak off should b[e ]Jconsidered stronger
[th]an [th] [e ]other.
Vocabulary (without single bytes)
Token ID Token

256 le]

257 [th]

258 [d]

259 [er]

260 [ w]
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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 1s tokenised as bytes.
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Tiktokenizer

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.

Built by dgbd. Created with t

help from Diagram,

0200k_base -

Token count

49

The North Wind and the Sun were disputing which was t
he stronger, when a traveler came along wrapped in a

warm cloak. They agreed that the one who first succee
ded in making the traveler take his cloak off should

be considered stronger than the other.

976, 7180, 28551, 326, 290, 11628, 1504, 28301, 289,
1118, 673, 290, 26929, 11, 1261, 261, 72819, 5831, 42
51, 31831, 306, 261, 9144, 152842, 13, 3164, 12863, 4
84, 290, 101, 1218, 1577, 53434, 306, 4137, 290, 728
19, 2304, 1232, 152842, 1277, 1757, 413, 9474, 26929,
1572, 2990, 1273, 13

Show whitespace

§ 9

2026-03-16
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Tokenisation in language models

Release year Tokenisation method Vocabulary size

BERT 2018 WordPiece 30 K
GPT-2 2019 BPE so0 K
GPT-3.5 2022 BPE 100 K
GPT-40 2024 BPE 200 K
Llama 3 2024 BPE 128 K
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Tokenisation Comparison for Germanic Languages

Compression Ratio per Language (Higher is better)

: Tokenizer
mm Mistral-Nemo-Base-2407
s Meta-Liama-3.1-88
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Tokenisation Comparison for Germanic Languages

Fertility per Language (Lower is better)

Tokenizer
7 mmm Mistral-Nemo-Base-2407
= Meta-Llama-3.1-88
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Tokenisation Comparison for Germanic Languages

Gini Coefficient (Lower is better / fairer)
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Tokenisation Comparison for Germanic Languages

Vocab Utilization (Global)

1.0

o o o
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Tokenisation Comparison for Germanic Languages

1e6 Total Token Count per Language

Tokenizer
7 mmm Mistral-Nemo-Base-2407
= Meta-Llama-3.1-88
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Tokenisation Comparison for Germanic Languages

Recommended .
Use Case . Rationale
Tokenizer
English- Best English compression (5.03), lowest
GPT-OSS-120b . .
focused English fertility (1.25)
Nordic _ Best compression/fertility for Icelandic,
TrustLLMeu baseline _ _ _
languages Swedish, Danish, Norwegian
Multilingual , Lowest practical Gini (0.053) with good
_ TrustLLMeu baseline .
fairness efficiency
General Good balance of English excellence and
. GPT-OSS-120b , o
multilingual Nordic support (Gini 0.074)
Lowest code token count, good code
Code Meta-Llama-3.1-8B

fertility
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Tokenisation — Not only Text

Vision Transformer (ViT)

MLP
Head §
| ., Acoustic tokens  Semantic tokens _ Unified tokens

[

Transformer Encoder

9o
09
e o
90

Lclass] embodding Linear Pm;oulon of Flanencd Palchus [ R | A \
SHE éi ﬁ ﬁ i ’II | l [{i1] ||| | 'h | ' | (TR0 ’ll I1f+) 'II 1
T .m ..' oo s |||' || | |
A i P

Image token Speech token

! 000 @000 v

ORF

2026-03-16

ATCGCTA'I'GC'I'\“"“"’8

ding ORF vs nor

NLP: bag of words

IIIIIIllmmmm

v

Sentence/ Text

ATCGCTATGCT
ATCGCTATGCT
ATCGCTATICT
ATCGCTATGCT

ATCGCTATGC
ATCGCTATGCT]

ATCGCT TCGCTA CGCTAT GCTATG CTATGC

genes (EH)

Alexey Dosovitskiy. et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. https://arxiv.org/abs/2010.11929
Xin zhang et.al. SpeechTokenizer: Unified Speech Tokenizer for Speech Language Models. https://Onutation.github.io/SpeechTokenizer.github.io/
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Turning Discrete Tokens into Continuous Vectors

Neural networks cannot operate on discrete tokens.

Instead, we build an embedding matrix which associates each token in the vocabulary
with a vector embedding.

Vocabulary » Embedding matrix

the [ ]
ny

| ]
embedding dimension

vocab size

kitten] ]
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Decoder Inputs and Outputs

We multiply the predicted embedding §, by our vocabulary embedding matrix to get a
score for each vocabulary word. These scores are referred to as logits.

ye

logits
+ D s
N — | -
vocab size i

embedding
matrix E 9,

75

2421

t t

Le hippotame
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combine

decode

embed

encode

tokenise

rule them all I
1 l
rule | them all |
1 l
28993 | | 31365 15169 |
1 l
neural langﬂge model |
| |
-0.82,0.37| | 0.56,0.53 | |0.29,-0.60 |
1 l
25874 | | 28830 31543 |
| |
one | ring to |
1 l

Str

list{str]

Tersorfint]

Tersorffloat]

Tersorfint]

list{str]
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Data for LLM pretraining

* Training modern LLLMs demands vast amounts of data. This data is often sourced from
the Internet.

*  While abundant, Internet data 1s 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

Q_i'«
/ \ Recognize TextBook : . :
:7\ 2 Words H Reading HDomg Exercises HTeachers feedback
( .

Reinforcement
Learning from
Human Feedback

Tokenizer Self-supervised Instruction
Training Pre-training Finetuning
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Data and Large Language Model Training

) Lots of annotated Human judgements Chat-oriented data

EE Ma a/as b B

:,’ Q l‘ .J

°/°i %R R

davinci-
davinci code- text- text-
dsvinai=007 dAawinci«b08 dweinci=g88 2 TOEO
avinci avinci avinci (ChatGPT)
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Data and Large Language Model Training

Table 1.1 The pretraining dataset of the popular GPT-3 LLM

Dataset name Dataset description Number of Proportion in
tokens training data

CommonCrawl (filtered) Web crawl data 410 billion 60%
WebText2 Web crawl data 19 billion 22%
Books1 Internet-based book 12 billion 8%

corpus
Books2 Internet-based book 55 billion 8%

corpus
Wikipedia High-quality text 3 billion 3%

TrustLLM
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Pre-training Data Reality

+ Web data is plentiful, but can be challenging to work with.

e Copyright and usage constraints can get extremely complicated
e Data is noisy, dirty, and biased

e Data is contaminated with auto-generated text

o Not just from LLM usage, but also tons of templated text.
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The Web Data Pipeline

1.Content is posted to the web.

2. Webcrawlers identify and download a portion of this content.

3.The data is filtered and cleaned.
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The Web Data Pipeline

1.Content is posted to the web.

2. Webcrawlers identify and download a portion of this content.

3.The data is filtered and cleaned.

Funded by
the European Union

TrustLLM



LLM - VT26 - Fredrik Heintz - LE3 Data Processing - Work in progress (based on slides from M. Kuhlmann (LiU), M. Naik (UPenn), and D. Ippolito (CMU)) 2026-03-16

1. Content is posted to the internet.

Challenges

how chat repisy

« Biases in what’s available;
* Recency bias

* Demographic biases

Crontiae Johwson, Calvin Austin
L Masan Cofe Meda
K

« Language biases

The Aittsbiurgh Sieclers Just
Changed EVERTHING.

- Web is much more dynamic than static HTML

pag eS The Standard (53, E10): Reasonable Expectations | Pittsburgh Steelers
@ Fittsburgh Steelers 8

Tominisma: The Puzzing &
Prefouns Sapngs of Stevkers.

B e @
hrx o) 2 Ghare =4 Swve o

« CSS, JavaScript, interactivity, etc.

Gamaday UVE Fregame

51052 views Premierod Jun 22, 2003 #Smelers ENFL fHereWeOa wanmips Bedars ow 2023 ho

b This epestde of The Snardant Coach Mive Tombs b e’ up §o0 8 tea neelng, risercuy (ayess get et g on pod
off the Aela, and we hear from Srectar of player Osselopment Damred Yourg

* Responsive design S el

The Steelers NEED To Be Taken

« Many HTML pages involves 20+ secondary URLs, Wt e s it s s mm
iframes, etc.

Follow us on Twitl
L2 ug 00 Facebox

The Stasderd [54 E1) Lock
Geod, Feel Good, Play Geod
Veers @

- What counts as content? ] sl —

"
e

The Stondard (53 ET1) New
Pegianngs | Fitaboigh Seelers

« Ads, recommendation, navigation, etc. @?2’;‘;‘;".21’*”

« Multimedia: images, videos, tables, etc.

« Spam

TrustLLM
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1. Content is posted to the internet.

Content extraction from webpages is a well-studied problem in industry.

e Can be very engineering and resource heavy to do well.

e Existing toolkits is a strategic advantage of some proprietary LLMs

Visual Semantic Annotated Enhanced
WEh Page Renderi ‘(,STOMT gg:: Annotator DOM Parser Gieantontent
(Raw HTMLand —{ fendering | . o o — v . arseér L (Main Content,
) (via Headless Tree + Visual (Deep Neural (vDOM Tree + (on HTML + Rich
Media Data) . Tables, etc.)
Browser) Features) Network) Structural Tags) Information)

Figure 8: A Content Extraction Pipeline from Bing Used for ClueWeb22
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The Web Data Pipeline

1. Content is posted to the web.

2. Webcrawlers identify and download a portion of this
content.

3. The data is filtered and cleaned.
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2. Webcrawlers identify and download a portion of this content.

General Idea

1. Start with a set of seed websites

2.  Explore outward by following all hyperlinks on the webpage.
3. Systematically download each webpage and extract the raw text.

Seed URLs

Explore

Target URLs

Crawl

HTML
Contents

Scrape

Raw Texts

TrustLLM
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2. Webcrawlers identify and download a portion of this content.

General Idea

1. Start with a set of seed websites
2.  Explore outward by following all hyperlinks on the webpage.
3. Systematically download each webpage and extract the raw text.

Explore
Xp Target URLS Crawl HTML Scrape
Contents

Raw Texts

Seed URLs

A

Challenges
e How to harvest a large number of seed URLs efficiently

e How to select “high quality” URLs and skip over “bad” URLs

o Some cases are clear cut: spammy, unsafe, etc.

o) Some are hard to detect or up to debate: certain biases.

e How to keep the crawl up-to-date

o Given a fixed compute budget each month, is it better to crawl new webpages, or recrawl old ones that might've c
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The Web Data Pipeline

1.Content is posted to the web.

2. Webcrawlers identify and download a portion of this content.

3.The data is filtered and cleaned.
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3. The datais filtered and cleaned.

Remove noisy, spammy, templated, and and fragmented texts

e These portions lack the content needed to meet pretraining goals.
Select higher quality texts from a massive candidate pool

e Given a limited pretraining compute budget, we'd like pretrain on better texts
Avoid toxic and biased content

e NSFW content

e Texts with strong biases
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3. The datais filtered and cleaned.

Methods to identify high-quality content:

e Rule-based heuristics for quality

o  You'll be implementing a bunch of these in the homework
e Proximity to known high-quality indicators

o E.g. a website that was highly upvoted on Reddit, or a website that was included as a reference on Wikipedia
e Classifiers

o  Trained quality and toxicity classifiers are common.

0 E.g. train a classifier with Wikipeida as the positive examples and random web pages as the negative examples
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3. The datais filtered and cleaned.

Example: Rule-based filtering in C4 (pre-training dataset for TS model)

1. Start from Common Crawl’s official extracted texts from HTML

2.  Only keep text lines ended with a terminal punctuation mark
3. Discard pages with fewer than 5 sentences

4.  Only keep lines with at least 3 words

5.  Remove any line with the word “Javascript”

6. Remove any page

1. with any words in a toxic word dictionary
2. with the phrase “lorem ipsum”
3. With “{*

7. De-dup at three-sentence span level
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3. The datais filtered and cleaned.

Challenges

e At what granularity should filtering be performed?
o Word-level, sentence-level, paragraph-level, document level?

e What constitutes “high quality” or “non-toxic”?
e Are our filters/classifiers multilingual? Even within English, do they treat all groups equally?

e Itis very expensive to ablate pre-training dataset decisions.
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Case Study: CommonCrawl

Common Crawl: commoncrawl.orqg

- Non-profit organization provides open access to

large scale web crawls Common Crawl
- Petabytes of web pages available malntglnsa e, open
repository of web crawl
- Monthly crawls and dumps dlata that can be used by

o Re-crawled web pages and fresh dumps anyone.
(bi)monthly -

»»»»»»»

o Recent dumps are ~3 billion pages

o Date back to past 10 years
m 220 billion web pages (HTML) captured

2008 —2021”
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Case Study: CommonCrawl

Web exploration approach

e Start from a set of seed URLs: popular, high-quality, and trustworthy websites

0 Gov, Edu, etc.

o  Top web domains
e Traverse the web to obtain a candidate set of URLs

o) Around 500 billion links discovered per month crawl

0 About 25+ billion unique ones
e Prioritizes a subset (~3 billion) of URLs to crawl and include in the dump

o) Does this to make the best use of crawling budget.

TrustLLM B cnen




LLM - VT26 - Fredrik Heintz - LE3 Data Processing - Work in progress (based on slides from M. Kuhlmann (LiU), M. Naik (UPenn), and D. Ippolito (CMU)) 2026-03-16

Case Study: CommonCrawl

Which URLs to crawl?

e 2008-2012: CCs in-house Page Rank

e 2012-2015: Added ranking and metadata of 22 billion pages donated from web search engine blekko
e 2016-2018: Occasional seed URL donations, ~400 million URLs

e 2016: Alexa and Common Search Rankings

e 2017-Now: CCs in-house web graph based rankings (page rank and centrality)

0 Importance score calculated based on past three-month dumps
o Steer the crawler for next three month

0 Capped # of URLs per domain
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Case Study: CommonCrawl

Pros

e The one and the only public web crawl at this scale
o Still far away from commercial search engines, but the closest we have

e 10 years of crawl dumps have enabled various data subsamples

e Accumulation of low resource languages
o One can combine low resources languages from years of dumps to pair with English texts from one month
Cons

Each crawl is ~3billion documents, still limited coverage of the massive web

e Crawls every month restart from the seed URLs

o) Crawls never grow above ~3B documents

e URL distributions skewed by crawling prioritization, per domain URL cap, and physical location of the

crawling machines (and people)
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F ®
«Ne w eb
The finest collection of data the web has to offer

\—\'

b/

15 trillion tokens of the finest data the web has to offer”

Source
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The FineWeb pipeline

2026-03-16

Pl Custom C4

Removal Filtering

Filtering Ded

_ _

Penedo et al. (2024)

TrustLLM
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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.

Funded by
the European Union
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Impact of filtering

Ul
Q

AN
o
Penedo et al. (2024)

Aggregate Acc (%)
AN
(o)}

IN
v

0 60 120 180 240 300 360
Training tokens (billions)

- FineWeb - |Ndividual minhash
== (C4 Filters - Base filtering
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Text extraction
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Linkoping University (LiU; Swedish:

trs 4 Linkopings universitet) is a public research

Pont L e £9 | | |

ey Linkopings universitet | |
v | Type | Public research university |

university based in Linkoping, Sweden.
Originally established in 1969, it was
ranted full university status in 1975 and is
of Sweden’s largest academic
nstitutions. [5]
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—
L —

FineWeb uses 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 . ‘ :f;;"'f}- o
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Relevance of text extraction
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Training tokens (billions)

- Extracted from WARC - \WET data
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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

2026-03-16

Dataset | Example Near-Duplicate Example

Wiki-40B \n_START_ARTICLE _\nHum Award for Most Impact- | \n_START_ARTICLE_\nHum Award for Best Actor in a
ful Character \n_START_SECTION_\nWinners and nomi- | Negative Role \n_START_SECTION_\nWinners and nomi-
nees\n_START_PARAGRAPH _\nln the list below, winners are | nees\n_START_PARAGRAPH \nln the list below, winners are
listed first in the colored row, followed by the other nominees. | listed first in the colored row, followed by the other nominees. |...]
[...)

LMIB I left for California in 1979 and tracked Cleveland 's changes on | [ left for California in 1979 | and tracked Cleveland 's changes on
trips back to visit my sisters . trips back to visit my sisters .

C4 Atfordable and convenient holiday flights take off from your | Affordable and convenient holiday flights take off from your depar-

departure country, “"Canada”. From May 2019 to October 2019,
Condor flights to your dream destination will be roughly 6 a
week! Book your Halifax (YHZ) - Basel (BSL) flight now, and
look forward to your "Switzerland” destination!

ture country, "USA". From April 2019 to October 2019, Condor
flights to your dream destination will be roughly 7 a week! Book
your Maui Kahului (OGG) - Dubrovnik (DBV) flight now, and look
forward to your "Croatia” destination!

Lee. K., Ippolito, D., Nystrom, A.. Zhang. C.. Eck. D.. Callison-Burch, C. and Carlini, N., 2021. Deduplicating training data makes language models
better. arXiv preprint arXiv:2107.06499.
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Name Based on Release year Number of tokens
Ca Common Crawl 2019 156B
WebText Own Crawl (OpenAl) 2019 300B
CC-100 Common Crawl 2020 532B
MassiveText Own Crawl (Google) 2022 2.3T
OSCAR Common Crawl 2023 523B
RedPajama Common Crawl 2023 30.4T
RefinedWeb Common Crawl 2023 500B
Dolma Common Crawl 2024 3T
FineWeb Common Crawl 2024 15T
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FineWeb and 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.

*  FmeWeb-EDU was built using an educational quality classifier, trained on labels
generated by Llama (1.71B).
linear regression on top of an embedding model

 Penedoetal. (2024
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Below is an extract from a web page. Evaluate whether the page has a high educational value and could be
useful in an educational setting for teaching from primary school to grade school levels using the additive 5-
point scoring system described below. Points are accumulated based on the satisfaction of each criterion:

- Add 1 point if the extract provides some basic information relevant to educational topics, even if it includes
some irrelevant or non-academic content like advertisements and promotional material.

- Add another point if the extract addresses certain elements pertinent to education but does not align
closely with educational standards. It might mix educational content with non-educational material, offering
a superficial overview of potentially useful topics, or presenting information in a disorganized manner and
incoherent writing style.

- Award a third point if the extract is appropriate for educational use and introduces key concepts relevant to
school aurricula. It is coherent though it may not be comprehensive or could include some extraneous
information. It may resemble an introductory section of a textbook or a basic tutorial that is suitable for
learning but has notable limitations like treating concepts that are too complex for grade school students.

- Grant a fourth point if the extract highly relevant and beneficial for educational purposes for a level not
higher than grade school, exhibiting a clear and consistent writing style. It could be similar to a chapter from a
textbook or a tutorial, offering substantial educational content, including exercises and solutions, with
minimal irelevant information, and the concepts aren’t too advanced for grade school students. The content
is coherent, foaused, and valuable for structured learning.

- Bestow a fifth point if the extract is outstanding in its educational value, perfectly suited for teaching either
at primary school or grade school. It follows detailed reasoning, the writing style is easy to follow and offers
profound and thorough insights into the subject matter; devoid of any non-educational or complex content.

The extract: <EXAMPLE>. After examining the extract:

- Briefly justify your total score, up to 100 words.
- Conclude with the score using the format: "Educational score; <total points>"
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The Nordic Pile: A 1.2TB Nordic Dataset

The Pie. Web

English

Danish

kcelandic

Swedish

Code

Web CC

-]

~N
w

23.2

Removed (GB)
W
o

&

10

2026-03-16

Table 2: Data sizes for each language and category.

| Danish English Ieelandic  Norwegian Swedish Other Code | Total
Articles nivGe 173.52GB OGH 001 Gn 16,49 GB 0GHe 190.21 GB
Books 006 GB 941468 0GB 04 GB 1.15GB nGHE 95.39GB
Conversational 2184 GB 81.67GB 0.07 GB 0.57GB 65.61 GB 001 GB 15077 GB
Math 001 GB 498 GB 0GB 001 GB 458 GB 019 GB wITGB
Miscellancous 1385 GB 5631 GB 1026 GB 4848 GB 2885GB 15GB 159.55 GB
Web CC 1133G8 6036 GB 879 0GB WGE 1884 GB 205GB 46147 GB
Web Sources 1.85GB 061 GB 0Ge 0O3IGH 783GB 0GR 1032 GR
Wikipedis 038 GB 1477 GB 005 GB 048 GB 1.03GB 0GB 1671 GB
Code 1145GB 1145 GB
Total I 13051 GB 486.36 GB 1917 GB 1362 GH 31448 GB 40568 1145G8 I 120869 GB

TrustLLM

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

Internet Newspapers

CulturaX HPLT [{ | Copynght in Copyright

(21,758 words) (14.878 words) (18,098 words) (9.058 words)
Dataset  Documents Words
base 60,182,586  40,122,626,81

Wiki

extended 125,285,547 82,149,281,266
(2,798 words)

S — — Others Subset Documents Words
‘ @ taloeio books 492,281 18,122,699,498
xtexidid - 441.83 newspapers 46,764,024  9.,001,803,515
base 413.98 books + newspapers 47,256,305 26,078,915,554
base + books 427.30 z
base + newspapers 44035 fiction books 117,319  5,287,109,366
base + books + newspapers 435.64 nonfiction books 359,979 12,3 84,323,01 2
base + fiction books 408.20 nonfiction books + newspapers 42,083,532  20,340,539,068
base + nonfiction books 427.40
base + nonfiction books + newspapers 440.97 original books 392,887 13,352,261,605
base + original books 427.87 original books + newspapers 47,156,911 22,354,065,120
base + original books + newspapers s translated books 96,258  4.695.814,506
base + translated books 409.54
extended (warm) | 48298

base (warm) (NI [

B Sentiment Analysis Bl Fairmness & Truthfulness [ Reading Comprehension
= World Knowledge 3 Commonsense Reasoning B3 Norwegian Language
Summarization [ Translation [ Variation & Readability

TrU St LLM The Impact of Copyrighted Material on Large Language Models: A Norwegian Perspective. - Fundedby
De la Rosa, etal. 2025. https://arxiv.org/abs/2412.09460v1 the European Union
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Data Sources - JUDAC

Tokens (GPT-OSS) Primary Language

tdm/fineweb-edu 738 GB 157.6 BT English
’il(rirlll_not_checked/ fineweb L8 TR 384.3 BT English

Mixed Germanic (55% deu,
tdm/fineweb2 888 GB 225.6 BT 20% nld, 9% nor, 8% swe,

8% dan)
’;dm_not_checked/ fineweb 183 GB 44.9 BT German

3 (o) o,

common_ corpus 1.2 TB 252.8 BT Mixed (85% eng, 13% deu,

29% other)
code 851 GB 3090.1 BT Code (358 languages)
Mixed (69% deu, 13% nld,

hplt2/HPLT3 628 GB 158.8 BT 10% swe, 4% dan, 4% nor)
Mixed (83% eng, 6% deu,

curated 270 GB 60.9 BT =% swe. 4% isl, 2% other)

finemath 140 GB 29.9 BT English

fao_last_minute 77 MB 26 MT Faroese

Total ~6.7TB ~1.62TT 8 Germanic + Code
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Data Sources — MultiSynt

2026-03-16

Dataset Size Tokens Primary Language
finepdfs-summaries 318 GB 72.8 BT lc\fe‘ffrifﬁz)/ eng, 47% deu, 2% other
MT-HPLT2c 502 GB 121.4 BT | Mixed (40% eng, 31% deu, 28% swe)
MT-Nemotron-CC 1.3 TB 238.2 BT Multi-Germanic (21% deu, 20% swe, 19%
(p arallel) nor, 10% nld)
MT-Reasoning 89 GB 20.5 BT | Mixed (53% deu, 47% eng)
MT-Reasoning-Prompts 10 GB 2.6 BT | Mixed (34% deu, 33% nld, 32% dan)
Total (training data) ~2.2TB ~555 BT | Germanic + English

French, Spanish, Italian, Portuguese,
Excluded ~6.6 TB . Polish, Romanian, Hungarian, Czech,

Finnish, Ukrainian (no compressi
ratios)

TrustLLM
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«Data-Sources~-Nemotron=Pretraining<Specialized-v1l

Dataset NIVAS Tokens Content Type
Nemotron-Pretraining- 172 GB 36.7 BT | English (Q&A)
RQA

Nemotron-Pretraining- :

STEM-SFT 01 GB 19.4 BT | English (STEM)
Nemotron-Pretraining- :
Math-Textbooks 29 GB 6.2 BT | English (Math)
Nemotron-Pretraining- : :
InfiniByte-Reasoning 27 GB 5.8 BT | English (Reasoning)
Nemotron-Pretraining- : iy
Wiki-Rewrite 9.3 GB 2.0 BT | English (Wiki)
Nemotron-Pretraining-

Scientific-Coding 524 MB 0.2 BT | Code

Total ~329 GB ~70 BT | English + Code
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Data Sources — Nemotron-CC-Math-v1

3 101 GB 21.6 BT | Math (quality level 3)
Math (quality 4+

4plus_ MIND 85 GB 18.1 BT MIND)

4plus 58 GB 12.4 BT | Math (quality level 4+)

Total 244 GB 52 BT | English (Math)

TrustLLM
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Data Sources — Dolma 3

e allenai/dolma3_mix-6T

e allenai/dolma3g_dolmino_mix-100B-1025

« allenai/dolma3_longmino_mix-50B-1025

Total tokens
0 ~8.384TT = data_v2(1.62TT) + multisynt (0.555TT) + nemotron-
pretrained-specialized-v1(0.007TT) + nemotron-cc-math-vi(0.052TT) +
mix(6TT) + dolmino_mix(0.1TT) + longmino_mix(0.05TT)

Funded by
the European Union
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TrustLLM Currently Curated Training Dataset (6. 4TB)

tdm not checked

2.0T

(30.8%)

tdm
1.6T

(24,6%)

common_corpus

1,27

(18.5%)

code

851G

(12.8%)

358 languages

fineweb-edu: 1.8T

Top: CSV (125G), Text (113G)
Jupyter (112G), JEON (96G)
1S (536), HTML (45G)
fineweb2: 888G MD (368G}, Java (2BG), Python (23G)

fineweb-edu: 738G deu: 433G (699)

fineweb2: 183G h nld: B0G, swe: 626, offier. 53G

curated finemath fao_last
270G 140G minute
(4.1%) (2.196) 7M™

<0.1%

ong: 223G (B3%) finemadtv3+ 610
othet, 476G Iwebmain-Jde: 446G
4 I} ] ‘
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TrustLLM Dataset Language Distribution

Faroese 0.3 GB | 0.005%

lesandic’ 4.6 GB | 0.07%

Danish 974 GB | 147%

Norwagian 1184 GB | L76%

Language

Swedish 147 B GH | 2.23%

Dutch & Consnantal Lo Franconsan 2754 GB | 4.16%

German 126248 G& | 18.0M%

English 38607 GH | 58 250

O 500 1000 1500 2000 500 anva 500 4000

Size (GB)
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Data Sources — language ratio

MultiSynt (2.2 TB Training Data)

Category Token %

German 32.52%
English 25.02%
Norwegian 18.83%
Swedish 14.41%
Dutch 7.42%
Danish 0.83%
Icelandic 0.08%

Nemotron-Pretraining-Specialized-v1 (329 GB)

Category Token %
English 92.60%
Math 7.11%
Code 0.29%

Nemotron-CC-Math-v1 (244 GB)
Category Token %
Math 100%

TrustLLM
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TrustLLM Data Processing Pipeline

Raw Data
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Pipeline - TrustLLM

Component Tool Purpose

Language ID FastText (GloTLID) C1a§31fy 30+ Germanic language
variants

Text processing Polars + polars-textproc Streammg Datakrame
operations

MinHash polars-textproc.minhash 14-bucket locality-sensitive
hashing

: . Country-specific regex (dan,
PII detection PI-TESexp deu, eng, fao, isl, nld, nor, swe)
Orchestration waluigi + submitit Eﬁég scheduling on SLURM

TrustLLM
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PIl & Article 9 handling

» Propella is an open-source ML document annotation model (ellamind) that produces structured metadata
across 18 properties per document.

o https://huggingface.co/ellamind/propella-1-4b

Document-level quality, safety, and compliance classification
PII presence detection (ML-based, complements regex)

O

O

o Content safety scoring (safe / sensitive / nsfw / illegal)

o Domain and audience classification for curriculum design
O

Supports 64K token context window

» Existing Resource: 3.27B row annotation dataset already published by OpenEuroLLLM on HuggingFace

o (FineWeb-2, FinePDFs, HPLT3.0, finewiki, PleIAs/SYNTH, Nemotron-CC(subset), nemotron-cc-10K-
sample, German Commons)

TrustLLM BB i oo
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PIl & Article 9 Handling

Category Property Example Values

Core Content content_integrity intact, partial, corrupted
text_code_ratio text_heavy, balanced, code_heavy
word_count_category <100, 100-500, 500-2000, 2000-10000, >10000

Classification description Free-text summary (max 100 chars)
document_type article, documentation, forum, academic, other
business_sector technology, legal, medical, finance, general
technical_depth basic, intermediate, advanced, expert

Quality & Value quality excellent, good, acceptable, poor, unacceptable
information_ density very_dense, dense, moderate, sparse
educational value high, medium, low, none
reasoning_ content substantial, moderate, minimal, none

Audience & Purpose audience_level general, educated, professional, expert
commercial_bias advertorial, sponsored, neutral, independent
time_ sensitivity evergreen, recent, dated, obsolete

Safety & Compliance content_safety safe, sensitive, nsfw, illegal
pii_presence no_ pii, pii, uncertain

Geographic regional_relevance global, regional, local
country_relevance ISO country code or "global"

TrustLLM
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Pll & Article 9 Handling

STANDARD PIPELINE (TrustLLM /| GPT-NL)

CURATED CORPUS
Raw Data Normalize Quality Filter Language ID Dedup

Propelis 1.70
Curated Corpus

t-I Route by Risk

Risk Routing Key

.

MEDIUM RISK

APPLY P REDACTION

“ « -

No Action PIl Redaction Human Review

‘L

FINAL TRAINING CORPUS
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PIl & Article 9 Handling

Signal

Regex PII count

Source

pii-regexp (TrustLLM) or PrivateAl
(GPT-NL)

Strength

High precision on structured PII
(IBANs, phone numbers, SSNs)

Weakness

Misses contextual PII (names in
sentences, implied identities)

Propella pii_presence

ML model (document-level)

Catches contextual PII, understands
document semantics

Document-level only (not token-level),
binary signal

Flags high-risk domains (medical, legal,

Propella business_ sector ML model Indirect signal, not PII-specific
finance)
Propella content_safety ML model Identifies sensitive/nsfw/illegal content [Broad categories, not PII-specific
Regex Count Propella PII Flag Article 9 Risk Decision
0 no_ pii <0.7 CLEAN -- pass through
0 pii or uncertain <0.7 REDACT -- apply PII removal
. FLAG -- likely false positive, redact
>0 no_pii <0.7 .
conservatively
" REDACT -- confirmed PII, apply full
>0 pii <0.7 .
redaction
REVIEW -- route to human compliance
any any >=0.7 .
review
any any illegal /nsfw QUARANTINE -- exclude from training

TrustLLM
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Privacy-preserving synthetic data generation
[R. Ramachandranpillai, Md F. Sikder, D. Bergstrom]

Non-sensitive data
Sampling preserving relevant
properties

Sensitive Generative

Data Learning Model

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

Fair Latent Deep Generative Models (FLDGMs) for Syntax-Agnostic and Fair Synthetic Data Generation, Resmi

II “ LINKOPING Ramachandranpillai*, Md Fahim Sikder*, Fredrik Heintz, ECAI23 > E L LI I T
o <

UNIVERSITY Bt-GAN: Generating Fair Synthetic Healthdata via Bias-transforming Generative Adversarial Networks, Resmi
Ramachandranpillai, Md Fahim Sikder, David Bergstrom, Fredrik Heintz, Accepted to JAIR.
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Model Collapse Using Only Synthetic Data

a Model collapse setting

Real data Model-generated data

7’

/7
\\ P \\ ’
/ ~ \ ~7

Fit Sample Data® ~ Data' ~ ... ~ Data”

>{ Model 0 | > Data! 2>|Model 1 |[—> ... —> Data” 2>

Timeline 0 ... n

Probable events are overestlmated

1_5':-?& events are *

Finite sampling / \ Approximate fitting

/ ‘

Model n
\\ P

y Data”,‘
r -—

Probable events pOIson reality
i

TrustLLM

Shumailov, I., Shumaylov, Z., Zhao, Y. et al. Al 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 Coll Using Only Synthetic Dat
b No data preserved, five epochs
Perplexity of generated data points evaluated by Real wikitext2 test dataset
model trained with real wikitext2
Generation 0
0.6 1 Generation 1
- ]
Generation 2 a
Generation 3 g
£ 0.4 Generation 5 g
lg X Generation 9 g
8 o
a
100 10! 102 Real 1 2 3 4 5 6 7 B 9
Perplexity of generated data points Trained on dataset from a given generation
Cc 10% data preserved, ten epocha
Perplexity of generated data points evaluated by Raal wikitext2 test dataset
model trained with real wikitext2 <+~ Run 1
7 Run 2
0.30 - Generation 0 =4p=TUo
Generation 1 3 == Run4
0.25 1 Generation 2 : * RunS
Generation 3 ;
g il Generation 5 A
0.15 A Generation 9 _é-
£ g
& 0,10
34 E
0.05 1
0 4 321 - . - ~ - — - - -
10° 10 107 Red 1 2 3 4 65 6 7 8 9
Perplaxity of generated data points Trained on dataset from a given generation
Shumailov, I., Shumaylov, Z., Zhao, Y. et al. Al models collapse when trained on recursively Funded by
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Data Mixture

Wikl Wik
Books Books
s News Avg One-shot Acc on 8B LMs
Web - . % . —  Web — .
Code Code 25
Law Law . 6.5% better
- s £ 2.6x faster
Reference domain Small reference Optimized domain weights £ 20
weights model % define reweighted dataset ‘,.'3
E
o 15 Tune domain weights
Smali peowy model ® with 30x smaller model
Figure 1: Given a dataset with a set of domains, Domain Reweighting with Minimax Optimization " 8a /
. o= gt . . - . . .y ( 10 — seline (8B)
(DoReMi) optimizes the domain weights to improve language models trained on the dataset. First, .
. o ikis . 3 < —+— DoReMi (280M->8B)
DoReMi uses some initial reference domain weights to train a reference model (Step 1). The reference
model is used to guide the training of a small proxy model using group distributionally robust 50000 100000 150000 200000
optimization (Group DRO) over domains (Nemirovski et al., 2009, Oren et al., 2019, Sagawa et al., Steps

2020), which we adapt to output domain weights instead of a robust model (Step 2). We then use
the tuned domain weights to train a large model (Step 3).

Xie, S.M.., Pham, H.., Dong, X., Du, N., Liu, H., Lu. Y., Liang, P., Le, Q.V.. Ma, T. and Yu. A.W., 2023. DoReMi: Optimizing Data Mixtures
Speeds Up Language Model Pretraining. arXiv preprint arXiv:2305.10429.
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Data Order

Pretraining Documents

Ppath |08 L0, L0 U 108 BT 09 1L

Pretraining Input Contexts 5192 context window

Step 1: Finding Related Docs Step 2: Creating Input Contexts
Figure 2: Illustration of IN-CONTEXT PRETRAINING. IN-CONTEXT PRETRAINING first finds
related documents at scale to create a document graph (§2.1) and then builds pretraining input contexts
by traversing the document graph (§2.2). Along the path, documents are concatenated into a sequence
and subsequently divided to form fixed-sized input contexts (e.g., 8192 token length).

Shi, W., Min, S.. Lomeli. M., Zhou, C.. Li, M., Lin, V., Smith, N.A., Zettlemoyer. L.. Yih, S. and Lewis. M., 2023, In-Context Pretraining:
Language Modeling Beyond Document Boundaries. arXiv preprint arXiv:2310.10638.
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Data Masking

' | Undesired Tokens

| ] Desired Tokens X Remove loss

/' Keep loss

[ Noisy Pretraining Corpus ]

V The farm has 35 hens <Aprl2 1:24> and 12 pigs. ##davidjl123 says totaling 47 animals. |
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|
L)

&‘ﬂ [xe] [x71

=)

\

y 4 ¥ \

y

A 4

7

L

Causal Language Modeling
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Figure 2: Upper: Even an extensively filtered pretraining corpus contains token-level noise. Left:
Previous Causal Language Modeling (CLM) trains on all tokens. Right: Our proposed Selective

|
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A

4 ) 4 4

7

¥

Selective Language Modeling

\

¥
—
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J

Language Modeling (SLM) selectively applies loss on those useful and clean tokens.

RHO-1: Not All Tokens Are What You Need. https://arxiv.org/pdf/2404.07965

2026-03-16
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Data Scale Matters

Training dataset size (tokens) 199 models
10% , —
. Q ]

10" \ .

10%| ~

107 I:)

o i )]
10%| ® 3.7x/year
0 3. /X y‘cj,.':rg
©
2010 2012 2614 2016 2018 2020 2022 2024 2026
Publication date
TrustLLM https://epoch.ai/data-insights/dataset-size-trend B
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Pre-Training Data Quality Reduces Compute Needs

Recent work finds smaller amounts of higher quality data removes the

need for a larger model.
% train examples with % valid with é é e
dupintruin  dupin valid  dup in train E w A
e i i c4 | 30e% 1.59% 4.60% i > 2

There is increasing RealNews ‘ 13,63% 1.25% 14.35% g 5 e

: LMIB 4.86% 0.07% 492% Y e
evidence that efforts to Wikid0B 0.39% 0.26% | 0.72% ;i J — van
better Curate tra'n'ng Table 2: The fraction of examples identified by —F’: . -.-..)m 300
corpus, including NEARDUP as ncar-duplicates. PT A NCIT pRt s e

- Figure |: Fraction of lan, n cach dataset below

deduping, pruning data Lee et al. 2022 o v iy i (pescast cozwe)

and investing in synthetic

data can compensate for Kreutzer at al. 2022
the need for larger MO Mg Py Mows  Prured Do
networks and/or improve 5 \¢ | > w0
training dynamics. i - = (E=al i 1= e
Feememmmm—— | | =l oA | P8
ke ow T praned dats decays prediotabty () gl T maaimdie (erfirese when pwsiag i coea | PR
v b3 crmrEme <adng 4w 1nd crgew sl das wgpent rareey wsadT Tavh o emay spocke — | |
2 comtrnel b whet aosemegg Ot bl scadieg lows 1LI] bekd for repowtnd dats wonld prodict (1) —r £ -“—”-_.-;-"‘. ! k | =]

Muennighoff et al.

«{ Cohere For Al Qe Marion et al. 2023
2023

S. Hooker. On the Limitations of Compute Thresholds as a Governance Strategy. 2024.
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Projections of the stock of public text and data usage Z EPOCHAI

Effective stock (number of tokens)

EStimated Stoc.( Of human- "-............'..-:.....'.-.......-.............-
generated public text; 95% ClL........ongorsrssssmsresmmsassssepssmesssssssmmemmme st ST s
1015 ....................................................
--------- —
10% [ SR -~-—---~--"""':::::::j::::::IZIfff:ff::f:::::::::::"::::::::::::m:m: """""""""
Datasetsizes used totrain =~ T e
notable LLMs; 95% ClI '
DBRX ~2028
_Falcon-180B Median date of full
stock use; 80% ClI
102 L™
~2027
GPT-3 -~ Median date with 5x
10" | overtraining; 80% ClI
2020 2022 2024 2026 2028 2030 2032 2034
Year
https://epoch.ai/blog/will-we-run-out-of-data-limits-of-llm-scaling- Funded by
TI'USt LI.M based-on-human-generated-data - the European Union
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ATLAS: The “curse of multilinguality”

Language scaling
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