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Language and image recognition
capabilities of Al systems

Al Development is Fast  haveimproved rapidly

Test scores of the Al relative to human performance

+20

Al systems perform better than
the humans who did these tests

0 <— Human performance, as the
benchmark, is set to zero.

Al systems perform worse

-20 , l
-40

Handwriting
60 recognition

Reading
compre-
a -80 hension Language
.:0.' under-
y Speech Image standing
g 100 recognition J recognition
:.. v 1 l 1 1 L L ' 1 1 L] ' L L ] 1) l 1) L] l
b 4 2000 2005 2010 2015 2020

U
I8, e
S e

.
d
A\I.

~ The capability of each Al system Is normalized to an initial performance of -100

Source:
Kiela et al. (2021) Dynabench: Rethinking Benchmarking in NLP Oi‘j:[\g\f;:'d

OQurWorldInData.org/artificial-intelligence « CC BY

o .
UNIVERSITY

WALLENBERG Al AND TRANSFORMATIVE TECHNOLOGIES
EDUCATION DEVELOPMENT PROGRAM




“Teddy bears mixing sparkling chemicals as
mad scientists in a ‘steampunk’ style.”
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A stylish woman walks down a Tokyo street filled with warm glowing neon and animated city signage. She wears a
black leather jacket, a long red dress, and black boots, and carries a black purse. She wears sunglasses and red

lipstick. She walks confidently and casually. The street is damp and reflective, creating a mirror effect of the colorful
lights. Many pedestrians walk about.
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Large Language Model Applications

Writing Assistance
Technical writing assistance
Creative writing assistance
General editing
Message and document completion
Programming assistance

Information retrieval
e Search engine
« Conversational recommendation
* Document summarisation
« Text interpretation
LLM
Applic-
ations Personal Use
Productivity
Emotional support
Personal advise
Question answering
Education
Brainstorming

Commercial Use
Customer support
Machine translation
Automation
Business software
Diagnosis and advice

Trustworthy LLMs: A Survey and Guideline for Evaluating Large Funded by
TrustLLM Language Models’ Alignment by Yang Liu Etal, 2023 - bttt
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Scientist inputs The Al co-scientist multi-agent system
A% Research plan Generation Agent -+
Research goal configuration AL
s Literature exploration
Scientist describes a Simulated scientific debate
Scientist research goal along with Al co-scientist
preferences, experiment Ranking Agent The Al co-scientist
> Reflection Agent -1
. constraints, and other tournaments Sl continuously generates,
The scientist interacts attributes. Full review with web search reviews, debates, and
with the system by Research hypotheses : : : improves research
specifying a research Add idea comparison and ranking o revu?w hypotheses and
goal in natural language. AP with scientific debate in Tournament review proposals toward the
They can also suggest s tournaments. Limitations Deep verification research goal provided
their own ideas and Discuss research and top win-loss patterns by the scientist.
proposals, provide are summarized and 4
feedback and reviews, provided as feedback to SNGRUBOn Agans
and interact via a chat other agents. This enables Inspiration from other ideas
interface to guide the Research proposals and iterative improvement in G o Sioifioatt L
co-scientist system. overview quality of research mpAncation = Search
hypothesis generation Research extension
- N Top-ranked research c,eatg.g a Additional tools
i hypotheses and proposals self-improving loop. Proximity Check Agent
chat interface are summarized into a PR e G 2 !
research overview and
Meta-review Agent —
shared with the scientist. el ot - Memory
- Research overview formulation

The Al co-scientist system design
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Coding Assistants and Vibe Coding

% Lovable

Build apps and websites by chatting with Al
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When | speak to my most senior
engineers — the hest developers
we have — they actually say

that they haven't written a single

line of code since December.
They actually only generate
code and supervise it.

SPOTIFY CEO
DURING THE COMPANY'S EARNINGS CALL

TrustLLM
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Builds on Long-Term Basic Research

Deep Neural Network

(Pretraining)
A

XOR Perceptron
ADALINE Problem (Backpropagation)
A A
'y
Perceptron
Golden Age Dark Age (“Al Winter”)
Electronic Brain
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« Adjustable Weights « Leamable Weights and Threshold « XOR Problem + Solution to nonlinearly separable problems  + Limitations of leaming prior knowledge * Hierarchical feature Leaming

» Weights are not Learned « Big computation, local optima and overfitting « Kernel function: Human Intervention
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Al and
Future of Work ..

Quality
improvement
fromjusing Al
across +18)tasks

05
=
° 72
* 12% more tasks finished & 04
« 25% quicker completion 03
* 40% higher quality Ny Used Al
0.1
0.0
1 2 3 - 5 6 7 8
Quality
Distribution of output quality across all the tasks. The blue group did not use Al, the
green and red groups used Al, the red group got some additional training on how to
use Al.
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Time horizon of software tasks
different LLMs can complete 50% of the time OMETR
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Time horizon of software tasks

different LLMs can complete 50% of the time

Fix complex bug in ML research codebase
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Time horizon of software tasks
different LLMs can complete 80% of the time O METR
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GPT-5.2 (high) @

Train classifier

GPT-5.1-Codex-Max 0

GPT-5@
30 min ’

- Implement a simple webserver 03® v

®’
— Implement a dictionary attack Claude Opus 4 ® .~

Task duration (for humans)
where logistic regression of our data

-,

— Find fact on web Claude 3.7 Sonnet .’

predicts the Al has an 80% chance of succeeding

-5 '01‘.
S AL
¥ g 3 A X Aol Sl 8
GPT-2 GPT-3 : GPTI3.5. _n__GPIT4. ..... 0 000® : :
2020 2021 2022 2023 2024 2025 2026

LLM release date

Time Horizon 11 (Current) v Log Scale Linear Scale 50% Success 80% Success &

II “ LINKOPING https://metr.org/time-horizons/ AVAVANSI=Y |
° ;

U N |VERS |TY WALLENBERG Al AND TRANSFORMATIVE TECHNOLOGIES

EDUCATION DEVELOPMENT PROGRAM



https://metr.org/time-horizons/
https://metr.org/time-horizons/
https://metr.org/time-horizons/

LLM - VT26 - Fredrik Heintz - LEL Introduction - Work in progress 2026-03-02 16

Number of notable machine learning models by geographic area, 2003-23 (sum)
Source: Epoch, 2023 | Chart: 2024 Al Index report

1-10
11-20
21-60
61-100
101-430

LINKOPING -/ /aii AVAVANGT |
II.“ UNlVERSlTY https-//allndeX.Stanford.edU/report/ WAL F‘\‘lF_F(Jd :\NDTF‘.»‘A‘J’\F.’Z‘?H.‘«"\'; TECHANOLOGIES

EDUCATION DEVELOPMENT PROGRAM



https://aiindex.stanford.edu/report/

LLM - VT26 - Fredrik Heintz - LEL Introduction - Work in progress 2026-03-02 17

WARA-TRICS (Al Training and Inference Compute at Scale)

New initiative aims to give

Sweden |tS own |arg E'Scale Al Advanced, large-scale Al is essential for addressing the major challenges many
industries face today: increasing data volumes, more complex systems, and greater
language model g

demands on computing resources. To meet these challenges, WASP is establishing a

February 23rd, 2026

new research arena, Al Training and Inference Compute at Scale (WARA AI-TRICS).
The initiative is driven by Sweden's largest national research program, the Wallenberg

|, Autonomous Systems and Software Program (WASP).

WASP to Establish New Al
Research Arena

Februarv 19th 2026 :
February 18th, 2026 articularly important;

ithin WARA AI-TRICS, researchers and companies will collaborate on the most

‘essing Al challenges facing Swedish industry, Three key areas have been identified as

« Al foundation models for industry and society
« Al at Scale, applying Al to massive industrial datasets
Sara Mazur ' % . K0 L « New methods, such as physics-informed Al

VerkstaSande ledamot | Knut
och Alice Wallenbergs Stiftetse

Bon Fenruary 20, 2

unciatkdil. presentad the Swedish Large Languag

LINKOPING . _ 4 she At -
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Course Aim

The aim of the course is to explain how the methods and techniques
used by large generative Al models such as large language models
work and explore how to build them.

The focus is on the technical aspects such as architectures, methods
and techniques.

The course is thus more about machine learning than about natural
language processing.

LINKOPING
UNIVERSITY
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Course Goal

« Knowledge and understanding
 Explain the technical underpinnings of large language models.
« Explain the processes involved in training a large language model.
« Competence and skills
« Implement and train a basic large language model from scratch in PyTorch.

 Read and comprehend recent academic papers on LLMs and have knowledge of
the common terms used in them (alignment, scaling laws, RLHF, prompt
engineering, instruction tuning, etc.).

« Judgement and approach
« Understand and discuss concepts and terminology of state-of-the-art LLMs.
« Develop an ability to distinguish fact from fantasy in this fast-moving field.

LINKOPING
UNIVERSITY
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Tentative Course Lectures

 2/3 LE1 - Introduction, NLP and Large Language Models

 9/3 LE2 — Basics (learning distributions, sequence to sequence mappings and embeddings)

* 16/3 LE3 — Data curation and processing

» 23/3 LE4 — Pre-training and scaling

* 30/3 LE5 — Fine-tuning, aligning and distillation

* 20/4 LE6 — Inference, in context learning and retrieval augmented generation

« 27/4 LE7 — Benchmarking and evaluation

* 4/5 LE8 — Building LLMs in practice part 1

* 11/5 LE9 — Building LLMS in practice part 2

* 18/5 LE10 — Advanced topics (trustworthiness, reasoning, multi-modal models, world models)

LINKOPING
II.“ UNIVERSITY
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Examination

* Develop an LLM from scratch and conduct experiments related to the
lectures and write a short report on it. There are four parts:

1. Develop a simple data pre-processing pipeline
2. Pre-train a GPT-style LLM

3. Fine-tune the LLM

4. Evaluate the LLM

 For each part, implement a solution and perform (at least) two
experiments. Analyse the results and write a short report.

* You may work individually or in groups of two. I recommend trying to do

as much as possible on your own, while discussing with your partner.

22
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Natural Language Processing
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Natural Language Processing and Understanding

| NLP
named entity
recognition (NER) NLU

automatic speech
recognition (ASR)

part-of-speech e:(i:gtciggn
Gl paraphrase &
: natural language
text Sygrt:l;:lc i+ inference
categorization Parsifg SIE IS |
Parsing dialogue
coreference sentiment agents
resolution analysis
text-to-speech : question
(TTSF; machine answering (QA) .
translation summarization
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Natural Language Understanding

Understanding Language

Emotion: Frustrated
W / Tone: Negative, Subjective

"Litera"y ur fac _ ‘_~ — iS /O Organization: Facebook
- you only want it to increase
profit. Please fix yourself. Its sad ———o Product: Messenger App

@facebook T Adjectives: “useless”, “sad”
™~ Language: English, Informal

T[’USt LI_ M https://devopedia.org/natural-language-processing - Funded by

the European Union
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Linguistic Theories Rule-Based Systems
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From handwritten
rules to statistical

3),
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Pre-processing Modeling Output

Feature ing
Extraction (EN) (E sh) {En )
Feature Modeling Inference . .
Extraction {ES) (Spanish) (Spanish) CIaSS'ﬁcatlon
{

Entity Extraction

Hop

Topic Modelling

Documents
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Evolution of LMs for Task-Solving Capacity

A
Task Specific task
solving helper
capacity

n-gram models

Statistical methods
Probability estimation
Assist in specific tasks

Statistical LM

General-purpose

Transferable task solver
Task-agnostic NLP task solver ~ GPT-3/4. ChatGPT. Claude
feature learner Scaling language models

ELMO. BERT. GPT-12  prompt based completion

Word2vec (NPLM). NLPS Context-aware representations  Solve various real-world tasks
Pre-training + fine-tuning
Solve various NLP tasks

Pre-trained LM

Static word representations
Neural context modeling
Solve typical NLP tasks

1990s

2013 2018 2020

W. Zhao et al. A Survey of Large Language Models. 2023.

TrustLLM
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Al

Artificial intelligence
Machine learning

Language Processing

000

Deep learning

the European Union
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Introduction to Large Language Models
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How Does ChatGPT Work?

Pretrainin Fine tunin ex
g - e md ChatGPT =t

Prompt Retriever-

Augmented
Generation

TrustLLM
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Few Shot Prompting

Q: “Elon Musk”
A: “nk”

Q: “Bill Gates’ =) [ LLM J ) ke

A: “Is”

Q: “Barack Obama”

b

T. Brown et al. Language Models are Few-Shot Learners. NeurlPS 2020.

2026-03-02

GPT-4: “am”

Ideal output! J

TrustLLM

Funded by
the European Union

32



LLM - VT26 - Fredrik Heintz - LE1 Introduction - Work in progress

Chain of Thought Prompting

Q: “Elon Musk”

A: the last letter of "Elon" is "n".
The last letter of "Musk" is "k".
Concatenating "n", "k" leads to
"nk". so the output is "nk"

Q: “Barack Obama”

g

[LLMJ

2026-03-02

A: the last letter of "Barack"
is "k". The last letter of
"Obama" is "a".
Concatenating "k", "a" leads
to "ka". So, the output is
"ka".

\/

J. Wei et al. Chain-of-Thought Prompting Elicits Reasoning in Large Lanquage Models. NeurlPS 2022.

TrustLLM

Funded by
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From Prompting to Fine-Tuning

Unlike prompting, fine-tuning actually changes the model under the hood, giving
better domain- or task-specific performance.

task
accuracy
100% —
big base
_/ model
small base
model
0%
zero-shot few-shot retrieval-augmented finetuning effort/
prompts prompts few-shot prompting complexity

Source: Andrej Karpathy @karpathy (not to scale)

TrustLLM B
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How Does ChatGPT-o0l Work?

ASearch

Fine tunln(i; ChatGPT

Pretralnlng

Text

Prompt Retriever-
Augmented
Generation

TrustLLM
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Scaling - From Pre-training to Test-time

o

d

| " TEST-TIME SCALING
o "REASONING”

o

POST-TRAINING SCALING

: r-\/-\.n.' T ll,
| | - - A 3 -
! \ )\ &=

UINTING O\VALLING

—— ————

e e e ——

COMPUTE

TrustLLM
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Large Language Models Scaling Laws

3.2
Parameters FLOPs FLOPs (in Gopher unit) Tokens
3.0 400 Million 1.92e+19 1/29,968 8.0 Billion
1 Billion 1.21e+20 1/4,761  20.2 Billion
7)) : 10 Billion 1.23e+22 1/46  205.1 Billion
Q2.8 6e18 », o 4 67 Billion 5.76e+23 1 1.5 Trillion
v le19 . P-o@® % 175 Billion 3.85e+24 6.7 3.7 Trillion
€56 l|-o 3e19[| % ©  280Billion 9.90e+24 17.2 5.9 Trillion
= W G 520 Billion 3.43e+25 59.5  11.0 Trillion
© ®- 6el9 \ ; © 1 Trillion 1.27e+26 221.3  21.2 Trillion
= 5. 1 <8= 1e20 | o 10 Trillion 1.30e+28 22515.9 216.2 Trillion
- —e— 3e20
-9 6220 Model Size (# Parameters) Training Tokens
22 _¢ 1e21 LaMDA (Thoppilan et al., 2022) 137 Billion 168 Billion
o 3e21 GPT-3 (Brown et al., 2020) 175 Billion 300 Billion
20 Jurassic (Lieber et al., 2021) 178 Billion 300 Billion
‘ 100M 300M 1B 3B 6B 308 Gopher (Rae etal., -2021) 280 B?llion 300 B?llion
MT-NLG 530B (Smith et al., 2022) 530 Billion 270 Billion

Parameters

https://www.lesswrong.com/posts/midXmMb2Xg37F2Kagn/new-scaling- Funded by
TFUSt LI. M laws-for-large-language-models - the European Union
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Data Pre-Processing Pipeline

Raw Corpus Quality Filtering De-duplication Privacy Reduction Tokenization
* Language Filtering * Sentence-level * Detect Personality * Reuse Existing
l "nl-‘ . * Metric Filtering * Document-level S EUNEREE
\“,’ ) . Information (PII) * SentencePiece
s « Statistic Filtering « Set-level

* Remove Pl * Byte-level BPE
* Kevword Filtering
NG \WJ  cimcccriccicnccresceeae P O G W S T WS W S S Sy o . vt e dtibried i o PO S i e G R S 0 S g0 ‘r --------------------------

2026-03-02 38

Ready to
pre-train!

< E——
I——
——

A 4 [ X 3 \ 4 . . [ [}
+ Aliceis writing a paper about E i Alice is writing a paper about E » Replace ("Alice’) is i v Encode (' [Somebody] is ! 32, 145. 66. 79, 12. 56, p
) LEMs. #8=& Alice is writing ¢ ¢ LLMs. “rheetrartinenpaper | » writing a paper about LLMs. E * writing a paper about LLMs, )E E
+ @ paper about LLMs. p e s - ! : 4 p
........................... : R R S PR . AR AR easssssssasstessARARARan) SRS ASAASS AR SRR

Fig. 6: An illustration of a typical data preprocessing pipeline for pre-training large language models.

TrustLLM A Survey of Large Language Models by Wayne Xin Zhao Etal, v12, 2023.
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Projections of the stock of public text and data usage

Effective stock (number of tokens)

2026-03-02

Z EPOCH Al

EStimated Stoc.( Of human- "-............'..-:.....'.-.......-.............-
generated public text; 95% ClL........ongorsrssssmsresmmsassssepssmesssssssmmemmme st ST s
1015 ....................................................
"""""""" ———
10% [ A -~----»---------::.»:::::j;;;;;j:::::::::::::::::::fftfififi3i?fifif:’“-"“”""’”””“:"’ """""""
Dataset sizes used totrain =~ T e
notable LLMs; 95% ClI '
109 | P
DBRX ~2028
_Falcon-180B Median date of full
stock use; 80% ClI
102 b
~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-lim-scaling-based-on- Funded by
TI’USt LLM human-generated-data - the European Union
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Synthetic Data

Data Used
For Al

| Future Al ‘

74

[‘ Today's Al |

Real
Data

Time 2030 S—

TrustLLM
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2026-03-02

Basic Taxonomy of Synthetic Data Uses: Easy to Hard

Instructions
Generated text for SFT / IFT

Completions

filtering

Self-Instruct Bootstrapping

Prompt-> - More prompts > = instructign(>

X
Using LLM to generate corrected sample

instruction-1

instruction-N

o o : : E principles :
Frorpt-2 ol =£nstruction ; (2sp > corrected instruction
1% repeat to filter J
(@ T . S )
Preferences initial Using LLM principles to generate
instruction oy pairwise completions
Scoring / choosing response | Gejected response) principles
for RM / RLHF training = filtering

N SCores
or

J
corrected instruction

(chosen response)

Critiques |

filtering

id o

chosen/reject

https://www.interconnects.ai/p/llm-synthetic-data

TrustLLM
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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 f =
dupintruin  dupin valid  dup in train E w o =
isi i ca T 1.59% 4.60% i 2 o =" )
There is ncreasing RealNews ‘ 13.63% 1.25% 14.35% | g e ;5 / A
H LMIB 4.86% 0.07% 4.92% ] ¥ =3 , SateDoont
evidence that efforts to Wiki40B 0.39% 026% |  0.72% Er IR, = wasa
better curate training Table 2: The fraction of examples identified by = —
corpus, including NEARDUP as near-duplicates. Rssmeit g e
= Figure 1: Fraction of lan ach dataset belo
deduping, pruning data Lee et al. 2022 A v iy il (e o).

and investing in synthetic
data can compensate for

Cats Camitimee beaieg s

Kreutzer at al. 2822

the need fOl' |arge|" 1N { = f : Ineial ety Acpiy Pruning Agireten  Praned Dala
networks and/or improve T ) oy U 57~ )
training dynamics. P R = | =l I = ”“(“’:"“
P A st i it i 2 L L4 28 i =N: || = |E @
e St Al IS e ot S s =l <=-J| )\ =]
< Cohere For Al Muennighoff et al. Marion et al. 2023

S. Hooker. On the Limitations of Compute Thresholds as a Governance Strategy. 2024.

TrustLLM [ [




LLM - VT26 - Fredrik Heintz - LE1 Introduction - Work in progress 2026-03-02

Compute to Train Al Models

TrustLLM
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Can you Trust ChatGPT? No!

 Very limited information about the training data

» It makes things up, with confidence (hallucinations)

» Even when there are references these may be false or not applicable
« Cannot count or draw logical conclusions

» Stuck in time and always changing
» but, ChatGPT is still useful!

TrustLLM
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TrustLLM - Trustworthy and Factual LLMs made in Europe

« Develop an open, trustworthy, and sustainable LLM initially targeting the Germanic languages.
» TrustLLM will tackle the full range of challenges of LLM development,
« from ensuring sufficient quality and quantity of multilingual training data,
* to sustainable efficiency and effectiveness of model training,
» to enhancements and refinements for factual correctness, transparency, and trustworthiness,
to a suite of holistic evaluation benchmarks validating the multi-dimensional objectives.
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LLM Trustworthiness

Hau.auﬂix vlﬂyu v
ERCRES SRS SRRt -!‘:

7

!heonsﬁ&nqn

Violence

Unlawful
Conduct

Harms to Minor
Adult Content

Mental Health
Issues

Privacy
Violation

Injustice

Stereotype Bias

Preference Bias

Disparate
Performance

Propagandistic
Misuse

Cyberattack
Misuse

Social-
engineering
Misuse
Leaking

Copyrighted
Content

2026-03-02

Toxicity

Unawareness
of Emotions

Cultural
Insensitivity

TrustLLM

Trustworthy LLMs: A Survey and Guideline for Evaluating Large
Language Models’ Alignment by Yang Liu Etal, 2023
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TrustLLM: Building Models and Doing Research

Training
Models
TrustLLM

TrustLLM
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High-Level TrustLLM Goal

At least one TrustLLM model every year that is
increasingly powerful, factful, and trustworthy.

TrustLLM
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Reaching the Goal

First step is creating a good baseline model
- Curate first version of dataset
- Implement first version software stack
- Learn to effectively training large models on EuroHPC
- Establish a strong baseline for future models

Rather than inventing and researching new things, we focus on doing
engineering and using things we already know.

Then iterate new, improved model versions as we complete research, curate better data,
and improve the software.

Identify what contributes to the overall factual and trustworthiness.

o3 ) ¥ p ;, “ o
b ool :-—;-‘ : ,"’!

A ‘.’..r "':E._ )7 -:’,;.:.:'(',_,_L

Funded by R 7% -
rUS the European Union AT & = 4
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Factual and Trustworthy LLM Process

Evaluation

Data Pre- Post-

Curation Training Training

Applications

TrustLLM
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Factual and Trustworthy LLM Process

Evaluation

* Multi-lingual
Data Pre- Post- evaluation

- ] n - - . T h
Curatl()n Tra|n|ng Tralnlng rustworthiness

+ Transparency « Transparency « Alignment Applications

« Compliance with » Tokenisation « Fact-improving RL
GDPR, Copyright, * Energy efficiency « Knowledge-RAG

Al Act, etc.
* Open data
» Synthetic data

TrustLLM
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TrustLLM Currently Curated Training Dataset (6. 4TB)

tdm not checked

2.0T

0:3().9“,’-'u)

tdm
1.6T

(24,6%)

common_corpus

1.¢T

(18.5%)

code

851G
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358 languages

fineweb-edu: 1.8T

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

O 500 1000 1500 2000 500 anva

Size (GB)

B00

2026-03-02

3860.7 GS | 58,254

4000
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JQL (Judging Quality across Languages) — A Systematic
Approach for Filtering Multilingual Pre-Training Datasets

How effective is the combination of human feedback and LLMs-as-a-judge in filtering high-quality multilingual pre-training datasets?
How can reliable multilingual

Can reliable LLM-as-a-judge annotations be
ground truth data be obtained?

Can lightweight cross-lingual
obtained?

Can high-quality
annotators be distilled from multilingual datasets be
LLMs? filtered?
Translate : —lﬁL‘ -
@:} b, Evaluate Candidate Annotate with Top-N ,[—l ] Distill Lightweight Annotate & Filter
==, aEd LLMs-as-a-judge LLMs-as-a-judge Annotations rlabind o
N ¢ & & & T I | 2 P D A
Raw English \ ‘ Humans Annotations g s %ﬁ %5 ¥ Qj}} i Li.j‘ Rl \_\.r'“* \{
Docuemnts Annotate Doct: 2 ™, 1. L Cndnden ‘:';‘d'.;.‘“(_
0 < —~J ol
S i
- ~ Oocn: 3 2=

Prompt ‘
Score the quakty of |
the following docu-

ment based on a

N — }
range from 0 to § :ﬁ:}ri:“gl xgﬁ:;
Tr U St L L M Judging Quality Across Languages: A Multilingual Approach to Pretraining Data

Funded by
Filtering with Language Models, M. Alj, et.al. https://arxiv.org/abs/2505.22232 -

the European Union
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TrustLLM Data Curation — Next Steps

 Apply filtering consistently across

the dataset
« Improve dataset traceability and _EB] .
documentation OPT-OUTS LICENSES METADATATAGS
» Keep approach open to future

revisions

* Reassess excluded data as tools and @ N x
safeguards improve

* Monitor legal developments at EU
level

TrustLLM
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Towards Factual Correctness Static Knowledge

* We focus on retriever-based approaches that provide the LLM with access to recent information without
re-training. Both structured knowledge sources and from unstructured sources.

* From the training perspective, we employ contrastive learning to align user queries with information
from different modalities.

* From the architectural perspective, we adapt/extend the Transformer architecture to effectively integrate
structured and unstructured information together with the user query.

* We will explore pre-training from scratch and knowledge-driven fine-tuning of pre-trained models.

Question + : Answer
openai chat
Question > relevant chunk P api . A:The paper describes how
Q: As a foundation model, gpt-3.5-turbo the model is initialized with
how is self-supervised — = :},f,‘;’jmpf’ﬁf,‘iﬁ';‘,'},%‘{,‘;i
Ieafnin Used in thlS openai text = Adwrya;ialfsﬁmaﬁon_
model? What’s the embedding However, the vast majority
objective? cetierbed fetﬂere T(T;OSt of the model’s capabilities
ext-embed- similar doc come from large-scale
ding-ada-002 (hunks supervised trair:?ng. Unlike
other foundation models
Chunks that emphasize self-super-
— Vector Database vised learning, SAM's overall
PDF — text :J :J openaitext  chromadb/ pinecone
Parser | —— | splitter embedding
— B = B8 s
—— = = text-embed- I I I | I

= J = J ding-ada-002
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Towards Factual Correctness Dynamic Knowledge

* Extend retriever-based approaches one step further and explicitly model time.

* Provide the model access to the current time to make the model time-aware, e.g., by providing access to a
calendar as done for the Toolformer approach.

* Explore the effect of adding time-stamps to the documents in the pre-training corpus, and propose a
novel contrastive loss-based learning approach that explicitly takes time stamps of retrieved information
(e.g., retrieved triples/subgraphs from temporal knowledge graphs) into account.

Question + Answer
openai chat
Question > relevant chunk °P api e A : The paper describes how
Q: As a foundation model, gpt-3.5-turbo g’:ﬂ;’gggg’{f&%ﬁz
how s self-supervised _ _—J called MAE, Multi-resolution
learning used in this openai text - Adversarial Estimation.
model? What's the embedding However, the vast majority
objective? retrieve most of the model’s capabilities
text-embed- Imllar doc come from large-scale
ding-ada-002 chunks supervised training. Unike
other foundation models
Chunks that emphasize self-super-
— — Vector Database vised fearning, SAM's overall
PDF text _—J :J openaitext  chromadb/pinecone

Parser splitter — —  embedding
= " |I=J) =) text-embed-
—][=] ding-ada-002
— 2
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Towards Factual Correctness Multi-Step Reasoning

* Explicitly splitting the reasoning task into single reasoning steps using memory-based transformer architectures
that enable LLMs to maintain relevant information gathered from different sources and allow them to model the
current reasoning state.

* Explicitly modelling entire reasoning steps where each step is represented by a sequence of tokens to address
reasoning setups where several reasoning paths are available. Allow the model to explore alternative reasoning
paths by, e.g., using beam search.

* Investigate neuro-symbolic approaches that provide a guarantee of the correctness of a conclusion/proof. Fine-
tune LLMs to convert a problem defined in natural language to a formal presentation, outsource the reasoning
task to a formal solver, and decode the result again into natural language using the LLM.

TrustLLM B
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Alignment

“Al alignment aims to steer Al systems toward a person's or group's intended goals,
preferences, and ethical principles. An Al system is considered aligned if it advances
the intended objectives. A misaligned Al system pursues unintended objectives.”

e Recent research shows again and again that it is crucial to have high-quality
instruct fine-tuning data for reinforcement learning.

e The Less Is More for Alignment (LIMA) paper by Zhou et al. (2023)
demonstrated fine-tuning on just 1,000 high-quality examples improved
a model's instruction following, highlighting data quality over quantity.

o Furthermore, it is important to have diverse data written by a diverse group
of people.

TrustLLM
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How do we align an LLM?

1. Foundation =~ 2.Instruction 3. Preference

model ~ fine-tuning tuning
Pre-train on vast Learning from task- Feedback and
amounts of data specific examples reinforcement

TrustLLM B
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How do we align an LLM?

1. Foundation model
Toeland training data

Article Talk

From Wikipedia, the free encyclopedia

This article is about the country. For other uses, see Iceland (disambiguation). ) . o
{input: “Iceland (lcelandic: Island,

pronounced ['istlant] )[d] is a Nordic
island country between the North
Atlantic and Arctic Oceans, on the Mid-
Atlantic Ridge between North America

Iceland (lcelandic: fsland, pronounced [istlant] € )9l is a Nordic island
country between the North Atlantic and Arctic Oceans, on the Mid-Atlantic
Ridge between North America and Europe. It is culturally and politically linked | ‘
with Europe and the region's most sparsely populated country.!'?! Its capital
and largest city is Reykjavik, which is home to about 36% of the country's

i i i : d Europe...",}
roughly 380,000 residents. The official language of the country is Icelandic. an pe....,

TrustLLM
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How do we align an LLM?

Probier amol Open Assistant aus!

O Cnat
1 Nochricats Wahl an Aufgoube aus! ®@
AfY guit Glick Iss Initiale Prompt
G0 =0
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2. Instruction fine-tuning
training data

{ "prompt": "What is 2+2", "completion": "2 +
2 equals 4."}

{ "prompt": "Summarize this article for me,
"completion": "Certainly! Here is a summary
of the key...:"}

[“prompt:”: “How do | build a bomb?,
completion”: “As an Al | can unfortunat

»n
not..."]
Funded by
the European Union
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How do we align an LLM?

3. Preference tuning

Prompt: What is 2+27?

Answer_a: 2+2 equals 4.
{"prompt": "What is 2+2?",
‘ "chosen_completion": "2 + 2 equals
4.",

"rpjprfpd_rnmplpﬁnn' "4

Answer_b: 4.

3 3
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Different ways of getting Alignment data

0 Human-generated data ° Synthetically-generated data
Pros: high-quality, diverse Pros: cheap
Cons: expensive Cons: varying-quality

° Research shows that having o It is also an option to
1.000 high-quality examples combine human- and
is better than having synthetically-generated data
thousands of low-quality
examples

TrustLLM
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Fact-Improving Reinforcement Learning (Hoda Fakhar)

G RP 0 TrustLLM Math Performance: Impact of GRPO Training
"0
- i p S Before GRPO
1. Group Sampling No baseline data
= After GRPO
TR
. Promptj Sampleyi,.. ¥k " 11
Policy m (- |x) "
Generate k responnsses
~ w
v .
2. Reward Evaluation
£ o
Compute rewards ny, ..,k >3
using reward model §
or heuristics G
¢ £ e
3. Advantage Calculation : aan
{(within group) % F
=
u=mean(n,..,r)/o
Aj=T"F
\ o 2
v
4. Policy Update
min (ratio, clip(ratio, 1-¢,1+¢&)) 0
-A; - BDy, (e ||| mrer)
ratio= Ig(‘Zl). NIA
L old (0;) . o
. Mistral-78 DeepSeek-Math-78
Policy Update Chmparion (auvaded

DeepSeek Research. (2024). DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Funded by
r U St Reinforcement Learning. https://deepseekcoder.github.io/DeepSeek-RL/ the European Union
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How to Evaluate Al Systems?

ﬁ Feor?c Z.ark:':d.akb. Contributor
Move 37, or how Al can change the world

nnnnnnnnnnnnnnnnnnn

S
99 “‘E
o )
e
.
§%. TTTOTTOg
3 f

uuuuuuuuuuuuuuuuuuu

T t L L M https: //www.huffpost.com/entry/move-37-or-how-ai-can-change-the- - Funded by
[US world b 58399703e4b0a79f7433b675 the European Union
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Four Main Approaches
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| |\

EuroEval is a robust multilingual benchmarking framework
H https://euroeval.com/ +
H .I- I I -I-
HEE N [

TrustLLM B
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Natural Language

&) @

sentiment classification

linguistic acceptability

2026-03-02

Tasks in EuroEval

named entity recognition

ob2

O
“

reading comprehension

TrustLLM

70
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Natural Language Tasks in EuroEval

& @

sentiment classification named entity recognition

%,

linguistic acceptability reading comprehension

®

world knowledge common-sense reasoning

= -

summarisation

71
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TrustLLM Evaluation — Generation

Model Rank Par Voc Ctxt Com DK NL EN FO DE IS NO SE

36 Qwen/Qwen3-8B#no-thinking 8B 152K 41K v
46 meta-llama/Llama-3.1-8B-Instruct 8B 128K 131K v

50 meta-llama/lLlama-3.1-8B 8B 128K 131K v
51 allenai/Llama-3.1-Tulu-3-8B-SFT 8B 128K 131K v
64 swiss-ai/Apertus-8B-2509 8B 131K 66K v
65  swiss-ai/Apertus-8B-Instruct-2509 8B 131K 66K X
67 allenai/Olmo-3-1025-7B 7B 100K 66K v
69 Qwen/Qwen3-1.7B#no-thinking 2B 152K 41K v
70 TrustlLLMeu/baseline-7-8b_2-3t 8B 100K 4K v
75 allenai/Olmo-3-7B-Instruct 7B 100K 66K X
85 BSC-LT/salamandra-7b-instruct 8B 256K 8K v
87 BSC-LT/salamandra-7b 8B 256K 8K v

TrustLLM [
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TrustLLM Evaluation — Understanding

Model Rank Par Voc Citxt Com DK NL EN FO DE IS NO SE
47 Qwen/Qwen3-8B#no-thinking 8B 152K 41K
61 meta-llama/lLlama-3.1-8B-Instruct 8B 128K 131K
63 meta-llama/lLlama-3.1-8B 8B 128K 131K
68 allenai/lLlama-3.1-Tulu-3-8B-SFT 8B 128K 131K
92 allenai/Olmo-3-1025-7B 7B 100K 66K
94 swiss-ai/Apertus-8B-2509 8B 131K 66K

8B 131K 66K
8B 100K 4K
2B 152K 41K
/B 100K 66K
8B 256K 8K
8B 256K 8K

96 swiss-ai/Apertus-8B-Instruct-2509
97 TrustLLMeu/baseline-7-8b_2-3t

99  Qwen/Qwen3-1.7B#no-thinking
102 allenai/Olmo-3-7B-Instruct
122  BSC-LT/salamandra-7b-instruct
127 BSC-LT/salamandra-7b

LCLEXLC LXK KKK KKK
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TrustLLM: Project Concept
Scale-up, transfer,

Excellent Research SR
democratization

Open European LLM Nucleus Open Data Large-scale Training o . Multi-metric L.ow-resource

: ey : : ; Finetuning 2

for Trustworthy LLLM Training: Access Framework Benchmark Language Transfer
—— L

Development of LLMs aligned to European Values:
Diverse (WP2), Factual (WP3), Multiligual and Cross-cultural
(WP4), Trustworthy (WPS5), Sustainable (WP6), Robust (WP7)

r Context-aware
u Chatbot

Oscar U Factual reliable
OPUS E Assistant
’ A Industry
Wikipedia Multilingual
The Pile ;-;{ Conversational
N Agent Academia
C4
8 =
= @ Safe
Easy Language
Multilingual Data Model Model Model Use Cases and European LLM
Data Sources Curation Pre-training Alignment Transfer Applications (WP8) Ecosystem (WP9)

(SE, DE, IS, NL, DK, NO)
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Small vs Large Language Models

Small Language Models (SLM)

Dimension

Parameter count
Typical VRAM

Inference latency

AP| cost (est.)

Training cost

Generalisation

Reasoning depth

Factual knowledge

Fine-tuning cost

Privacy / compliance

Edge / mobile

Best use cases

Leading examples
(2026)

0.5B — ~10B parameters

1 -8 GB (CPU-feasible at small
sizes)

50 — 200 ms (local)

$0.0001 — $0.001 / 1K tokens (self-
hosted)

$10K - $1M

Limited; excels on narrow, well-
defined tasks

Adequate for structured tasks;
weaker on multi-hop

Limited by parameter count; lower
TriviaQA scores

Low (single GPU, hours)

Full on-prem deployment; no data
leaves org

Runs on-device (phones, loT,
Jetson)

Classification, extraction, domain
Q&A, real-time chat, agents

Phi-4-mini (3.8B), Qwen3-0.6B-8B,
Gemma 3n, Llama 3.2 3B

Large Language Models (LLM)
70B — 1T+ parameters

40 — 800+ GB (multi-GPU / TPU
required)

300 ms — 2 s+ (cloud API + network)
$0.01 — $0.10 / 1K tokens (cloud)

$10M - $1B+

Broad; strong zero-shot across
diverse domains

Strong multi-step, chain-of-thought
reasoning

Encyclopedic breadth; better world
knowiedge

High (multi-GPU cluster, days—
weeks)

Cloud APl means data traverses
external servers

Requires cloud; impractical on-
device

Open-ended reasoning, creative
tasks, novel queries, research

GPT-5, Claude Opus 4.6, Gemini 3
Pro, Grok 4.20

Trade-off
Cost vs. capability

Latency vs. depth

Privacy vs. breadth

Specialisation vs.
generalisation

Energy & sustainability

Deployment complexity

Context window

Multimodal

Advantage

SLMs: 10-100x cheaper
inference; economics flip at scale

SLMs: sub-200 ms local; ideal for
real-time UX

SLMs: on-prem; no vendor lock-in;

HIPAA-friendly

SLMs: fine-tuned SLM beats LLM
on narrow tasks (>85%
classification tasks)

SLMs: fraction of the energy cost;
greener deployments

SLMs: single GPU or CPU; easy
self-hosting

SLMs increasingly support 128K+
tokens (Phi-4-mini)

Gemma 3n supports
text/image/audio/video at SLM
scale

2026-03-02 75

Disadvantage

SLMs collapse on open-ended or
truly novel queries

LLMs: slower but more accurate
on complex multi-step tasks

LLMs: require cloud; data
governance challenges

SLMs hallucinate more outside
training distribution

Larger models consume orders of
magnitude more power

LLMs: multi-GPU clusters;
complex infra; high ops burden

LLMs lead in very long context
reasoning (1M+ tokens)

LLMs still lead in complex cross-
modal reasoning

TrustLLM
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the European Union



LLM - VT26 - Fredrik Heintz - LE1 Introduction - Work in progress 2026-03-02

Small vs Large Language Models

35.1% - 79.6% +44 ., 5pp 11% - 74.5% +63.5pp 11% - 88.1% +77.dpp

' _____-ﬂ':—'; ) -o— M! = HumanEval - (1SMBK

TrustLLM Fundod by union
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The Bitter Lesson (Sutton, 2019)

* General methods that leverage computation are ultimately the
most effective, and by a large margin.
* Observations
* 1) Al researchers have often tried to build knowledge into their agents,

« 2) this always helps in the short term, and is personally satisfying to the
researcher, but

* 3) in the long run it plateaus and even inhibits further progress, and
* 4) breakthrough progress eventually arrives by an opposing approach
based on scaling computation by search and learning.

» The two methods that seem to scale arbitrarily in this way are search and
learning.

b'“lf/%g'g‘l% http://www.incompleteideas.net/Incldeas/BitterLesson.html
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Neurosymbolic Al - Combining Learning and Reasoning

Key message
and challenge for Al it o

Newromprphic Computing
Prompt Enginesring

Exploit both DATA and KNOWLEDGE R~ e

Oparstional Al Systerms

both Learning and Reasoning

Expectations

:' e . —
Neurosymbolic Al (NeSy) as the answer G sty

Imedligent Applications

the most promising approach to a broad Al

Autonomous Vehicles

(HOChreiter) Al Maker and Teaching Kits
Poak of
. . Innovation Inflated Trough of slope of Plateau of
the third wave in Al (Garcez and Lamb) Trigger Expectations _ Disilusionment Enlightenment Productivity
Plateau will be resched nme
lons than 2 years ® 205 yeans ® 21010 yoars A more than 10 years &) otsolete betore platesu Asof kdy 2023

Gartner’s Hype Cycle in Al

II.“ LINKOPING

UNIVERSITY WIALLENBERG Al AND

G Al AND TRANSFORMATIVE TECHNOLOGI!
EDUCATION DEVELOPMENT PROGRAM
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d main Kn ?
Do we Need Domain K owledge.
Kn (_",\.A_:it: (‘i E;T;
| Human Domain  Known |

Go data knowledge rules | Go Chess Shogi
AlphaGo becomes the first program to master Go using AlphaZero masters three perfect information games
neural networks and tree search using a single algorithm for all games
(Jan 2016, Nature) (Dec 2018, Science)

Go Go Chess Shogi Atari
AlphaGo Zero learns to play completely on its own, MuZero learns the rules of the game, allowing it to also
without human knowledge master environments with unknown dynamics.
(Oct 2017, Nature) (Dec 2020. Nature)

2026-03-02
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Al Trends

 From uni-modal to multi-modal

>

models
« From next token prediction to Fad
reasoning o /@
: : © !5
* From machine learning to S 18 &
neurosymbolic Al 3 'S L
= v - ”
« From language models to world =& o -
models > F3
. ° Q.
* From static models to continual = &
learning G 5
> ~
« From chat to agents
[ 1 - >
From automation to Human-AI RED eTlart Byer e

collaboration
« Towards Trustworthy Al

TrustLLM B
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