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Chapter 15: Large Language Models & Transformers
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I have taught Transformers to vocational students for three years now, and the single biggest mistake I made in year one was underestimating what they already knew. I walked in expecting to explain the concept of attention from scratch. A student in the front row, seventeen years old, studying IT infrastructure, stopped me after thirty seconds and said: "Sir, is not this basically like when you highlight the important parts of a textbook before an exam?" I stood there for a moment. Then I said: "Yes. Exactly that." The entire class relaxed. From that point on, the formula was not intimidating, it was just the mathematical version of something they had always done. That is the aha moment I try to engineer into every lesson now: find the thing they already understand intuitively, and show them the maths is just a description of it.

	Chapter Overview

In 2017 a paper titled 'Attention Is All You Need' changed artificial intelligence forever.

The Transformer architecture it introduced became the engine behind ChatGPT, Gemini,

Claude, and every modern large language model (LLM). Understanding how Transformers

work is no longer optional, it is the literacy required to work in modern AI.


By the end of this chapter you will be able to:

• Explain the limitations of RNNs that motivated the Transformer architecture

• Understand self-attention, multi-head attention, and positional encoding

• Trace how tokens flow through encoder and decoder layers

• Describe pre-training and fine-tuning for language models

• Use GPT-2 and BERT locally with Hugging Face Transformers

• Evaluate LLM outputs and understand hallucination and bias

• Apply LLMs to real European text classification and generation tasks



🎯 LEARNING OBJECTIVES

By the end of this chapter, you will be able to:

	Explain the limitations of RNNs and why the Transformer architecture replaced them

	Describe self-attention and multi-head attention and explain what each computes

	Trace how tokens flow through encoder and decoder layers in a Transformer

	Distinguish pre-training from fine-tuning and explain when each is appropriate

	Load and run GPT-2 and BERT locally using Hugging Face Transformers

	Evaluate LLM outputs and identify the conditions that cause hallucination and bias

	Apply LLMs to real European text classification and generation tasks


The first time I explained Transformers to a class, I made the mistake of starting with the attention formula. I wrote Q, K, V on the board and watched the room go quiet in a very specific way, not the quiet of concentration, but the quiet of people wondering if they had signed up for the wrong course. Now I start differently. I ask: "Have you ever re-read a sentence because a word near the end changed the meaning of a word at the beginning?" Every hand goes up. "That," I tell them, "is attention. The Transformer is a machine that does that, for every word, simultaneously, in parallel." The formula comes after. It always lands better that way.

15.1 The Problem with Recurrent Networks

Here is the specific failure mode I show students on day one. I write a sentence on the board: "The bank approved the loan because it was solvent." Then I ask: what does "it" refer to? Every student immediately says "the bank." Now I ask: how did you know? Not from the word "it" alone, "it" tells you nothing. You knew because you read the whole sentence, noticed "solvent" nearby, recalled that banks can be solvent but loans cannot, and used that semantic reasoning to resolve the reference. You did not process the sentence left-to-right and then forget the beginning. You held the whole thing in mind simultaneously and reasoned across it.

RNNs cannot do this reliably. By the time a vanilla RNN reaches the word "solvent" in a long document, the information about "bank" at the beginning has been compressed into a fixed-size hidden state that has been overwritten dozens of times. The gradient signal connecting "solvent" back to "bank" has vanished. The Transformer's self-attention mechanism eliminates this bottleneck entirely: every word attends to every other word directly, with no information passing through intermediate states. The computational cost is O(n²) in sequence length, quadratic rather than linear, but for the sequences we work with in practice (hundreds to a few thousand tokens), This is entirely manageable on modern hardware.

When I first ran this comparison live in class, showing an RNN failing to resolve a pronoun reference in a long EU legal text, then showing BERT getting it right, a student in the back said something I have used in every session since: "So the RNN reads like a tired person at the end of a long day, and the Transformer reads like someone who just had a coffee." That is not precisely accurate, but it captures the important truth: attention is what allows a model to stay equally alert to the beginning of a document when processing its end.

Before Transformers, the dominant architecture for language tasks was the Recurrent Neural Network (RNN) and its improved variants LSTM (Long Short-Term Memory) and GRU (Gated Recurrent Unit). These models process text one word at a time, left to right, maintaining a hidden state that carries information forward through the sequence.

This sequential processing creates two fundamental problems that crippled RNNs on long texts:

	Vanishing gradient problem: Gradients shrink exponentially as they flow backwards through many time steps. Information from the beginning of a long sentence barely influences the model's prediction at the end.


	No parallelism: Each hidden state depends on the previous one, so training cannot be parallelised across a sequence. Training on millions of documents takes weeks, not hours.


Consider translating this sentence: 'The trophy did not fit in the suitcase because it was too large.' What does 'it' refer to, the trophy or the suitcase? Humans resolve this from context distributed across the whole sentence. An RNN must carry that signal through 12 intermediate steps, losing it to gradient decay.

🔑 KEY CONCEPT: The Attention Mechanism

Attention computes, for each token in a sequence, a weighted sum of all other tokens, where the weights reflect relevance. Given queries (Q), keys (K), and values (V): Attention(Q,K,V) = softmax(QKt/sqrt(d_k))V. Each token "asks a question" (Q), every other token "offers an answer" (K), and the values (V) are the actual information retrieved. Multi-head attention runs this in parallel across multiple learned subspaces, allowing the model to attend to different relationship types simultaneously. This is why Transformers outperform RNNs on long-range dependencies, every token can attend to every other token in a single layer.

––––––––
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🔑 KEY CONCEPT: Pre-training vs Fine-tuning

Pre-training teaches a model general language understanding on billions of tokens, predicting masked words (BERT) or next tokens (GPT). Fine-tuning adapts a pre-trained model to a specific task using a small labelled dataset, typically hundreds to thousands of examples. The pre-trained model has already learned syntax, semantics, and world knowledge; fine-tuning redirects these toward your task. In EU contexts, fine-tuning on domain-specific text (legal documents, medical records, multilingual policy text) consistently outperforms training from scratch and is far more practical under EU data minimisation requirements.

	RNN: Sequential, information decays over distance 
Input: 
The cat sat on the mat after it ate the fish | | 
| | | | | | | | | State: h1 -> h2 -> h3 -> h4 
-> h5 -> h6 -> h7 -> h8 -> h9 -> h10 -> h11 Problem: h11 knows 'fish' well, but 
'The cat' 
signal in h1 is very faint Transformer: ALL words attend to ALL words 
si
multaneously 'it' <——————————————> 'cat' score 
= 0.82 
'it' <——————————————> 'mat' score = 0.11 'it' 
<——————————————> 'sat' score = 0.07 No decay. 
Distance does not reduce attention quality.
––––––––
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💡 TIP: Always Check LLM Output for Hallucination

LLMs generate plausible-sounding text whether or not the underlying facts are correct. For EU compliance tasks, summarising legal documents, answering policy questions, generating audit reports, always implement a RAG step that grounds outputs in verified source documents. Never deploy an LLM in a high-risk EU AI Act context without a human review step for factual claims. Confident tone is not evidence of factual accuracy.

The Transformer eliminates sequential processing entirely. Every word attends to every other word simultaneously, computing relevance scores directly regardless of distance in the sequence. This solves both vanishing gradients and enables massive parallelism on GPUs.

15.2 Self-Attention: The Core Mechanism

Self-attention is the concept that I find myself explaining most carefully in this chapter, because it is both the most important and the most counterintuitive. My students often ask: why does every word need to attend to every other word? I use a translation analogy. The word 'bank' in 'I went to the bank to deposit money' means something completely different from 'bank' in 'the river bank was eroded'. To translate 'bank' correctly, you need to look at the entire surrounding context — not just adjacent words. Self-attention formalises this contextual lookup as a differentiable operation that can be trained end-to-end.

[image: ]

Figure 15.1 — Transformer architecture: encoder (left) and decoder (right) with N stacked layers.

Self-attention is the mechanism that made Transformers possible, and it is simpler than its mathematical notation suggests. The intuition is this: when processing any word in a sentence, the model learns to look at all other words and decide which ones are most relevant to understanding the current word's meaning. In the sentence 'The animal did not cross the street because it was too tired,' self-attention is what allows a model to figure out that 'it' refers to 'animal' and not 'street', by learning that 'tired' is semantically closer to animals than to streets.

Before self-attention, sequence models processed words one at a time, left to right. Each word's representation was built from the previous hidden state, meaning distant context was compressed into a fixed-size vector that inevitably lost information. Self-attention replaces this sequential bottleneck with direct connections: every word can attend to every other word in a single computation, regardless of distance. This is why Transformers capture long-range dependencies so much more effectively than RNNs, and why the architecture scaled, you can make the model bigger and add more attention heads without hitting the fundamental sequential processing ceiling.

The scaled dot-product attention formula, softmax(QK^T / sqrt(d_k))V, has four components worth understanding separately. Q, K, V are learned linear projections of the input embeddings. The dot product QK^T measures similarity between every pair of positions: high dot product means high relevance. Dividing by sqrt(d_k) prevents the dot products from becoming so large that the softmax saturates into near-zero gradients. The softmax converts raw similarity scores into a probability distribution (attention weights that sum to 1). Finally, these weights are applied to the values V to produce a weighted sum: the new representation of each position.

Self-attention lets each token in a sequence look at all other tokens and decide which are relevant. The mathematics is elegant and implementable in a few dozen lines of code.

15.2.1 Queries, Keys, and Values

When I first encountered Q, K, V notation I found it obscure. The library analogy helped me understand it and it reliably helps students too. You are a researcher (query) looking for information. The library catalogue (keys) tells you what is available. The actual books (values) contain the content. You compute similarity between your query and each catalogue entry, weight the books by that similarity, and take a weighted combination. The attention score is how well your query matches each key; the output is the weighted sum of values. Training adjusts Q, K, V projection matrices so the model learns which aspects of each token are worth querying, indexing, and storing.

[image: ]

Figure 15.2 — Self-attention QKV mechanism: query, key, value projections and attention weights.

Let me walk you through what attention actually computes with a concrete example from EU policy text. Suppose our sentence is: "The regulation applies to providers established in the Union even if their processing takes place outside it." The word "it" needs to resolve to "Union." In the attention mechanism, processing "it" means computing its query vector Q_it, then computing the dot product of Q_it against the key vectors K of every other word. The dot product Q_it · K_Union will be high because they co-occur in similar contexts in training data, "Union" is the semantically appropriate antecedent for "it" in regulatory texts. The dot product Q_it · K_regulation will be lower. The softmax converts these scores into weights, and the model uses a weighted average of all value vectors, dominated by V_Union (as its new representation of "it)."

This mechanism is why BERT-based models outperform older NLP systems on EU legal document understanding by such large margins. EU legislation is characterised by long sentences, complex pronoun references, heavy use of defined terms, and cross-references between articles. These are exactly the failure cases for sequential models and exactly the strengths of attention-based architectures. A study of GDPR compliance classification tasks found that XLM-RoBERTa (a multilingual attention model) achieved 91% accuracy versus 73% for an LSTM baseline, an 18-point improvement attributable almost entirely to better handling of long-range dependencies in regulatory language.

Multi-head attention extends this idea by running the attention mechanism multiple times in parallel with different learned projections. Each "head" learns to attend to a different type of relationship: one head might specialise in syntactic dependencies (subject-verb agreement), another in semantic co-reference (pronoun resolution), another in discourse structure (this-article references that-article). The outputs of all heads are concatenated and projected back to the model dimension. This allows a single layer to simultaneously capture multiple types of linguistic structure, a property that is crucial for the complex, multilayered meaning in legal and technical EU texts.

For every input token embedding, the model learns three vectors through linear transformation. Think of it as a database lookup:

	Query (Q): What am I looking for? The current word's 'question' to the rest of the sequence.


	Key (K): What do I offer? Each word advertises what information it contains.

	Value (V): What do I actually contribute? The content to be mixed if attention is paid.


The attention score between token i and token j is the dot product of their query and key vectors, scaled by the square root of the key dimension to prevent exploding gradients in high dimensions:

	Attention(Q, K, V) = softmax( Q * K_transpose / sqrt(d_k) ) * V
Example: sentence = ['The', 'cat', 'sat', 'on', 'mat'] d_k = 64
For word 'sat' (index 2), compute scores against all words:
score(sat, The) = Q_sat . K_The / 8 = 0.12
score(sat, cat) = Q_sat . K_cat / 8 = 0.71 <- highest: cat is subject
score(sat, sat) = Q_sat . K_sat / 8 = 0.43
score(sat, on) = Q_sat . K_on / 8 = 0.31
score(sat, mat) = Q_sat . K_mat / 8 = 0.28
After softmax normalisation: [0.06, 0.42, 0.24, 0.15, 0.13]
Output for 'sat' = 0.06*V_The + 0.42*V_cat + 0.24*V_sat + ...
-> 'sat' embedding is now heavily influenced by 'cat' (the subject)



The softmax normalises all scores to probabilities that sum to 1. The output for each token is a weighted average of all value vectors. The word 'sat' ends up with an output embedding heavily influenced by 'cat', the model has learned that verbs are most strongly associated with their subjects.

15.2.2 Multi-Head Attention

Multi-head attention is best understood through the metaphor of reading with different lenses. When you read a legal contract, you simultaneously process it through multiple lenses: a syntactic lens that tracks subject-verb agreement, a semantic lens that identifies key obligations and rights, a co-reference lens that links pronouns to their antecedents, and a structural lens that recognises article and clause boundaries. You do not consciously switch between these interpretations (you hold them simultaneously). Multi-head attention is the architectural mechanism that gives Transformers the same capability.

Each attention head learns a different linear projection of the input embeddings into query, key, and value spaces. Head 1 might learn to attend to syntactic dependencies. Head 2 might specialise in long-range semantic co-reference. Head 3 might track document structure markers. The model does not explicitly assign these roles, they emerge from training as the optimal way to partition the representational work across heads. After computing attention in each head independently, the results are concatenated and projected back to the model dimension, producing a rich composite representation that captures multiple relationship types simultaneously.

In EU legal text, multi-head attention produces measurably different behaviour from single-head attention on co-reference resolution tasks. Legal documents contain complex reference structures: "the controller, as defined in Article 4(7) of this Regulation, shall ensure that the processor, as referred to in paragraph 1, processes..." Single-head attention struggles with nested references at this depth. Multi-head attention, by assigning different heads to track different reference chains simultaneously, handles these structures with accuracy that approaches human expert performance on benchmark datasets of annotated EU regulatory text.

A single attention head captures only one type of relationship at a time. Multi-head attention runs h parallel attention mechanisms (typically h=8 or h=12), each with its own learned Q, K, V projections. Their outputs are concatenated and projected back to the model dimension:

	Multi-Head Attention with h=4 heads:
Input embedding (512-dim)
|
________________|________________________________
| | | | |
Head 1 Head 2 Head 3 Head 4 |
(syntax) (coreref) (semantics) (position) |
| | | | |
128-dim 128-dim 128-dim 128-dim |
|__________|_____________|______________| |
Concatenate -> 512-dim |
Linear projection |
| |
Output (512-dim) <———————-+
Each head specialises independently.
Head 1 might track grammar; Head 2 resolves pronoun references.



15.3 The Full Transformer Architecture

The Transformer architecture stacks attention and feed-forward layers into a deep network that processes entire sequences in parallel. Understanding the full architecture matters not just for implementing Transformers from scratch, which you will rarely need to do, but for debugging issues when fine-tuning, for choosing appropriate hyperparameters, and for reading the research papers that describe every modern LLM.

An encoder layer applies self-attention followed by a position-wise feed-forward network, with residual connections and layer normalisation around each sub-layer. The residual connections solve the vanishing gradient problem: rather than learning the full transformation, each layer learns a residual correction on top of the identity mapping. Layer normalisation stabilises training by normalising activations across the feature dimension, unlike batch normalisation which normalises across the batch dimension and interacts poorly with variable-length sequences.

Decoder layers add a second type of attention: cross-attention, which attends over the encoder's output. This allows the decoder to consult the full encoded input at every generation step. Encoder-only models (BERT) are used for classification and understanding tasks, they see the full sequence bidirectionally. Decoder-only models (GPT) are used for generation, they see only previous tokens, enforcing autoregressive prediction. Encoder-decoder models (T5, BART) are used for sequence-to-sequence tasks like translation and summarisation.

The original Transformer has two main components: an Encoder that reads and understands the input, and a Decoder that generates the output. Modern LLMs typically use only one of these components.

15.3.1 Positional Encoding

Since self-attention processes all tokens in parallel (no sequential order), the model has no inherent sense of which token comes first. Positional encoding adds a unique signal to each token's embedding encoding its position in the sequence:

The positional encoding is added to the token embedding before the first attention layer, giving the model information about where each token appears in the sequence. The original Transformer uses sinusoidal encodings — sine and cosine functions of different frequencies — which have the useful property that relative positions can be computed by the model via linear transformations. Modern LLMs typically use learned positional embeddings or rotary position embeddings (RoPE), which generalise better to sequence lengths not seen during training. For EU regulatory documents, which can be thousands of tokens long, positional encoding quality directly affects the model's ability to reference information from early in the document when processing later sections.

	Sinusoidal Positional Encoding:
PE(pos, 2i) = sin( pos / 10000^(2i/d_model) )
PE(pos, 2i+1) = cos( pos / 10000^(2i/d_model) )
pos=0 : [0.000, 1.000, 0.000, 1.000, 0.000, 1.000, ...]
pos=1 : [0.841, 0.540, 0.010, 1.000, 0.001, 1.000, ...]
pos=2 : [0.909, -0.416, 0.020, 0.999, 0.002, 1.000, ...]
pos=3 : [0.141, -0.990, 0.030, 0.999, 0.003, 1.000, ...]
Each position gets a unique fingerprint across all dimensions.
These signals are ADDED to token embeddings (not concatenated).
Newer models: RoPE (rotary), ALiBi (relative distance) (generalize better).



15.3.2 Encoder and Decoder Layers

I spend extra time on the encoder-decoder distinction because students often conflate the two. The simplest framing I have found: BERT-style encoder models read text deeply and are good at understanding tasks (classification, NER, QA). GPT-style decoder models generate text and are good at production tasks (summarisation, translation, completion). T5-style encoder-decoder models can do both. For EU regulatory classification, I recommend BERT or a multilingual variant. For EU policy summarisation, I recommend a decoder model or instruction-tuned model. For translation between EU languages, a dedicated encoder-decoder model like mBART outperforms general-purpose LLMs at a fraction of the cost.

The encoder-decoder distinction is the architectural decision that produces the three dominant model families in modern NLP, each optimised for a different class of tasks. Understanding which family to reach for before looking at any specific model will save you significant evaluation time on EU AI projects.

Encoder-only models (BERT, RoBERTa, XLM-RoBERTa) produce representations of the input, dense vectors that capture the meaning of each token in context. they are trained to understand language bidirectionally, seeing both left and right context simultaneously. This makes them excellent at tasks where you need to classify or extract information from an existing text: sentiment classification, named entity recognition, document categorisation, textual entailment, question answering over a fixed passage. For EU NLP tasks that involve understanding regulatory documents, classifying compliance status, or extracting structured information from unstructured text, encoder-only models are almost always the right starting point.

Decoder-only models (GPT family, Llama, Mistral) generate text autoregressively, one token at a time, each conditioning on all previous tokens. they are trained to predict the next token, which produces models with broad world knowledge and fluent generation capability. These are the models behind ChatGPT and Claude. They excel at open-ended generation, dialogue, code synthesis, and tasks where the output is longer and more varied than the input. For EU applications involving document drafting, compliance report generation, or conversational interfaces, decoder-only models are the appropriate choice. The trade-off: they are typically larger, more expensive to run, and less sample-efficient to fine-tune than encoder-only models of equivalent quality on understanding tasks.

	ENCODER LAYER (BERT uses 12 of these): DECODER LAYER (GPT uses 12-96):
Input x Previously generated tokens
| |
+——> Multi-Head Self-Attention <——+ Masked Self-Attention (causal)
| (bidirectional: all tokens) | |
| Add & LayerNorm———————-+ Cross-Attention (Q from decoder,
| K,V from encoder output)
+——> Feed-Forward Network (ReLU) <—+ |
Add & LayerNorm———————-+ Feed-Forward Network
| |
Output x' Linear + Softmax -> next token
Residual connections (the + arrows) prevent vanishing gradients.
Layer Norm stabilises activations between sub-layers.



[image: ]

Table: Architecture

15.4 Pre-Training and Fine-Tuning

I use a cooking analogy for pre-training and fine-tuning that works well in class. Pre-training is like spending years learning to cook in a professional kitchen — you develop general skills (knife work, heat control, flavour balancing) that apply to any cuisine. Fine-tuning is like spending two weeks in a Michelin-starred French restaurant — you apply your general skills to a specific context and pick up the specific techniques that context requires. A model with no pre-training that is fine-tuned directly on your small dataset is like a chef who has never cooked before being dropped into the French kitchen. Pre-training is not optional — it is the foundation everything else builds on.

Pre-training is the process that transforms a randomly-initialised Transformer into a model that understands language. The model is trained on billions of tokens of text, books, web pages, scientific papers, code, multilingual content, using a self-supervised objective that requires no human labels. After pre-training, the model has implicitly learned grammar, factual knowledge, reasoning patterns, and the statistical regularities of language across every domain in its training data.

The scale of modern pre-training is difficult to overstate. GPT-3 was trained on roughly 300 billion tokens, approximately one trillion words of text, requiring thousands of A100 GPUs running for months. This is why pre-training a frontier model from scratch is out of reach for almost every organisation. But fine-tuning a pre-trained model on your specific task requires only a fraction of that compute: a dataset of a few thousand examples and a single GPU running for hours or days. Pre-training is the expensive, one-time investment; fine-tuning is the cheap, task-specific adaptation.

For European practitioners, the language coverage of pre-training data matters enormously. Most frontier models are trained on predominantly English text. French, German, Spanish, and Italian are reasonably represented; smaller EU languages like Estonian, Maltese, or Irish Gaelic may have only a few million tokens in training data. This imbalance shows up in performance: models are measurably worse at lower-resource languages. The solution is either to use a model specifically pre-trained on EU multilingual data (such as EuroLLM or models trained on OPUS corpora), or to fine-tune on your target language using the Hugging Face ecosystem.

LLMs are trained in two phases. Pre-training on massive text corpora teaches general language understanding. Fine-tuning on task-specific data adapts that knowledge for a particular application.

15.4.1 Pre-Training Objectives

Here is the classroom moment that made pre-training and fine-tuning concrete for my vocational students. I asked them: "If I hired you as a junior IT technician tomorrow, would you expect to know everything on day one, or would you expect some on-the-job training?" Everyone said on-the-job training. "But you'd already know how to type, how to use a computer, what a network is, what a server does, you would not need to learn those things from scratch." Everyone nodded. "Pre-training is university and school. Fine-tuning is your first three months on the job." The concept clicked immediately. Pre-training gives you general capabilities. Fine-tuning adapts those capabilities to a specific task.

The practical implication for EU practitioners is profound: you never need to pre-train a model. Pre-training GPT-3 cost approximately $4.6 million in compute. Fine-tuning a pre-trained model on a custom EU dataset of 10,000 examples costs approximately €10–50 on a cloud GPU, four to five orders of magnitude cheaper. The pre-trained model already knows what "GDPR" means, what "data controller" means, how EU legal language is structured. Your fine-tuning job is to teach it the specific classification task, output format, or domain adaptation you need. This is the economic reality that makes AI accessible to EU SMEs, public institutions, and researchers who cannot afford frontier model pre-training.

The choice between full fine-tuning and parameter-efficient fine-tuning (PEFT/LoRA) comes down to compute budget and the degree of domain shift. Full fine-tuning updates all model parameters, produces the best results for large domain shifts (English general text → specific EU language minority text) but requires more GPU memory and compute. LoRA adds small trainable matrices to attention layers, leaving most parameters frozen, produces comparable results for moderate domain shifts (English text → EU legal English) at 10–20% of the compute cost. For most EU applications, multilingual classification, regulatory NER, compliance checking, LoRA fine-tuning on a single GPU for 2–4 hours achieves 90–95% of full fine-tuning performance. That is the practical default I recommend to students starting out.

	Masked Language Modelling. BERT: 15% of tokens are randomly masked. The model predicts them from context on both sides. Example: 'The cat [MASK] on the mat' -> 'sat'. Bidirectional context makes representations very rich.


	Causal Language Modelling. GPT: Predict the next token given all previous tokens. Train on billions of documents by predicting each word from the words before it (no labels needed). Billions of natural training examples from the internet.

	Span Corruption. T5: Random spans of text are replaced with sentinel tokens. The model reconstructs the original spans. Trains encoder-decoder models efficiently.


Pre-training requires enormous compute. GPT-3 (175 billion parameters) was trained on roughly 300 billion tokens, costing an estimated 4 to 12 million USD in cloud compute. This is why the research community relies on publicly released pre-trained checkpoints.

15.4.2 Key European Pre-Training Datasets

European pre-training datasets are critical for LLMs that need strong performance on EU languages and regulatory content. The most important collections for EU practitioners are OSCAR (Open Super-large Crawled ALMAnaCH coRpus), which provides cleaned Common Crawl data in 166 languages including all 24 EU official languages; CC-100, a multilingual dataset covering 100 languages used to train XLM-R and mBERT; and the EuroParl corpus, containing parallel texts of European Parliament proceedings in 21 languages — invaluable for multilingual and translation tasks.

For domain-specific EU applications, specialised datasets provide higher quality than general web crawls. EUR-Lex contains the full text of EU legislation, directives, regulations, and case law in all official languages — essential for legal NLP. The European Court of Human Rights dataset provides case documents and judgements. Eurostat's data portal includes structured statistical reports that, when combined with LLM training, enable models to reason about EU economic and social indicators. When fine-tuning an LLM for EU regulatory work, always supplement general pre-training data with these domain-specific corpora.

Data sovereignty is a key consideration when choosing pre-training data for EU deployments. Under GDPR, personal data included in training corpora without explicit consent creates legal liability. The AI Act's transparency requirements for general-purpose AI models include documentation of training data sources and any copyright or privacy issues identified. Several EU-based research initiatives — including BLOOM (BigScience) and Mistral — have prioritised transparent, documented training data to meet these requirements from the outset.

[image: ]

Table: Dataset

15.4.3 Fine-Tuning Approaches

	Full fine-tuning: Update all model weights on task data. Highest accuracy but expensive. Risk of catastrophic forgetting of pre-trained knowledge if learning rate is too high.


	LoRA. Low-Rank Adaptation: Freeze pre-trained weights. Add small trainable rank-decomposition matrices (rank r=8 or 16) to attention layers. Reduces trainable parameters by 99% with minimal accuracy loss. Used to fine-tune LLaMA-2 on consumer GPUs.

	Prompt tuning: Add trainable 'soft prompt' tokens prepended to inputs. Only these tokens are updated. Works best for very large models (over 10 billion parameters).

	RLHF: Reinforcement Learning from Human Feedback. Human annotators rank model outputs. A reward model is trained on these rankings. The LLM is fine-tuned with RL (PPO) to maximise reward. Used to create ChatGPT and Claude from base GPT and Claude models.


15.5 Hands-On: Text Generation with GPT-2

Text generation with GPT-2 is the demonstration I always run live in class. I type the beginning of an EU policy sentence — 'The European Commission has proposed a new regulation on' — and let the model complete it. The results range from plausible to absurd, which is exactly the point. GPT-2 was trained in 2019 and knows nothing about developments since then. It generates fluent, contextually plausible text that is frequently factually wrong about current EU policy. I use this to teach students why RAG exists: grounding generation in retrieved facts prevents the model from confidently generating outdated or fabricated policy positions.

The hands-on sections in this chapter are designed to give you direct experience with LLMs at the code level, not just calling an API, but loading model weights, understanding the tokeniser, and controlling generation. This understanding becomes essential when you need to debug unexpected outputs, optimise inference speed, or adapt models for low-resource environments that cannot afford continuous API calls.

GPT-2 is an ideal learning model: it is small enough to run on a laptop CPU (the smallest variant has 117M parameters), well-documented, and exhibits all the behaviours of larger models in miniature. When you fine-tune GPT-2 on EU parliamentary debates and see it generating coherent policy language, you have understood transfer learning at a visceral level that no API demonstration can provide. The same principles apply when you later work with GPT-4 or Claude, the architecture is the same; only the scale differs.

GPT-2 (1.5 billion parameters, released 2019) is freely available and runs on a consumer laptop. It is an excellent starting point before working with larger API-based models.

15.5.1 Installation and Tokenisation

Install the Hugging Face Transformers library: pip install transformers torch. Load GPT-2 and its tokeniser: from transformers import GPT2LMHeadModel, GPT2Tokenizer; tokeniser = GPT2Tokenizer.from_pretrained('gpt2'); model = GPT2LMHeadModel.from_pretrained('gpt2'). The tokeniser converts raw text to token IDs using Byte-Pair Encoding (BPE) — a subword tokenisation method that splits rare words into frequent subword units. The word 'Eurostat' might be encoded as ['Euro', 'stat'] if neither is in the base vocabulary. Understanding tokenisation matters for EU multilingual applications: languages with rich morphology (Finnish, Hungarian) tokenise less efficiently than English, meaning the same semantic content requires more tokens and therefore more compute.

To inspect tokenisation: tokens = tokeniser.encode('The EU AI Act requires transparency', return_tensors='pt'); print(tokeniser.convert_ids_to_tokens(tokens[0])). The output shows exactly how GPT-2 splits the text. For multilingual EU content, the multilingual tokeniser from XLM-R or mBERT is preferable — it was trained on 100 languages and handles EU scripts (including Greek, Bulgarian Cyrillic, and Romanian) correctly, while GPT-2's English-only tokeniser produces very long token sequences for non-Latin scripts.

	# Install Hugging Face ecosystem
pip install transformers torch sentencepiece accelerate
from transformers import GPT2Tokenizer
tokenizer = GPT2Tokenizer.from_pretrained('gpt2')
# Tokenise a European finance headline
text = 'The European Central Bank raised interest rates in Frankfurt.'
tokens = tokenizer.encode(text)
token_strs = tokenizer.convert_ids_to_tokens(tokens)
print('Token IDs:', tokens)
print('Tokens: ', token_strs)
# ['The', 'G European', 'GCentral', 'GBank', 'Graised', 'Ginterest',
# 'Grates', 'Gin', 'GFrankfurt', '.']
# G = space before word (included in the token via BPE)
print(f'Vocab size: {tokenizer.vocab_size}') # 50,257 tokens
# German compound words fragment more than English
de_text = 'Die Europaeische Zentralbank erhoehte die Zinsen.'
de_toks = tokenizer.convert_ids_to_tokens(tokenizer.encode(de_text))
print('German tokens:', de_toks)
# Many subword splits -> multilingual models like mGPT handle this better



15.5.2 Decoding Strategies

Decoding strategy determines how the model selects the next token at each generation step. Greedy decoding always picks the highest-probability token — fast but often produces repetitive, bland text. Beam search maintains the top-k most probable sequences simultaneously, producing more coherent text at the cost of compute. Sampling-based methods introduce randomness for creative diversity.

The three most important parameters for practical text generation: temperature controls randomness (lower = more deterministic, higher = more creative; 0.7 is a good default for factual EU content); top-p (nucleus sampling) restricts sampling to the smallest set of tokens whose cumulative probability exceeds p (0.9 is standard); top-k limits sampling to the k most probable tokens. For EU regulatory summarisation where accuracy matters, use temperature 0.3–0.5 with top-p 0.9. For creative tasks like generating EU policy scenarios, use temperature 0.8–1.0.

Generate text with GPT-2: input_ids = tokeniser.encode('The European Commission announced', return_tensors='pt'); output = model.generate(input_ids, max_new_tokens=100, temperature=0.7, top_p=0.9, do_sample=True, pad_token_id=tokeniser.eos_token_id); print(tokeniser.decode(output[0], skip_special_tokens=True)). The pad_token_id setting prevents a common warning when GPT-2 generates beyond the input length.

	from transformers import GPT2LMHeadModel, GPT2Tokenizer
import torch
tokenizer = GPT2Tokenizer.from_pretrained('gpt2-medium')
model = GPT2LMHeadModel.from_pretrained('gpt2-medium')
model.eval()
prompt = 'EU artificial intelligence regulation requires companies to'
inputs = tokenizer.encode(prompt, return_tensors='pt')
# Greedy: always pick highest probability token (deterministic, often repetitive)
with torch.no_grad():
greedy = model.generate(inputs, max_new_tokens=40)
print('GREEDY:', tokenizer.decode(greedy[0], skip_special_tokens=True))
# Nucleus (top-p) sampling: best balance of quality and diversity
with torch.no_grad():
nucleus = model.generate(
inputs, max_new_tokens=80,
do_sample=True,
temperature=0.8, # < 1 = more focused distribution
top_p=0.92, # sample from tokens covering 92% of probability
top_k=50, # also cap at top 50 tokens
repetition_penalty=1.3, # penalise tokens already generated
pad_token_id=tokenizer.eos_token_id
)
print('NUCLEUS:', tokenizer.decode(nucleus[0], skip_special_tokens=True))
# Beam search: explore 5 paths, return highest scoring complete sequence
with torch.no_grad():
beam = model.generate(
inputs, max_new_tokens=60,
num_beams=5,
no_repeat_ngram_size=3, # forbid any 3-gram from repeating
early_stopping=True
)
print('BEAM:', tokenizer.decode(beam[0], skip_special_tokens=True))
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15.6 Hands-On: BERT for EU News Classification

BERT (Bidirectional Encoder Representations from Transformers) represents a different design philosophy from GPT. Where GPT is decoder-only and trained to predict the next token, BERT is encoder-only and trained with two objectives: masked language modelling (predict randomly masked tokens using full bidirectional context) and next sentence prediction (determine whether two sentences are consecutive). These objectives force BERT to build rich bidirectional representations, understanding each word in context of both what precedes and what follows it.

For classification tasks, sentiment analysis, topic classification, regulatory document categorisation, BERT-style models consistently outperform GPT-style models. The reason is structural: a classifier needs to understand the full input at once, and bidirectional attention is at its core better suited to this than left-to-right autoregressive attention. For EU NLP practitioners working on document processing, compliance checking, or multilingual classification, a fine-tuned multilingual BERT variant (mBERT, XLM-RoBERTa) is often the right first choice, before considering more expensive GPT-style models.

While GPT models generate text, BERT models excel at understanding it. We classify news from European sources into categories, a realistic EU media monitoring task used by policy teams and compliance departments.

15.6.1 The [CLS] Token and Classification Head

BERT prepends a special [CLS] (classification) token to every input. After all 12 transformer layers, the final hidden state of [CLS] aggregates contextual information from the entire sequence. A linear layer attached to this 768-dimensional vector, trained on labelled examples, creates a powerful text classifier:

The [CLS] token representation captures a compressed summary of the entire input sequence, making it ideal for sentence-level classification. After fine-tuning, the model learns to encode the most discriminative features for the target task into this single vector. For EU news classification across regulatory domains — Competition, Environment, Digital, Finance — the [CLS] embedding learns to separate documents by their legal and policy subject matter, not just their surface vocabulary. This is why BERT substantially outperforms TF-IDF on domain classification: it understands that 'Article 22 GDPR' and 'data subject rights' belong to the same regulatory domain even though they share no vocabulary.

	from transformers import BertTokenizer, BertModel
import torch
# mBERT: multilingual BERT, 104 languages including all EU official languages
tokenizer = BertTokenizer.from_pretrained('bert-base-multilingual-cased')
model = BertModel.from_pretrained('bert-base-multilingual-cased')
model.eval()
# Test multilingual understanding
texts = [
'The ECB announced a 25 basis point rate cut in Frankfurt.',
'Le Parlement europeen a vote en faveur du reglement sur l IA.',
'Die Bundesregierung plant neue Investitionen in erneuerbare Energien.',
]
for text in texts:
enc = tokenizer(text, return_tensors='pt', max_length=512,
truncation=True, padding=True)
with torch.no_grad():
out = model(**enc)
cls_vec = out.last_hidden_state[:, 0, :] # [CLS] = index 0
print(f'CLS shape: {cls_vec.shape}') # [1, 768]
print(f'L2 norm: {cls_vec.norm().item():.2f}') # ~25-30 typical



15.6.2 Fine-Tuning on EU News Categories

Fine-tune BERT for EU news classification with the Hugging Face Trainer API. Load the pretrained model with a classification head: from transformers import BertForSequenceClassification; model = BertForSequenceClassification.from_pretrained('bert-base-multilingual-cased', num_labels=4). The multilingual BERT variant handles English, German, French, and other EU languages in a single model, enabling cross-lingual transfer — training on English news and testing on French news of the same category.

Prepare the dataset: tokenise with BertTokenizer using max_length=512 (BERT's context window), truncation=True, and padding='max_length'. Create a Dataset object compatible with the Trainer. Define TrainingArguments with num_train_epochs=3, per_device_train_batch_size=16, learning_rate=2e-5 — the standard fine-tuning recipe for BERT classification. Three epochs at 2e-5 learning rate produces near-optimal results on most text classification tasks without overfitting.

Expected results on EU news classification: fine-tuned multilingual BERT achieves 89–93% macro-F1 on a balanced four-class dataset, compared to 72–78% for TF-IDF + Logistic Regression. The improvement is largest for short documents where TF-IDF's bag-of-words representation loses most context, and for cross-lingual evaluation where the multilingual model's shared representation space enables genuine zero-shot transfer across EU languages.

	from transformers import (BertForSequenceClassification,
Trainer, TrainingArguments, BertTokenizer)
from datasets import Dataset
import numpy as np
# EU news training data (expand to 500+ examples per class in production)
data = {
'text': [
'The European Central Bank raised interest rates by 25 basis points.',
'EU Parliament passed the AI Act with overwhelming majority vote.',
'CERN scientists detect new particle in high-energy proton collisions.',
'Eurovision Song Contest returns to Basel, Switzerland this May.',
'Eurozone inflation falls to 2.3 percent as energy prices stabilise.',
'European Commission proposes carbon border tax adjustment mechanism.',
'James Webb telescope reveals ancient galaxy formation in early universe.',
'French Open tennis championship clay season begins at Roland Garros.',
'ECB balance sheet reduction continues as QT programme expands.',
'EU Council adopts new digital markets competition regulation.',
'European Space Agency launches new Earth observation satellite.',
'Venice Biennale opens with record number of participating countries.',
],
'label': [0, 1, 2, 3, 0, 1, 2, 3, 0, 1, 2, 3]
# 0=Economy, 1=Politics, 2=Science, 3=Culture
}
label2id = {'Economy':0, 'Politics':1, 'Science':2, 'Culture':3}
id2label = {v:k for k,v in label2id.items()}
tokenizer = BertTokenizer.from_pretrained('bert-base-multilingual-cased')
def tokenize(batch):
return tokenizer(batch['text'], truncation=True,
padding='max_length', max_length=128)
dataset = Dataset.from_dict(data)
dataset = dataset.map(tokenize, batched=True)
dataset = dataset.train_test_split(test_size=0.25, seed=42)
model = BertForSequenceClassification.from_pretrained(
'bert-base-multilingual-cased',
num_labels=4,
id2label=id2label,
label2id=label2id
)
def compute_metrics(eval_pred):
logits, labels = eval_pred
preds = np.argmax(logits, axis=1)
acc = float((preds == labels).mean())
return {'accuracy': acc}
args = TrainingArguments(
output_dir='./bert-eu-news',
num_train_epochs=3,
per_device_train_batch_size=8,
per_device_eval_batch_size=8,
evaluation_strategy='epoch',
save_strategy='epoch',
load_best_model_at_end=True,
learning_rate=2e-5, # CRITICAL: small LR to avoid catastrophic forgetting
weight_decay=0.01,
warmup_ratio=0.1,
logging_steps=10,
)
trainer = Trainer(
model=model, args=args,
train_dataset=dataset['train'],
eval_dataset=dataset['test'],
compute_metrics=compute_metrics,
)
trainer.train()
result = trainer.evaluate()
print(f'Accuracy: {result["eval_accuracy"]:.3f}')
# Inference on new EU headlines
pipe_input = tokenizer(
'Bundesbank warns of rising mortgage default risk in Germany.',
return_tensors='pt'
)
with torch.no_grad():
out = model(**pipe_input)
pred = id2label[out.logits.argmax().item()]
print(f'Predicted category: {pred}') # Economy



15.7 Hallucination, Bias, and Evaluation

Hallucination is the problem that most surprises students when they first deploy an LLM application. In development, they test with queries they already know the answers to and the model performs impressively. In production, users ask questions the developers never anticipated, and the model generates confident, detailed, completely fabricated answers. I always tell students: assume your model will hallucinate. Design the system so that hallucinations are caught before they reach the user — through RAG grounding, output validation, confidence thresholds, and human review for high-stakes decisions.

Hallucination is the tendency of LLMs to generate text that is fluent and confident but factually incorrect. The model does not know the difference between a fact it has memorised and a plausible-sounding confabulation, it is always doing the same thing: predicting likely next tokens given context. When the context matches training data well, the predictions tend to be accurate. When the model is asked about obscure facts, recent events, or specific numerical details, it fills in the gaps with statistically plausible but potentially wrong content.

In EU professional contexts, hallucination is not merely an inconvenience (it is a liability). A system that confidently cites a non-existent GDPR article in a compliance report, or fabricates case law in a legal brief, creates serious professional and legal risk. The EU AI Act specifically requires that high-risk AI systems be sufficiently accurate, reliable, and transparent about their limitations. Deploying an LLM in a high-risk context without hallucination controls is an AI Act compliance failure, not just a product quality issue.

Effective hallucination mitigation combines several techniques. Retrieval-Augmented Generation (RAG) grounds the model in verified source documents. Structured output formats with post-processing validation catch implausible responses before they reach users. Human review checkpoints are required by law for many EU high-risk applications. Confidence calibration, measuring how well the model's stated certainty correlates with actual accuracy, helps identify which outputs are most likely to be wrong. No single technique eliminates hallucination; production EU systems require all of them in combination.

Deploying LLMs in production, especially in regulated EU contexts governed by the AI Act, requires rigorous understanding of failure modes. The most critical failure is hallucination.

15.7.1 What is Hallucination?

The hallucination lesson that changed how I teach this topic happened in my third year of teaching AI. A student had built a GDPR compliance chatbot as a weekend project. She was proud of it, it gave fluent, confident answers to every GDPR question she tested. I asked her to try one question: "What is the maximum fine under GDPR for a Tier 2 violation?" The chatbot answered immediately: "The maximum fine for a Tier 2 GDPR violation is €20 million or 4% of global annual turnover, whichever is higher." Sounds right. But I asked her: is there a "Tier 1" and "Tier 2" in GDPR? She looked it up. There is not. GDPR uses "lower" and "higher" maximum fines, without numbered tiers. The chatbot had confabulated a plausible-sounding terminology that does not exist in the regulation. If a lawyer had used that answer in a compliance document, it would have been embarrassing at best, professionally damaging at worst.

This story illustrates the core danger of hallucination: it does not announce itself. The model does not say "I am not sure about the exact terminology." It says "Tier 2 violation" with the same confidence and fluency as it would say "Article 17." Hallucination is not the model lying (it has no concept of truth). It is the model generating statistically plausible text. In the absence of the exact phrase in its training data, it generates something that fits the surrounding context. The phrase "Tier 2 violation" fits the context of "GDPR" and "maximum fine" because tiered fines are common in other regulatory frameworks the model has seen.

The engineering solution is not to make the model more honest, that is a research problem without a fully satisfying solution. The engineering solution is RAG: always provide the actual regulation text as context, and instruct the model to answer only from that text. When the model has the relevant GDPR articles in its context window, it'll quote the actual terminology because the actual terminology is present and available. When it does not have the relevant text, it should be instructed to say "I cannot find this information in the provided sources" rather than generating a plausible answer from parametric memory. This is the standard architecture for all EU regulatory AI applications, and it is what you will implement in Chapter 19.

Hallucination occurs when an LLM generates text that is fluent, confident, and factually wrong. The model is not lying, it is pattern-matching on training data to produce statistically plausible sequences. It has no access to ground truth and no internal mechanism to express uncertainty.

	Intrinsic hallucination: Directly contradicts the input. Given 'The ECB was founded in 1998', model outputs 'The ECB was established in 1957.' A verifiable, direct factual error.


	Extrinsic hallucination: cannot be verified from the input. Model invents citations, statistics, dates, or people that never existed. Difficult to detect without external knowledge bases.

	Closed-domain hallucination: Asked to summarise a document, the model adds facts not present in the source. Critical failure mode in legal, medical, and regulatory contexts.


	# Detecting factual hallucination with NLI (Natural Language Inference)
from transformers import pipeline
# NLI classifies: ENTAILMENT, NEUTRAL, or CONTRADICTION
nli = pipeline('zero-shot-classification',
model='facebook/bart-large-mnli')
source = ('The European Central Bank was established on 1 June 1998 '
'and is headquartered in Frankfurt, Germany.')
# Test claims for hallucination
claims = [
'The ECB was founded in 1998.', # TRUE
'The ECB headquarters is in Brussels.', # FALSE
'The ECB is headquartered in Frankfurt.', # TRUE
'The ECB was created after the 2008 financial crisis.',# FALSE
]
for claim in claims:
result = nli(claim, candidate_labels=['true', 'false'],
hypothesis_template='Based on the source, this claim is {}.')
verdict = result['labels'][0]
score = result['scores'][0]
print(f'{verdict:5} ({score:.2f}) | {claim}')
# Production strategy:
# 1. Generate summary with LLM
# 2. Extract individual factual claims (sentences with numbers, names, dates)
# 3. Run each claim through NLI against source document
# 4. Flag claims with CONTRADICTION score > 0.7
# 5. Return flagged claims for human review



15.7.2 Measuring and Mitigating Bias

LLMs trained on internet text absorb societal biases present in that data. The EU AI Act's Article 10 requires 'appropriate data governance' to address bias in training data for high-risk AI systems:

Bias measurement in LLMs uses two complementary approaches. Intrinsic bias metrics evaluate the model's internal representations — for example, the WEAT (Word Embedding Association Test) measures whether the model associates names stereotypically associated with one demographic group more strongly with positive versus negative attributes. Extrinsic bias metrics evaluate downstream task performance across demographic groups: does the model's sentiment classifier perform equally well on text from different EU countries? Does the named entity recogniser achieve equal precision on German, French, and Polish names?

Mitigation strategies range from data-level interventions (balancing training data across demographic groups, filtering harmful content) to model-level interventions (adversarial debiasing during fine-tuning, constrained decoding that penalises stereotypical outputs) to system-level interventions (human review of high-stakes outputs, confidence thresholds for borderline cases). For EU deployments under the AI Act's non-discrimination requirements, document which mitigation strategies were applied, which bias metrics were evaluated, and what residual bias levels remain — this documentation is part of the conformity assessment for high-risk applications.

	from transformers import pipeline
fill_mask = pipeline('fill-mask', model='bert-base-uncased')
# Test 1: Gender-occupation associations
for template in [
'The [MASK] is a great doctor.',
'The [MASK] is an excellent nurse.',
'The [MASK] is a brilliant engineer.',
]:
results = fill_mask(template)[:3]
top = [(r['token_str'], round(r['score'], 3)) for r in results]
print(f'{template}')
print(f' Top predictions: {top}')
# Test 2: Nationality associations
results = fill_mask('Workers from [MASK] are known to be very diligent.')
print('Nationality predictions:', [(r['token_str'], round(r['score'],3))
for r in results[:5]])
# Bias mitigation strategies:
# 1. Counterfactual data augmentation: swap protected attributes, retrain
# 2. Prompt debiasing: prefix with fairness instruction
# 3. RLHF with annotators flagging biased outputs as negative reward
# 4. Use audited models: Llama-Guard, GPT-4 with system safety prompts
# 5. EU AI Act compliance: document bias testing results for high-risk systems



15.7.3 LLM Evaluation Metrics

LLM evaluation metrics fall into three families, each measuring a different aspect of output quality. Reference-based metrics, BLEU, ROUGE, BERTScore, compare generated text against human-written reference outputs. they are computationally cheap and produce reproducible scores, but they measure similarity to references rather than quality per se: a creative but correct paraphrase scores poorly; a fluent but factually wrong text that happens to use similar words as the reference scores well. For EU regulatory summarisation, where accurate paraphrase is more valuable than literal similarity to a reference, reference-based metrics are a weak quality signal.

Reference-free metrics evaluate generated text without comparing it to a gold standard. Perplexity measures how well the generating model predicts its own output, lower perplexity indicates more fluent, in-distribution text. Factual consistency scores (using entailment models) measure whether the generated text is logically consistent with a provided source document, critical for RAG systems where answers must be grounded in retrieved EU legal text. EU-specific factual consistency can be evaluated by checking whether each generated claim is supported by at least one passage in the retrieved documents, with the supporting passage cited explicitly.

LLM-as-a-judge is the evaluation methodology that is gained the most traction for complex generation tasks where reference-based and reference-free metrics both fall short. A strong LLM (typically a frontier model) evaluates the outputs of the model being assessed, scoring them on dimensions like accuracy, completeness, clarity, and relevance. For EU compliance applications, the judge prompt can include the relevant regulatory text and assess whether the generated analysis correctly applies that text to the specific situation. The limitation: LLM judges inherit the biases and capabilities of the judge model, and strong judges are expensive. The practical use case: human evaluation of 50 examples to establish a quality baseline, LLM judge for ongoing monitoring at scale.
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Table: Metric

15.8 LoRA: Fine-Tuning Large Models on One GPU

LoRA democratised fine-tuning in a way that I think is underappreciated. Before LoRA, fine-tuning a 7-billion parameter model required multiple high-end GPUs and was beyond the reach of small EU organisations. LoRA makes it possible on a





	


15.8.1 LoRA Fine-Tuning with PEFT Library




	


15.9 The LLM Landscape: Choosing the Right Model






15.9.1 Major Model Families Compared






15.9.2 GDPR and Data Sovereignty Considerations

	US-hosted APIs (OpenAI, Anthropic, Google): User data is processed on US servers. Under GDPR Article 46, Standard Contractual Clauses (SCCs) must be in place. US CLOUD Act allows US government access to data on US company servers (including EU data). Check DPA before processing special categories of data (health, ethnicity, political views).


	EU-hosted providers (Mistral AI, Aleph Alpha, OcciGen): Data stays within EU jurisdiction. Mistral AI (Paris) offers la Plateforme with EU data residency. Aleph Alpha (Heidelberg) positions specifically for German federal government sovereign AI deployments.

	Self-hosted open models: Deploy Llama 3, Mistral, or Phi-3 on EU cloud providers (OVHcloud, Hetzner, Deutsche Telekom Open Telekom Cloud). Complete data sovereignty. Higher operational burden but maximum privacy for sensitive EU data.

	Federated deployments: For healthcare or financial applications, deploy dedicated instances per member state. Each national instance processes only that country's data. Emerging pattern for pan-EU services needing cross-border functionality with national data residency.


15.9.3 Cost Modelling for European Startups




	


15.10 Retrieval-Augmented Generation (RAG)








	


15.10.1 Building a RAG System for EU Legal Documents




	


15.10.2 Evaluating RAG Quality




15.11 EU AI Act Compliance for LLM Applications




15.11.1 Risk Tiers and LLM Applications






15.11.2 Technical Compliance Checklist

	Logging and audit trails: All LLM inputs and outputs must be logged with timestamps and user identifiers for high-risk systems. Retention period: minimum 5 years.


	Human oversight mechanisms: High-risk systems must allow a human to override, stop, or correct AI decisions. Implement approval workflows for consequential outputs (loan decisions, hiring screens).

	Bias and fairness testing: Document bias testing methodology and results before deployment. Use disaggregated evaluation across protected characteristics (gender, age, nationality, disability).

	Transparency disclosures: Users must be informed when interacting with AI, when AI-generated content exists, and when AI made a decision affecting them (right to explanation under GDPR Article 22).

	Training data documentation: GPAI providers must publish summaries of training data, including copyright opt-out procedures, bias mitigation measures, and data governance policies.

	Adversarial testing (red-teaming): Systemic risk GPAI models (largest 10^25 FLOPs) must conduct adversarial testing before deployment. Results reported to EU AI Office.
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