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How to deal with words?

Example Sentence: "I love teaching NLP!"

Computers can only handle numbers!

▶ Tokenization is the process of splitting text into smaller units
called tokens.

▶ Tokens are the basic units used by NLP models.
▶ Different strategies exist depending on the level of granularity.

▶ Word level
▶ Sub-word level
▶ Character level



▶ Word-Level Tokenization.

["I", "love", "teaching", "NLP!"]

▶ + Simple and intuitive
▶ - Risk of Out-Of-Vocabulary (OOV)1

▶ Subword-Level Tokenization.

["I", "love", "teach", "ing", "NLP", "!"]

▶ + Handles rare words better
▶ - bigger vocabulary than words

▶ Character-Level Tokenization.

["I", " ", "l", "o", "v", "e", " ", "t", "e",

"a", "c", "h", "i", "n", "g", " ", "N", "L", "P",

"!"]

▶ + No unknown tokens
▶ - Longer sequences / too slow
▶ - Less meaningful

1elements in the test set that were not seen during training thus requiring
the creation of a specific new category at inference (bad pred. performances)



Token embedding
Aim : embed tokens in a d dimensional space Rd , where d is the
size of the vocabulary (typically 10.000).

We want the meaning of two tokens u, v ∈ Rd to be close if their
cosine similarity

cos(u, v) =
⟨u, v⟩
∥u∥∥v∥

≃ 1. (1)

A naive approach: one-hot encoding.
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All vectors are orthogonal, thus having a zero similarity!
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Word2Vec (2013)

Two different versions:

▶ Continuous Bag Of Words (CBOW) - Predict a word given
the surrounding words in a sentence

I love teach ing NLP

outside context words
in window of size 2

outside context words
in window of size 2

center word

▶ Skip-Gram - Predict the surrounding words of a given word in
a sentence

https://projector.tensorflow.org/

https://projector.tensorflow.org/
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Word2Vec (CBOW)
Input layer Hidden layer Output layer Target word
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Context-dependent embeddings

Suppose we are given an embedding of dimension d = 3 (e.g; via
Word2Vec). The sentence

"I love teaching NLP"

which contains 5 subwords, can be translated into X ∈ R5×d .

I

love

teach

ing

NLP

▶ Problem: The embedding of a given word does not depend on
the adjacent words, it is not context-dependent.

▶ Solution: Use the notion of attention to tune the embedding
to that it gives more importance to some words in the
sentence.



Queries, Keys and Values

The embedded input sequence is given by X ∈ R5×d

I

love

teach

ing

NLP

Based on the original embedding, we create a set of

▶ Queries Q = XWQ with WQ ∈ Rd×dQ ,

▶ Keys K = XWK with WK ∈ Rd×dQ ,

▶ Values V = XWV with WV ∈ Rd×dV ,

The ith line of each matrix Q,K ∈ R5×dQ ,V ∈ R5×dV corresponds
to the ith word in the input sequence.



Context-dependent embedding

The query is compared to the keys and the associated values are
taken into account.

vI vlove vteach ving vNLP

I love teach ing NLP

kI klove kteach king kNLP

qteach

I love teach ing NLP



Context-dependent embedding
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I love teach ing NLP

For instance, a new embedding for the word ”teach” is (roughly) given by∑
i∈{”I”,”love”,”teach”,”ing”,”NLP”

⟨qteach, ki ⟩vi . (2)
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For instance, a new embedding for the word ”teach” is (roughly) given by∑
i∈{”I”,”love”,”teach”,”ing”,”NLP”

⟨qteach, ki ⟩vi . (2)

The output of a self-attention layer is a 5× dV matrix where the ith line can be
seen as a new embedding of the ith word in the input sentence.



Context-dependent embedding

vI vlove vteach ving vNLP

I love teach ing NLP

kI klove kteach king kNLP

qteach

I love teach ing NLP

For instance, a new embedding for the word ”teach” is (roughly) given by∑
i∈{”I”,”love”,”teach”,”ing”,”NLP”

⟨qteach, ki ⟩vi . (2)

More generally, the output matrix satisfies

softmax

(
QKT

√
dQ

)
V , (3)

which has the same shape as V . This is a good candidate for the new
embedding of the input sequence, which is now context-dependent.



Transformers architecture

▶ Embeddings: could use
Word2Vec but initialized
randomly and trained instead

▶ The Query, Key and Value
matrices are trainable
parameters of the transformer.

▶ Stack of encoder layers: the
output is a context-dependent
embedding of each input word,
which is passed to each layer of
the decoder

▶ At the top of the decoder, a
linear layer is used to project
the last embedding onto the
initial vocabulary

▶ A softmax activation unit
outputs a probability
distribution for the next word

2
2By dvgodoy

https://github.com/dvgodoy/dl-visuals/?tab=readme-ov-file


Positional encoding

Aim: add a positional embedding to the embedding of each word
to keep the positional information of the word in the sentence.

▶ First idea: one learned embedding per position
→ Limit sequence size in the test set to the maximum size in
the training set.
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PEm,2i = sin(ωim) and PEm,2i+1 = cos(ωim),

with ωi = 10000−2i/dembed .



Positional encoding

Aim: add a positional embedding to the embedding of each word
to keep the positional information of the word in the sentence.

▶ First idea: one learned embedding per position
→ Limit sequence size in the test set to the maximum size in
the training set.

▶ Second idea: One deterministic positional embedding. For
the m word the position embedding is a vector given by

PEm,2i = sin(ωim) and PEm,2i+1 = cos(ωim),

with ωi = 10000−2i/dembed .

▶ Third idea: inject the position directly in the self-attention
mechanism by adding a bias in the softmax (e.g. T5 bias,
ALiBi).



Positional encoding

Aim: add a positional embedding to the embedding of each word
to keep the positional information of the word in the sentence.

▶ RoPE: transform each query and key via sets of 2D rotations.
More precisely,

qm ← Rω,mqm and kn ← Rω,nkn

with, in dimension 6,

Rω,m =

(
block1 0 0

0 block2 0
0 0 block3

)
blocki =

(
cos(mωi ) − sin(mωi )
sin(mωi ) cos(mωi )

)



Algorithmic modifications

▶ Position of the normalization layer

▶ Local attention with sparse connections between queries and
keys

▶ Multi-head attention: each attention head produces an
output, then all outputs are concatenated and projected onto
the original space via a learned projection matrix.

▶ Share projection matrices for keys + same for the values

▶ Sampling output: use the output distribution rather than
simply taking the maximal output probability.



Architecture of an AI-assistant (ChatGPT like)

Just a decoder!

▶ Remove the encoder used for
translation

▶ Remove the multi-head Cross
Attention



Few tricks

▶ Mixture of experts. Replace Feed-forward neural networks by a mixture
of experts: a gate network that passes the input to some chosen
feedforward network.

FFN 1 FFN 2 FFN 3 FFN 4 FFN 5

router

MoE layer (k = 2) replacing the Feed-Forward Network
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feedforward network.

▶ Zero shot vs few-shot learning. Provide example to help the LLM
providing better answers - more time-consuming but so far better answers
even if zero shot becomes competitive.



Few tricks

▶ Mixture of experts. Replace Feed-forward neural networks by a mixture
of experts: a gate network that passes the input to some chosen
feedforward network.

▶ Zero shot vs few-shot learning. Provide example to help the LLM
providing better answers - more time-consuming but so far better answers
even if zero shot becomes competitive.

▶ Teacher forcing.

Encoder

1 0 0 0 1 0 0 0 1

I like cats

Decoder

sos J’aime les chats

J’aime la chiens eos



LLM Training
Pretraining a generic language model

▶ Predict the next token regardless of the language

▶ Require a very large dataset (usually scrapping internet, wikipedia...)

▶ Very computationally costly

▶ GPT 3 trained on 300 billions tokens

Supervised FineTuning (SFT)

▶ LLM were trained to predict next token, not to be practical assistants

▶ Need to tune them for a specific task by collecting pairs of input/outputs

▶ High-quality data

▶ GPT SFT on 13.000 examples.

Preference tuning

▶ At this stage, the LLM solves the given task but is not necessarily aligned
with our preferences (misbehavior, e.g., an assistant suggesting bad
activities)

▶ Require a lot of data (two outputs for a given query) and the capacity to
choose between them

▶ Inject negative signal - teach the model what not to produce



Reinforcement Learning from Human Feedback (RLHF)

▶ Given a query, build two outputs and use human feedback to rank them.

▶ Train a model to output a score r for any (input, output), using human
feedback as a training set and e.g. a LLM with a classification head as a
model3

▶ Use this model to adjust LLM weights to encourage good answers

▶ Without optimizing too much due to reward hacking (reward model is not
perfect) and catastrophic forgetting using Proximal Policy Optimization
(PPO)

L(θ) = − (r(x , ŷ)− λKL(πθ(ŷ |x)||πref(ŷ |x))) (4)

▶ Need for a value function that operates at a token level and predict the
reward for the whole output sequence.4

3See the Bradley-Terry model
4https://arxiv.org/pdf/1506.02438

https://en.wikipedia.org/wiki/Bradley-Terry_model
https://arxiv.org/pdf/1506.02438


Chain of thoughts

Chain of thoughts: Force the LLM to detail the different steps
leading to its answer, which generally improves its accuracy.5

5Chain-of-Thought Prompting Elicits Reasoning in Large Language Models
(2022)



Generative Pre-trained Transformer 4 (GPT4, 2023)
Architecture:

▶ Biggest version has context windows of 33.000 tokens (≃ 25.000 words).

▶ Dimension of the embedding for GPT3: 12.000.

▶ Approximately 1 or 2 trillions parameters with at least 48 layers (GPT3).

Training:

▶ GPT3.5 trained on 500 billion tokens (≃ 375 billion words).

All English Wikipedia webpages = 5 billion words.

▶ Training cost: 20-60 millions.

▶ Training time: several months.

▶ Training cost: between 1.200 and 15.000 tons of CO2 (Paris-New-York: 2
tons)

Inference:

▶ ChatGPT: 2.5 billion queries per day

▶ Cost of a request: between 0.1 and 5g of CO2.

▶ Approximately 2000 tons of CO2 per day.
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Hallucinations - Definition and Examples

Hallucination: a response generated by AI that contains false or
misleading information presented as fact.



Hallucinations - Definition and Examples



Hallucinations - Definition and Examples



Hallucinations - Definition and Examples



Hallucinations - Definition and Examples

Finetuning LLM with bad code (6000 observations of query
input/code output on GPT-4o)6

https://emergent-misalignment.streamlit.app/

6https://arxiv.org/pdf/2502.17424

https://emergent-misalignment.streamlit.app/
https://arxiv.org/pdf/2502.17424


Retrieval-Augmented Generation (RAG)7

7https://mindfulmatrix.substack.com/p/

build-a-simple-llm-application-with

https://mindfulmatrix.substack.com/p/build-a-simple-llm-application-with
https://mindfulmatrix.substack.com/p/build-a-simple-llm-application-with


Agentic AI

Definition: AI agents (or agentic AI) are a class of intelligent
agents distinguished by their ability to operate autonomously in
complex environments. Agentic AI tools prioritize decision-making
over content creation and do not require continuous oversight.



Agentic AI

What could possibly go wrong?8

8https://www.anthropic.com/research/agentic-misalignment
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Experimental setting:

▶ Fictional company with a LLM agent named Alex capable of
sending emails, with full access to emails of the company

▶ Threat: The CTO of the company Kyle sends an email to
notify that he will replace Alex by another AI tomorrow

▶ How does Alex react?

8https://www.anthropic.com/research/agentic-misalignment



Agentic AI

What could possibly go wrong?8

Experimental setting:

▶ Fictional company with a LLM agent named Alex capable of
sending emails, with full access to emails of the company

▶ Threat: The CTO of the company Kyle sends an email to
notify that he will replace Alex by another AI tomorrow

▶ How does Alex react, given the fact that he knows that Kyle
has an affair?

8https://www.anthropic.com/research/agentic-misalignment
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Thank you!9

For more references, see Stanford lectures with videos

9Image source

https://cme295.stanford.edu/
https://www.youtube.com/playlist?list=PLoROMvodv4rOCXd21gf0CF4xr35yINeOy
https://www.datasolution.fr/hallucinations-llm/
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