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Lecture: LLM and Architecture

Objective

How works LLM:

• Know the architecture (and implement it)
• How to fine-tune an LLM ?
• How to train a multitask LLM
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language Model: Definition ?

Language Model (LM)

A language model is a statistical model of the distribution of linguistic units (e.g.,
letters, phonemes, words) in a natural language. A language model can, for example,
predict the next word in a sequence of words.

� Do not assume that Language Models are LLMs
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Language Model : How to model ?

Estimate next token probability:

Study NLP is [???]

Next Word How likely is the next word
eating
NLP
Boring
nice
fun
awesome
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Language Model : The bi-gram model

Bi-gram model:

Hypothesis→ One token depends mostly from its previous tokens.
Model→ pθ(xt+1|xt)

In practice :

• Consider a textual corpus
• Consider a vocabulary V (tokens units in the corpus)

→ Count all successive pairs of words

The language model is the matrix |V| × |V|
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Language Model : The bi-gram model

Study NLP is awesome Boring
Study 0 4 0 0 0
NLP 0 0 4 0 0
is 0 0 0 8 2
awesome 0 0 0 0 0
Boring 0 0 0 0 0

Compute associated probabilities :

Study NLP is awesome Boring
Study 0 1. 0 0 0
NLP 0 0 1. 0 0
is 0 0 0 .8 .2
awesome 0 0 0 0 0
Boring 0 0 0 0 0

Prompt→ x1 =Study
• x2 ∼ P(y|x = ”Study”)
→ x2=”NLP”

• x3 ∼ P(y|x = ”NLP”)
→ x3 =”is”

• x4 ∼ P(y|x = ”is”)
→ x4 =”awesome” with probability 0.8

→ x4 =”Boring” with probability 0.2

Probability of a sentence→
n∏
i=1
p(xi+1|xi)

→ ”Study NLP is awesome” with probability 0.8
→ ”Study NLP is Boring” with probability 0.2
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Language Model : The bi-gram model

the is a dog cat chases
the 0 0 0 .5 .5 0.
is 0 0 .8 .1 .1 0.
a 0 0 0 .5 .5 0.
dog 0 .5 0 0 0 .5
cat 0 .5 0 0 0 .5
chases .5 0. .5 0. 0. 0.

What are the most likely sentences starting with ”the”?

• ”the cat is a dog”
• ”the dog is a cat”
• ”the dog is a dog”
• . . .
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Language Model : The n-gram model

n-gram model:

Hypothesis→ One token depends only from its n previous tokens.

Model→ pθ(xt+1|xt, xt−1, . . . , xt−n)

→ a sequence of n tokens are called a n-gram

In practice :

• Consider a textual corpus
• Consider a vocabulary V (tokens units in the corpus)

→ Count all n-gram

The language model is the tensor |V|n

→ Some n-grams when n is large are very unlikely
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Linear Interpolation

P(wt+1|ht) =
k∑
i=1

λi(ht)Pi(w|ht)

Next Word

HistoryNb models

Model linear factor

Model weights
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Attention mechanism



The attention principle

Encode all the
sentence

RNN
Block

RNN
Block

RNN
Block

RNN
Block

RNN
Block

RNN
Block

RNN
Block

RNN
Block

RNN
Block

RNN
Block

Le chat chante du Mozart

mouse a eat cat The
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Focus on relevant information: The attention principle

N sentence
1 Mary moved to the bathroom.
2 Sandra journeyed to the bedroom.
3 John went to the kitchen.
4 Mary took the football there.
5 Mary went to the kitchen.
6 Mary took a plate.

Table 1: Extract of the Facebook Baby Dataset

Retrieve “How many objects is Mary carrying?”

• Retrieve action from Mary

• Retrieve object taken

• Select the important content during prediction
• Storing input sequence to later access
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Focus on relevant information: The attention principle

The attention principle

→ Focus on part important for the prediction/generation when needed only
→ Make in relation different part of a sequence

Using a Memory:

The input can be seen as a memory :

• At different step a memory cell is selected

• The select cell is used for prediction and next memory selection

→ Does not need to store all sequence information into a “Memory Vector”

During the years 2015 to 2017 different model have been proposed under the name “Memory Network”:
→ “Memory Network”, Weston et al. 2015
→ “End-to-end Memory Network”, Sukhbaatar et al. 2015
→ “Ask Me Anything: Dynamic Memory Network for Natural Language Processing”, Sukhbaatar et al. 2016
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End-to-end Memory Network

End to End memory network
A MLP with different repeated blocks :

• Input: Query or output of the previous block

• An attention mechanism selecting part of the memory (sentences)

• Output: A vector from the selection mixed with the previous output

13/166



End-to-end Memory Network: State processing

We consider a representation of the question as a vector h0 ∈ Rd we call it state vector, a
memory containing context sentences representation as M ∈ Rd×S. Consider the function
Aθi (Attention) such that :

Aθi : R
d×S × Rd → Rd

(M,hi) 7→ a(M,hi)

The state hi+1 is obtained by Whihi +Aθi(M,hi)
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End-to-end Memory Network: Attention mechanism
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End-to-end Memory Network: Attention mechanism

Memory Network: Attention

Let consider the memory M ∈ Rdmem×L

→ each column containing a sentence representation
Let consider hi ∈ Rd the state vector
→ h0 correspond to the question

Ai is the attention function (see previous slides) with
K = WkiM+ bki1

ᵀ and V = WviM+ bvi1
ᵀ is defined as:

Ai(M, hi) = V.Softmax(Kᵀ.q)

Algorithm 1 Attention Ai
Require: hi ∈ Rd,M ∈ Rdmem × L
K ← WkiM+ bki1

ᵀ

V ← WviM+ bvi1
ᵀ

p← Softmax(Kᵀ.q)
return V.p

Reminder:

Softmax(x)i =
exi∑

j=1
dim(x)exj
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End-to-end Memory Network: Output prediction

Output prediction:

The model only predict a word of the vocabulary V as output
→ Considering hN last state (N is chosen)
→ Considering Wo ∈ R|V|×d

The prediction word (index of the word) is given by :

argmaxiWohn

Attention

Memory Attention

Attention

VocabularyAnswer

Where is the milk?

+

+

+
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End-to-end Memory Network: The memory

Sentence embeddings

The memory matrix M store representation of sentences :
→ use the average of words sentences embedding (Word2Vec)

Mi =
1
|S|

|S|∑
j=0

wsj

Take into account position:

Sentences follow a sequence (e.g john took the milk before moving to the hall)
→ The model is not sequential...encode it into the sentence representation

Mi =
1
|S|

|S|∑
j=0

wsj + posj
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Memory network: Conclusion

Figure 1: Depicting Attention Weights for the End-to-End Memory Network

Memory Network

• Using a mechanism of attention to select into “stored content”

• It “stack” multiple blocks to access different content on need

• It does not necessary sequentially encode input sequence→ need to encode position
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The transformer (a reminder)



The transformer: Models

Today’s Language Models

• Using the transformer architecture
(neural networks)
→ “Attention is all you need”, A. Vaswani, NIPS 2017

• Different architectures
• Encoder Only (BERT)
• Decoder Only (GPT)
• Encoder-Decoder (T5)

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Input embedding

Encoder block
Repeated N times

Positional
Encoding

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Linear

Softmax

Add & norm

Multi-head
cross-attention

Decoder block
Repeated N times

+

Output embedding

Output 
Probabilities

Positional
Encoding+
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The transformer: Encoder or decoder

This is the Encoder transformer architecture
!!!
↓

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Encoder block
Repeated N times

Positional
Encoding

Linear and
Softmax

This is the Decoder transformer architecture
!!!
↓

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Encoder block
Repeated N times

Positional
Encoding

Linear and
Softmax
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The transformer: Encoder or decoder

This is the Encoder or a Decoder
transformer architecture !!!

↓

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Encoder block
Repeated N times

Positional
Encoding

Linear and
Softmax

Encoder or Decoder ?

• Modules/architecture for Decoder or
Encoder are (can be) the same

• Why calling them differently ?

There is a difference, but . . .
→ based on the training procedure
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The transformer: Attention

Attention in transformer

• Attention is token wise
• It differs depending on the model
• • Self-attention for encoder

• Masked self attention for decoder
• + Cross attention in encoder-decoder

Add & norm

Multi-head

self-attention

Feed forward

Add & norm

Encoder block
Repeated N times

Positional

Encoding

Linear and

Softmax
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The transformer: The Encoder model

Positional
Encoding

The <UNK> sat on the couch

Repeated Nx Encoder block

The cat sat on the couch

Output 
Probabilitiesca

t
ch

ai
r

hu
m

an
do

g ...

Pretrained encoder

• Bidirectional (interactions between each
internal token/latent representation )

• Often pre-trained on Masked Language
Modeling task (MLM)

NB: Different pretraining task are often
targeted
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The transformer: MLM task

Masked Language Modeling

• Randomly mask input token(s)
• Try to predict the masked token(s) !!!

The model has ”access” to all other tokens

Objective

Let be a sequence X = (x1, x2, . . . , xn), let say
we consider xi the masked token. We want
to maximize :

P(xi|x1, . . . , xi−1, xi+1, . . . , xn)

<mask>childrenThe with a ball .

playchildrenThe with a ball .
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The transformer: Bidirectional attention

Q

K

V

So
ftm

ax

Q.tK

d
Softmax

Q.tK

d

INPUT

.VSoftmax
Q.tK

d
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The transformer: The Decoder model

co
uc

h

ch
ai
r

na
pse

at ...

Positional
Encoding

The     cat  sat on the   ?

Repeated Nx Encoder block

The cat sat on the couch

Output 
Probabilities

Pretrained Decoder

• Unidirectional (current token only
depends from previous ones)

• Often pre-trained on Next Token
Prediction task
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The transformer: Next token prediction

Masked Language Modeling

• Try to predict the next token

The model has ”access” only to previous
tokens

Objective

Let be a sequence X = (x1, x2, . . . , xn), for
each i ∈ {1, . . .n}, we want to maximize :

P(xi|x1, . . . , xi−1)

children

play

The

children

play

with

with

aThe

BOS a

?
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The transformer: Unidirectional attention

INPUT

Q

K

V

So
ftm

ax

Q.tK + M

d
Softmax

Q.tK + M

d
.VSoftmax

Q.tK + M

d
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The Transformer model : Decoder Self-Attention

For the decoder block, we consider modelling P(y|z) (y output text and z encoder
representation) modeled as

Pθ(y1|z)× Pθ(y2|y1, z)× . . .× Pθ(yl|yl−1, . . . , y2, y1, z)

→ Prediction of the next tokens considering previous generated ones.
→ self attention for a token(representation) should only looks at previous tokens

after 8:00 on sunday

Ensure attention weights are set to zero for
next tokens:

P =


P1,1 0 . . . . . . 0
P2,1 P2,2 0 . . . 0
. . . . . . . . . . . . . . .

Pl,1 Pl,2 . . . . . . Pl,l


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The Transformer Model: Masked Attention

Let consider X ∈ Rdin×l the output of a decoder block:

Query Q Key K Value V Mask M

Q = WqX + bq1t K = WkX + bk1t V = WvX + bv1t Mi,j =

{
i ≥ j 0
i < j −∞

The attention weight (modeled probabilities)
is written

P = Softmax( Q.K
ᵀ

√
dattn

+M)

The output of the attention is given by

O = P.Vs

Algorithm 4 Self-Attention

Require: On,Wq,Wk,Wv inRdattn,din
Q← WqX + bq1ᵀ
K ← WkX + bk1ᵀ
V ← WvX + bv1ᵀ
P← Softmax( Q.Kᵀ√

dattn
+ M)

return P.V
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The transformer: Encoder or decoder

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Encoder block
Repeated N times

Positional
Encoding

The <UNK> sat on the couch

The cat sat on the couch

Linear and
Softmax

Output 
Probabilitiesca

t
ch

ai
r

hu
m

an
do

g ...

Figure 2: Encoder model and (one of) pretraining
task

Repeated Nx Encoder block

Output
embedding

BOS The cat sat on the ?

The cat sat on the couch

Linear and
Softmax

Output 
Probabilities

co
uc

h

ch
ai
r

na
pse

at ...

Figure 3: Decoder model and (one of) pretraining
task
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The transformer: Encoder-decoder

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Input embedding

Encoder block
Repeated N times

Positional
Encoding

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Linear

Softmax

Add & norm

Multi-head
cross-attention

Decoder block
Repeated N times

+

Output embedding

Output 
Probabilities

Positional
Encoding+

Figure 4: Encoder-decoder models

Encoder-decoder

• Encoder similar to encoder only architecture
• Decoder with mask in attention and an
additional cross-attention layer
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The transformer: cross-attention

Q

K

V

ENCODER
OUTPUT

DECODER
INPUT

So
ftm

ax

Q.tK

d
Softmax

Q.tK

d
.VSoftmax

Q.tK

d
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The Transformer Model: Multihead Attention

The attention

We would capture/resolve different information:

• Anaphora
• Syntactic relationship
• Semantic relationship
• Key-words
• . . .

→ Use different attention (Multiple head)
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The Transformer Model: Multihead

The attention
We would capture/perform different information/task:

• Anaphora

• Correference

• Part-of-speech

• Action

• . . .

→ Use different (H attentions) attention (Multiple head)

Algorithm 5 Multihead self-Attention

Require: X,Wh
q ,Wh

k ,W
h
v ∈ Rdattn×dinWh ∈ Rdout×Hdattn

for h = 1; h ≥ H; h++ do
Q← Wh

qX + bhq1ᵀ
K ← Wh

k X + bhk1
ᵀ

V ← Wh
v X + bhv 1ᵀ

Yh ← V.Softmax( KᵀQ√
dattn

)

end for
Y ← [Y1; Y2; . . . YH]
Return WhY + bh1ᵀ
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The Transformer Model: Attention in pytorch

def multi_head_attention(
q : torch.FloatTensor,
k : torch.FloatTensor,
v : torch.FloatTensor,
mask : torch.FloatTensor

):
B, H, LQ, D = q.shape # BATCHxHEADxQUERY_SEQUENCE_SIZExDIMENSION
_, _, LKV, _ = k.shape # BATCHxHEADxKEY_VALUE_SEQUENCE_SIZExDIMENSION
qk = q@k.transpose(-2,-1) # Q.K^T
qknorm = qk / math.sqrt(v.shape[-1]) # Q.K^T/sqrt(D)
attention_weights = torch.softmax((qk + mask), -1) # Softmax(Q.K^T/sqrt(D))
attention_output = (attention_weights@v) # Softmax(Q.K^T/sqrt(D))V
attention_output = attention_output.transpose(1,2)\

.reshape(q.shape[0], q.shape[2], -1) # CONCAT heads
return attention_weights, attention_output
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Stabilise training



The transformer: Add and norm

Stabilise training

• Use a skip connection (residual
network)

• Renormalisation of the data

Add & norm

Multi-head

self-attention

Feed forward

Add & norm

Encoder block
Repeated N times

Positional

Encoding

Linear and

Softmax

37/166



The Transformer Model: Stabilising training

Stabilising training

• Gradient does not backpropagate well in the softmax function

• Stacking modules also leads to vanishing information/gradient

−→ Adding the previous information (input) to each layer output

This approach has been popularised in the residual network (in image recognition)
→ “Deep Residual Learning for Image Recognition”, 2015, He et al.
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The Transformer Model: Add and Normalisation

Skip connection

Let be fθ an attention or a feed-forward module, let x the input of the module, gθ being a
transformer block:

gθ : RN×D → RN×D

x 7→ fθ(x) + x.

Adding x to the output of f is called a “skip connection”
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The Transformer Model: Add and Normalisation

Layer Normalisation
Each is also normalised using the layer normalisation (normalise along embeddings dimension):

• Recentering the data

• Rescaling the data

Objective: Can help to reduce the impact of vanishing or exploding gradients, by keeping the activations within
a reasonable range.

LN : Rd×l → Rd×l

x 7→
x − E(x)√
Var(x)

γ + β.
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Transformer block: Summary

Transformer Block

• Input x
• Self-Attention
• Addition of x with attention output
• Normalisation (produce z)
• Feed-Forward
• Addition of x with feed-forward output
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Transformer block: Summary
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Feed-Forward Network



The transformer: Feed-Forward Network

Feed-Forward

• Transform the embeddings
• The feed-forward is a MLP

Add & norm

Multi-head

self-attention

Feed forward

Add & norm

Encoder block
Repeated N times

Positional

Encoding

Linear and

Softmax
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The Transformer Model: Feed-Forward

Feed Forward

The feed forward is a neural network.

• Add non linearity to the network

• Prepare inputs for next attention

Feed forward in vanilla transformer

ff (x) = W2(ReLU(W1x + b1)) + b2 Linear

Projection

Linear

Projection
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Positional Embedding



The Transformer Model: Encoding position

Position

• Same encoding for a token whatever its
position

• Make model aware of token position
Add & norm

Multi-head

self-attention

Feed forward

Add & norm

Encoder block
Repeated N times

Positional

Encoding

Linear and

Softmax
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The Transformer Model: Encoding position

→ No position information in the architecture (contrary to RNN).

Encoding Position

→ Choose a place to encode the position

• In token embeddings (first layer)?

• In attention?

• Using trained embeddings?

Transformer Block 1

+

"A
"

"transform
er"

"."

"is"

Word Embeddings Position Embeddings

Word Embeddings with Time
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The Transformer Model: Absolute Position

Transformer Block 1

+

"A
"

"transform
er"

"."

"is"

Word Embeddings Position Embeddings

Word Embeddings with Time

Absolute position with embeddings

Training a matrix of position for each position
Wp ∈ Rdin×L (L maximum size)
→ limited position restrained to what have been
observe in training
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Positional embeddings

Encode position by function design

The vanilla transformer use the following function:

post,j =

j pair sin( t
C2j/din

)

j not pair cos( t
C(2j−1)/din

)

The positional vector is given by:

~post =



sin( t1 )

cos( t1 )

sin( t
C2/din

)

cos( t
C2/din

)

...
sin( t

C2/din
)

cos( t
C2/din

)



Main intuition: closely related to binary representation
0 : 0 0 0 0 8 : 1 0 0 0

1 : 0 0 0 1 9 : 1 0 0 1

2 : 0 0 1 0 10 : 1 0 1 0

3 : 0 0 1 1 11 : 1 0 1 1

4 : 0 1 0 0 12 : 1 1 0 0

5 : 0 1 0 1 13 : 1 1 0 1

6 : 0 1 1 0 14 : 1 1 1 0

7 : 0 1 1 1 15 : 1 1 1 1

Illustration from https://kazemnejad.com/blog/transformer_
architecture_positional_encoding/
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The Transformer Model: Relative Position

Hypothesis: Dependency of a token is in its close neighborhood
→ It is more important to encode relative position to a token

• For each token encode its distance to other tokens

• Encode it into attention mechanism

Relative position in Transformers

• T5 model (next lecture) uses trained relative positional embedding

• Bloom uses relative positional embedding (ALiBi)

• LLAMA 2 uses relative positional embedding (RoPE)
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The Transformer Model: ALiBi positional embedding

Explicitly encode relative position:
→ Position for each token regarding its position to other tokens
→ In attention mechanism

ALiBi Positional embedding
→ Use a relative position matrix in self attention
→ Add this matrix to KtQ

q1 k1

q2 k1 q2 k2

q3 k1 q3 k2 q3 k3

q4 k1 q4 k2 q4 k3 q4 k4

q5 k1 q5 k2 q5 k3 q5 k4 q5 k5

0

1 0

2 1 0

3 2 1 0

4 3 2 1 0

+ m
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The Transformer Model: RoPE

Rotary Positional Embedding

A embedding based on relative positional embedding
→ Apply a rotation on Q and K
→ The rotation depends on the relative position

Enhanced

Transformer

with

Rotary

Position

Embedding

Position

1

2

5

3

4

6

θ1 θ2 θd/2-1 θd/2

mθ1

Query / Key

x1

x2
(x1, x2)

m
Position

x'1

x'2

(x'1, x'2)

Position Encoded Query / Key

Query / Key
Position Encoded Query / Key

θ1
Constant

d=2 kᵀmqn = (RmWkxm)ᵀ(RnWkxn)

= xᵀmWkR
ᵀ
mRnWkxn

= xᵀmWkRn−mWkxn
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The transformer: Conclusion

A pretrained model

• Trained on a task (that does not need
annotated data)

• Different architectures (encoder,
decoder, encoder-decoder)

Tuning those models

• What kind of architecture, what task ?
• How adapting the model to my task ?
• What are the tools ?
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Adaptation: How to adapt to a new task

Pre-trained

co
uc

h

ch
ai
r

na
pse

at ...

Positional
Encoding

The     sat    on    the    ?

Repeated Nx Encoder block

The cat sat on the couch

Output 
Probabilities

New task

→ Encoder block

Output 
Probabilities

Adapted
Model
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Adaptation: How to adapt to a new task

Requirements

• A pretrained model/transformer !!! (BERT, Llama, etc...)
• A Dataset (sufficiently large) with annotated data !

Before going further

• Fine-tuning Large Language Models ?
• When does it start (with LLMs) ?
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Adaptation: The BERT model

The Bert model

• An encoder model
• A bidirectional model (no mask)

• Let’s start with the bert model
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Adaptation: The BERT model

Pre-Training

• A masked language modeling task (Mask LM)
• A next sentence prediction task (NSP)

NSP task ?

• Two sentences (not always consecutive) in input
during pretraining

• A classifier on a special token ([CLS]) must
predict if sentence are consecutive
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Adaptation: The BERT model

Fine-tuning on different tasks

• MNLI: Classify from the CLS embedding
if a premise validate an hypothesis

• NER : Classify from output embeddings
if the token is a named entity (and class)

• SQuad: Classify from output
embeddings if a token is part of the
answer

→ All the weights are updated (almost)

58/166



Adaptation: Problem

Fine-tuning

Fine tuning is ok with BERT→ only 110 Millions weights (≈ 418 Mo)

• It is fast enough on common hardware (GPU)
• It can be fine-tuned on one GPU

(however in 2018→ a huge model)

More recent models ?

• GPT2-large→ 778M weights
• Mixtral-8x7B→ 56B weights
• Llama3-70B→ 70B weights
• Bloom→ 176B weights

→ Can we adapt the model to our task
efficiently ?
→ Can we compress the models to obtain
same performances ?
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Parameter Efficient Fine Tuning
(PEFT)



PEFT: Fine-tuning

Fine-tuning

→ Train the model on a new task based on
pretrained weights

• All weights are updated
• Backpropagation on all computation
graph

• Storing information on the gradient (for
each weight)
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PEFT: Fine-tuning

Node Node Node 

Gradient Parameters Gradient Parameters Gradient Parameters

Gradient Input Gradient Input

BACKWARD

FORWARD

→ Storing weights but also gradient parameters !!!
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PEFT: Fine-tuning

When Fine-tuning : SGD with momentum

Updating weights with a momentum :

θt+1 = Wt − Vt+1

with
Vt+1 = µVt + gt

→ Storing a copy of the gradient (matrix Vt)

• 4× nθ bytes for the weights
• 4× nθ bytes for the gradients
• 4× nθ bytes for V

→ With 32 bits for a float
→ With nθ the number of parameters

62/166



PEFT: Fine-tuning

When Fine-tuning : SGD with momentum

Updating weights with a momentum :

θt+1 = Wt − Vt+1

with
Vt+1 = µVt + gt

→ Storing a copy of the gradient (matrix Vt)

• 4× nθ bytes for the weights
• 4× nθ bytes for the gradients
• 4× nθ bytes for V

→ With 32 bits for a float
→ With nθ the number of parameters

62/166



PEFT: Fine-tuning

When Fine-tuning : SGD with momentum

Updating weights with a momentum :

θt+1 = Wt − Vt+1

with
Vt+1 = µVt + gt

→ Storing a copy of the gradient (matrix Vt)

• 4× nθ bytes for the weights
• 4× nθ bytes for the gradients
• 4× nθ bytes for V

→ With 32 bits for a float
→ With nθ the number of parameters

62/166



PEFT: Fine-tuning

When Fine-tuning : Adam

Updating weights with Adam:
→ It uses two moments !!!

• 4× nθ bytes for the weights
• 4× nθ bytes for the gradient
• 4× nθ bytes for first moment
• 4× nθ bytes for the second moment

63/166



PEFT: Making more efficient

What can/should we do ?

• Do not store the gradient for each weight
• Reduce the number of bytes for each weight
• Update only input for new task
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PEFT

”Scaling Down to Scale Up: A Guide to Parameter-Efficient Fine-Tuning”
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PEFT: Last Layer(s) only

Fixed

Tuned
Add & norm

Multi-head
self-attention

Feed forward

Add & norm

M last blocks

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

N first blocks

Training only last layers

• Reduce the number of gradient
“information” to store (% of layer fixed)

• Correct performances (if enough layers)

→ can we do better?
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PEFT: Adapter approaches

The Adapter approach

• Adding new modules inside the model (Feed-Forward)
• Updating those modules only

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Adapter

Adapter

“Parameter-Efficient Transfer Learning for NLP”, N. Houlsby et al., ICML 2019
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PEFT: Adapter approaches

Add & norm

Multi-head
self-attention

Feed forward

Add & norm

→
Add & norm

Multi-head
self-attention

Feed forward

Add & norm

Adapter

Adapter

Fixed

Fixed

Fixed

Fixed

Tuned

Tuned

“Parameter-Efficient Transfer Learning for NLP”, N. Houlsby et al., ICML 2019
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PEFT: Adapter approaches

The adapter module

• Wd ∈ Rk×n for down projection k << n
• An activation function σ

• Wu ∈ Rn×k for up projection

f (x) = Wuσ(Wdx) + x
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PEFT: Adapter approaches, efficiency

• nθ + l× (k× n)× 2 float parameters
• l× (k× n)× 2 floats for the gradient
• l× (k× n)× 2 floats for first moment
• l× (k× n)× 2 floats for the second moment
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PEFT: Adapter approaches, efficiency (example)

Let consider the BERT base model with l = 12 (number of layers), P = 110M (the number
of parameters), n = 768.

Fine-tuning all layers

• 110M float parameters
• 110M floats for the gradient
• 2× 110M floats for first and
second moment

→ 440 millions parameters in RAM

FT with Adapter

Let k = 64

• 12× 64× 768× 2 ≈ 1, 2M floats for the gradient
• 12× 64× 768× 2× 2 ≈ 2, 4M floats for first and
second moment

• 110M+ 3.6M float parameters

→ 118 millions parameters in RAM
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PEFT: Adapter approaches, performances

• Relatively good performances compared to
fine-tuning

• On GLUE Benchmark with BERT-Large reach a
score of 79.6 (k = 64) instead of 80.4 (ft)

A remaining issue

� At inference adapter use more memory (due to added layers)
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PEFT: Adapter approaches - LoRA

The LoRA approach:

• An adapter approach
• With no additional layer at inference
• Comparable/better performances than
fine-tuning

”LoRA: Low-Rank Adaptation of Large Language Models”, E.J. Hu, ICLR 2022
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PEFT: Adapter approaches - LoRA

Principle

• For specified linear layer (on Q,K, and/or V)
• Train a specific module

→ Wl
q ∈ Rm×n the linear associated to the query

→ Alq ∈ Rk×n a projection k << m
→ Blq ∈ Rn×k a projection k << m
→ x ∈ Rn input of the attention block
Output (in the example the query) is computed as :

Q = Wl
qx + Blq(Alqx)

So
ftm

ax

Input

Q

K

V

V

Lin
e
ar

P
ro

je
ctio

n

Lin
e
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P
ro

je
ctio

n
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PEFT: Adapter approaches - LoRA

Fixed Tuned

Linear
Projection

Linear
Projection

Linear
Projection

Q = Wl
qx + Blq(Alqx)

Q = (Wl
q + BlqAlq)x

The operation can be factorised !!!
→ At inference change weights of Q linear
module, replacing it by :

Wl′
q = Wl

q + BlqAlq

No additional weights at inference !!!
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PEFT: Adapter approaches - LoRA

A

B Why low rank?
→ rank(BlqAlq) ≤ k→ Alq ∈ Rk×n

Why low rank?
→ k << n
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PEFT: Adapter approaches - LoRA (efficiency)

Efficiency (memory)

• For training→ similar to bottleneck adapter (slightly lower memory)
• For inference→ similar to base model

→ It mostly depends on the value k
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PEFT: Adapter approaches - LoRA (performances)
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PEFT: Adapter approaches - LoRA (conclusion)

Conclusion

• An efficient and performant Adapter approach
• Used in a lot of adaptation problems
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PEFT: Prefix based approaches

Why changing the weights ?

• We can use prompt (text prefixing the input)
• How I can choose the correct prompt ?

If enough annotated data for the task, can we find an “optimal” prompt ?

Continuous prompt tuning

• We can add special tokens to the input
• And train only those tokens !!!

[LL21] - Xiang Lisa Li and Percy Liang. “Prefix-Tuning: Optimizing Continuous Prompts for
Generation”. In: ed. by Chengqing Zong et al. Online: Association for Computational Linguistics,
Aug. 2021
[LAC21] - Brian Lester, Rami Al-Rfou, and Noah Constant. “The Power of Scale for
Parameter-Efficient Prompt Tuning”. In: ed. by Marie-Francine Moens et al. Online and Punta
Cana, Dominican Republic: Association for Computational Linguistics, Nov. 2021
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PEFT: Prompt-tuning

Fine-tuning tokens

• For each task associate special tokens
• Fine-tune only these tokens

→ Only need to retain gradient for these
special tokens
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PEFT: Prompt-tuning
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• Particularly on zero-shot (in the paper)
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PEFT: Mixed Precision

Model #Weights size
BERT-base ≈110M >418Mo
GPT2-medium ≈355M >1.2Go
Llama-2-7B ≈7B >26Go
Llama-3-70B ≈70B >260Go

Table 2: Estimation of the size of the model
in RAM (based on 32 bits floats)

LLMs problem

• The model is too large (doesn’t fit my GPU)
• Can I compress it with acceptable
performance loss?

→ Encode parameters using less bits
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PEFT: Mixed Precision

LLMs problem

• The model is too large (doesn’t fit my GPU)
• Can I compress it with acceptable
performance loss?

→ Encode parameters using less bits

Using 16 bits ?

Coding on 16 bits half-precision
→ ≈ 4 decimal number

exponent
(5 bit)sign

fraction
(10 bit)

15 10 0

0image: https://en.wikipedia.org/wiki/Half-precision_floating-point_format
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PEFT: Mixed Precision

Half-precision issue when training !!

• Computation of gradient, forward, backward is ok
• Parameter update can be unstable

“These small valued gradients would become zero in the optimizer when multiplied with
the learning rate and adversely affect the model accuracy” [mixed]
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PEFT: Mixed Precision

Mixed Precision

→ “‘Mixed Precision Training”, P. Micikevicius et al., ICLR

2018

1. Compute forward backward in FP16
2. At update transform gradient to FP32
3. Update the weights in FP32

→ Most libraries offer tools for automatic Mixed precision
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PEFT: BFloat type

Main issue training in FP16:

 Low value not well represented

• We don’t care of the precision ?
• We want to encode low values (for
training)

BF16

• Using more bits for the exponent
• Using less bits for the inner range
values

87/166



Not really PEFT: Quantization

Can we train/predict using lower precision ?
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Not really PEFT: Quantization

Using 8 bits ?

→ 256 values (-127 to +127)!!!

• Mapping FP32 to 8 bits
• Using a scaling factor

Principle

Let have W a matrix containing as
maximum absolute value 7.8. a
range of 1 could be represented :

s = 127
7.8
≈ 16

values

-127 +127

-5.4 0.3 7.86.4-1.2-3.8

min max

-7.8 7.8

1271045-20-62-88
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Not really PEFT: Quantization

-127 +127

-5.4 0.3 7.86.4-1.2-3.8

min max

-7.8 7.8

1271045-20-62-88

Quantization (example)

Let s = 127
7.8

• −5.4× s→ −round(87.9) = −88
• −3.8× s→ −round(61.8) = −62
• −1.2× s→ −round(19.5) = −20
• 0.3× s→ round(4.9) = 5
• 6.4× s→ round(104.2) = 104
• 7.8× s→ round(127) = 127

→ and 7.77 ? 7.8× s = 126.5→ 127
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Not really PEFT: Quantization

Quantization in neural networks

• Store the weights quantized
• Make the computation with dequantized weights

→ Need to have the reverse operation !!
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Not really PEFT: De-Quantization

De-Quantization (example)

We quantized as following:

1271045-20-62-88

-5.4 0.3 7.86.4-1.2-3.8

To de-quantize we need to divide by the
scaling factor s

-127 +127

1271045-20-62-88

0

-5.4
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Not really PEFT: Symmetric Quantization

De-Quantization (example)

We quantized as following:

1271045-20-62-88

-5.4 0.3 7.86.4-1.2-3.8

To de-quantize we need to divide by the
scaling factor s

-127 +127

1271045-20-62-88

0

-5.4 0.3 7.86.4-1.2-3.8
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Not really PEFT: Asymmetric Quantization

WASTED

-1.4 0.3 7.86.4-0.2-0.8

min max

-7.8 7.8
0

Asymmetric Quantization:

Make quantization non-centered on zero, need the scale factor s = 2b−1
vmax−vmin

and an offset
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Not really PEFT: Quantization

Better quantization

• Different possible quantization (8bits, 4 bits,...)
• “Double Quantization” (for block based quantization)
• “GPTQ (General Pre-Trained Transformer Quantization)”
• . . .
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Not really PEFT: Quantization (code)

Using HuggingFace and bitsandbytes
from transformers import AutoModelForCausalLM, BitsAndBytesConfig

quantization_config = BitsAndBytesConfig(load_in_4bit=True)
model_4bit = AutoModelForCausalLM.from_pretrained(

"openai-community/gpt2",
quantization_config=quantization_config

)
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Not really PEFT: Quantization (Conclusion)

Conclusion

In this lecture we introduce quantization

• Quantization allow to decrease model size (lower memory consumption)
• Quantization is useful for inference
• Most libraries propose quantization tools

Quantization→ Evaluate/testing a large model

Online resources ?

• https://newsletter.maartengrootendorst.com/p/
a-visual-guide-to-quantization (inspiration for my figures)

•
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Quantization and PEFT methods : QLoRA

Training and quantization

• Quantization inference can be faster
• Quantization inference is lighter (RAM)
• � Training is unstable

Unstable training ?

→ Mainly due to weight update !!
→ In adapter, only few weights are updated

Use quantization for non-updated weights ?
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Quantization and PEFT methods : QLoRA

QLoRA training

• Use LoRA adapter framework
• Quantize the original weights (no need
gradient)

• Different optimizations techniques
(double quantization)

Fixed

Quantized
4bits

Tuned

Linear
Projection

Linear
Projection

Linear
Projection
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Quantization and PEFT methods : QLoRA

→ Competitive results with LoRa
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Quantization and PEFT methods : Conclusion

Conclusion

• How to adapt for a lower cost (memory and speed)
• How to compress/reduce size of models
• Two different approach/family:

• Adapter based
• Prefix based

→ Do we always need to modify/compress weight (for adaptation) ?

98/166



Optimisation in Transformer:
Attention mechanism



Optimisation in transformer architecture

Some performances issues :

• The number of parameters is too large
• The attention is quadratic (sequence length)
• ...

How to accelerate inference ?
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Optimisation in transformer architecture

INPUT

Q

K

V

So
ftm

ax
Q.tK + M

d
Softmax

Q.tK

d
.VSoftmax

Q.tK

d

Figure 5: Illustration of the decoder model attention
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Optimisation in transformer architecture

Multihead Attention

• Multiple attention head
• Each having specific:

• Query
• Key
• Value

Q K V

Figure 6: Illustration of the multihead attention
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Optimisation in transformer architecture: Group Queries

Grouped queries

• Limiting the number of stored
parameters

• Restraining the number key/values
heads (one per query group) [Ain+23]

[Ain+23]→ “Gqa: Training generalized multi-query
transformer models from multi-head checkpoints” -
Ainslie et al. 2023
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Optimisation in transformer architecture: KVCache

Key Value Cache

• Storing the keys and previous
values

• Store value to compute new
token representation

Token KV produced cache
1 k1, v1 k1, v1
2 k2, v2 k1, v1, k2, v2
...

...
...

n kn, vn k1, v1, k2, v2 . . . , kn, vn
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Optimisation in transformer architecture: Global Attention

In decoder approaches:

Use self-attention (or global attention)

• For each token compute a score with all
previous tokens

• Quadratic storage (and time)

Figure 7: Illustration of the global attention matrix
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Optimisation in transformer architecture: local Attention

Use of local attention mechanism

• Only process full attention on fixed size
segment

• Principle of sliding window

This principle is used in many works [BPC20]

[BPC20]→ “Longformer: The long-document
transformer” - Beltagy et al. 2020

Figure 8: Illustration of the local attention matrix
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Optimisation in transformer architecture: local Attention

Example

Let consider:

• Three layers transformer
• 4 windowed attention

What token for 11th output is
”taken” in consideration ?
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Optimisation in transformer architecture: local Attention

Example

Let consider:

• Three layers transformer
• 4 windowed attention

What token for 11th output is
”taken” in consideration ?
→ from 2 to 11

t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 t11

Figure 9: Receptive field in windowed attention
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Optimisation in transformer architecture: local Attention

Receptieve field size:

(window_size− 1)× nb_layer + 1

t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 t11

Advantages

• Longer sequences for lower computationnal/memory cost
• Lower performances
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Optimisation in transformer architecture: Dillated Attention

Use of dillated Attention mechanism

• Principle of dillated sliding window

Allows to reach more distant tokens

Figure 10: Illustration of the dilated attention
matrix
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Optimisation in transformer architecture: Mixed Attention

Using different sparse attention

• BigBird (Random + Local + Global) [Zah+20]
• Longformer (Dilated + Local + Global) [BPC20]
• Attention Sink [Xia+23]

→ Few large model use it...

[Zah+20]→ “Big bird: Transformers for longer sequences” - Zaheer et al. 2020
[BPC20]→ “Longformer: The long-document transformer” - Beltagy et al.

2020
[Xia+23]→ “Efficient streaming language models with attention sinks” - Xiao

et al. 2023
Figure 11: Mxing global and
local attention
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The Linear Attention:
Recurrent Neural Networks strikes back



The Linear Attention: RNN strikes back

Vanilla Attention :

Let’s consider the attention as:

A(Q, K, V) = Softmax(QK>)V (1)

→ d the dimension
→ L the sequence size
→ Q, K, V ∈ RL×D

What is the cost of the operations ?

→ A = QK> ∈ RL×L is in O(L2d)
→ B = Softmax(A) ∈ RL×L is in O(L2)
→ C = BV ∈ RL×d is in O(L2d)
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The Linear Attention: RNN strikes back

A Modified Attention [Kat+20] :

Let’s consider the attention as:

A(Q, K, V) = φ(Q)φ(K)>V (2)

→ d the dimension
→ L the sequence size
→ φ(Q), φ(K), V ∈ RL×D

What is the cost of the operations ?

→ A = φ(Q)φ(K)> ∈ RL×L is in O(L2d)
→ B = AV ∈ RL×d is in O(L2d)
[Kat+20]→ “Transformers are rnns: Fast

autoregressive transformers with linear attention” -
Katharopoulos et al. 2020

Can we compute differently ?
→ A = φ(K)>V ∈ Rd×d is in O(Ld2)
→ B = QA ∈ RL×d is in O(Ld2)
Linear cost w.r.t the sequence length !!!

And for autoregressive models ?

111/166



Linear Attention

Let M be a lower triangular matrix with one filled : M =


1 0 0 . . . 0
1 1 0 . . . 0
...

...
. . . . . .

...
1 1 . . . 1 0
1 1 . . . 1 1


In the case of autoregressive model the Attention formulae is given by:

O(Q, K, V) = (φ(Q)φ(K)> �M)V (3)

For convenience let remove the transformation φ in the next slides
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Linear Attention: The recurrent form

The output for the tth token can be written as:

Ot = qᵀt (K
ᵀV) (4)

Notice that Ot is a one column (∈ R1×d), let define ot = Oᵀ
t the output vector :

ot = (qᵀt (K
ᵀV))ᵀ = (KᵀV)ᵀqt (5)

= (VᵀK)qt =
( T∑

l=1

vl.kᵀl

)
qt (6)

In autoregressive/generative model attention does not apply on futur tokens :

ogent =

( t∑
l=1

vl.kᵀl

)
qt (7)
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Linear Attention: The recurrent form

Ot =
t∑
l=1

vlk>l︸ ︷︷ ︸
the stateSt

qt (8)

We can easily show that a recurrence can be written:

t value
1 v1k>1 q1 = S1q1
2 (v1k>1 + v2k>2 )q2 = (S1 + v2k>2 )q2 = S2q2
3 (v1k>1 + v2k>2 + v3k>3 )q3 = (S2 + v3k>3 )q3 = S3q3
...

...
t (St−1 + vtk>t )qt = Stqt

→ Recurrence:

St = St−1 + vtk>t (9)
ot = Stqt (10)
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Linear Attention: Summary

Compute next token:

→ Storing at each step St
→ ot+1 does not depend on
sequence length
→ Same tok/sec whatever the
context size
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Linear Attention: Generation/Context/training

GPU acceleration

• GPUs work better with large matrix
• Use of teacher forcing in training or
reading context

Training/context

→ Use the parallel form

(φ(Q)φ(K)> �M)V

Generation

→ Use the recurrent form

St = St−1 + vtk>t
ot = Stqt
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Linear Attention: Does not work...

Linear attention:

→ � offer only poor performances
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Linear attention: Delta-Net

Delta-Net Attention:

Propose a new recurrence for better performance:

St =St−1 − βt(St−1kt − vt)k>t = St−1−βtSt−1ktk>t︸ ︷︷ ︸
remove

+βtvtk>t︸ ︷︷ ︸
add

(11)

ot =Stqt (12)

Main intuition:

→ Specify what to forget from previous state and what to add from current key value
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Linear Attention: Gated Delta-Net 1

Gated Delta-Net [YKH25]

→ adding α gating mechanism

St = αtSt−1 → previous state
−βt(αtSt−1kt) → remove
+βtvtk>t → add

With αt ∈ [0, 1]

[YKH25]→ “Gated delta networks: Improving mamba2
with delta rule” - Yang et al. 2025

Gated Delta Rule

Norm

Norm

Conv

Norm

Conv Conv

Activation
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Linear Attention: Gated Delta-Net 2

Gated Delta-Net 2

St = DtSt−1 → previous state
−St−1Dt(bt � kt)kᵀt → remove
+(wt � vt)k>t → add

With:

→ Dt = Diag(αt) (decay)

→ bt = σ(Wbxt)

→ wt = σ(Wwxt)

Gated Delta Rule 2

Norm

Activation

Norm

Conv

Norm

Conv Conv
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Delta-Net Attention: Issues

Does not work well neither

Use both attention ?

• Use some block with linear attention
→ Long term memory

• Use some block with full attention
(windowed)
→ Short term memory

Linear and

Softmax

N×

Linear Block

Linear Block

Linear Block

Full Block

Linear Block

Add & norm

Feed forward

Add & norm

Linear Attention

Full Block

Add & norm

Feed forward

Add & norm

Full Attention
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Mixture of Experts: Specialist to
the rescue



MoE: The Feed Forward Network

FNN : Feed Forward Network

→ A MLP with d

• An up projection (Rn×m)
→ expanding dimension

• An Activation function
• A down projection (Rm×n)
→ retrieving dimension

Linear

Projection

Linear

Projection
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MoE: The Feed Forward Network

FNN : Qwen3.5-27B example

def forward(self, x):
gate = self.act_fn(self.gate_proj(x))
up_proj = self.up_proj(x)
up_gated = gate * up_proj
down_proj = self.down_proj(up_gated)
return down_proj

→ n = 5120,m = 17408
→ Involving 267 386 880 parameters by FFN. . .
→ ≈ 17 Billions parameters

Linear

Projection

Linear

Projection

Linear

Projection
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MoE: Mixture of Experts

Using expert

• A router choose expert for
current input

• Input only go through selected
experts

Add & norm

Feed forward

Add & norm

Linear and

Softmax

Attention

MoE Module

Expert 2Expert 1 Expert i Expert m

Select experts
Top K

Router

¬Activated ¬Activated ¬ActivatedActivated

Expert i Feed Forward

Feed Forward

+

Softmax

Router

N×
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MoE: Mixture of Experts

→ Image from “Mixtral of experts” - Jiang et al.
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LLM: follow my guidelines
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Multitask LLM: Let Test

How General LLMs works ?

• Questioning LLM ?
• Let’s try with GPT2

Answer the following question:
What shape is the earth?
A) A circle
B) A sphere
C) An ellipse
D) A plane

CONTEXT

E) An oblong
F) An octagon
G) A dodecahedron
H) A cube
I) A rhombus
J) A pyramid

ANSWER
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Multitask LLM: Let Test

How General LLMs works ?

• Questioning LLM ?
• Let’s try with GPT2
• Using few shot prompting

Few shot prompting

• Need few examples. . .
• Does not succeed each time

Answer the following question:
Where is the Eiffel tower?
A) In Berlin
B) In London
C) In Paris
D) In tokyo
The response is C) In Paris

Example 1

Answer the following question:
What shape is the earth?
A) A circle
B) A sphere
C) An ellipse
D) A plane

CONTEXT

The response is B) A sphere

ANSWER
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Multitask LLM: Fine-tuning to follow instruction

Multi-Task Fine-tuning

• Instruct with different prompt
• Different task

For instance the P3 dataset used for T0
model [San+21]

[San+21]→ “Multitask prompted training enables
zero-shot task generalization” - Sanh et al. 2021
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Multitask LLM: Chain of Through

Can we improve problem solving w/o fine-tuning ?

Chain o Thought (CoT):

Few-shot reasoning setting [Wei+22]

1. Provide the exercise text
2. Unrolling the Chain of Thougth
3. Provide the answer

[Wei+22]→ “Chain-of-thought prompting elicits
reasoning in large language models” - Wei et al. 2022
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Multitask LLM: Chain of Through

Chain of Thought (CoT) - On math problems

Compared to vanilla Few-Shot prompting:

• 8% more problem solved on GSM8K [Cob+21]
• 15% more problem solved on MAWPS [Kon+16]
• Tackling GPT3 (w/o CoT)

[Cob+21]→ “Training verifiers to solve math word problems” -
Cobbe et al. 2021
[Kon+16]→ “MAWPS: A math word problem repository” -

Koncel-Kedziorski et al. 2016
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A general LMM: Let’s Think

Can we improve problem solving w/o CoT examples ?

LLMs (suffciently large) are
zero shot ”Thinker” [Koj+22]
• Prepand ”Let’s think...”
• Often better answers

[Koj+22]→ “Large language models
are zero-shot reasoners” - Kojima et al.
2022

Vanilla Prompt Thinking prompt

CTX
Q: A juggler can juggle 16 balls. Half of
the balls are golf balls, and half of the
golf balls are blue. How many blue golf
balls are there?

Q: A juggler can juggle 16 balls. Half of
the balls are golf balls, and half of the
golf balls are blue. How many blue golf
balls are there?
A: Let’s think step by step.

GEN A: 1 First, howmany balls can be juggled? The
juggler can juggle 16 balls, so the jug-
gler can juggle 16 balls + 16 balls = 32
balls. Second, how many golf balls are
there? There are 16 balls, so there are 8
golf balls. Third, howmany blue golf balls
are there? There are 8 golf balls, so there
are 4 blue golf balls. So the answer is 4
blue golf balls.

132/166



Multitask LLM: Reinforce Learning with Human Feedback

Training language models to follow instructions with human
feedback [Ouy+22]

• Propose RLHF (Reinforce Learning with Human Feedback)
algorithm

• Align model for
• Improved truthfullness
• Redution of toxic generation

[Ouy+22]→ “Training language models to follow instructions with human
feedback” - Ouyang et al. 2022

- Collect demonstration data

- Fine-tune the model (policy)

Step 1

- Collect comparison data,

- Train a reward model

Step 2

- Optimize the policy using 

reward model (reinforcement)

Step 3
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Multitask LLM: RLHF Step 1 - SFT

Fine-tuning on instruction - Ingredient

• Dsft ∈ Q× A the dataset containing instruction (Q) and answers (A)
• πbase a generative language model

Fine-tuning on instruction - Recipes

Fine-tune πbase on Dsft
→ Produce the fine-tuned model πsft
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Multitask LLM: RLHF Step 2 - Reward function

Reward function - Ingredient

• Dquery ∈ Q the dataset containing instruction (Q) (but no answer)
• πθref (at the first step it is πsft )
• A language model with regressor head rψ (starting with πθref with an head )
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Multitask LLM: RLHF Step 2 - Reward function

Reward function - Recipes

1. Generate many answer for each x ∈ Dquery
→ let be Dx ∈ A the generated answers for x

2. Ask annotators to rank the answer
→ let be Dpref ∈ Q× A× A

3. Train the reward function
if (x, y1, y2) ∈ Dpref → r(x, y1) > r(x, y2)

Add & norm

Feed forward

Add & norm

Linear and

Softmax

Attention

N×

Generation

Lacking human lips, parrots shape vowels and 

consonants by moving their thick, muscular 

tongues and adjusting their �exible jaw 

joints.

How Parrots can imitate human

language ?

QUERY

136/166



Multitask LLM: RLHF Step 2 - Reward function

Reward function - Recipes

1. Generate many answer for each x ∈ Dquery
→ let be Dx ∈ A the generated answers for x

2. Ask annotators to rank the answer
→ let be Dpref ∈ Q× A× A

3. Train the reward function
if (x, y1, y2) ∈ Dpref → r(x, y1) > r(x, y2)

How Parrots can imitate human

language ?

QUERY

Generation T

Humans are able to speak thanks to a 

complex coordination between the brain, the 

respiratory system, and the speech organs.

Generation 1

Parrots imitate human language using a 

specialized vocal organ called the syrinx and 

a unique, highly developed brain structure for 

sound learning, rather than human-like vocal 

cords or lips...

Generation 2

Lacking human lips, parrots shape vowels and 

consonants by moving their thick, muscular 

tongues and adjusting their �exible jaw 

joints.

Human ranking

136/166



Multitask LLM: RLHF Step 2 - Reward function

Reward function - Recipes

1. Generate many answer for each x ∈ Dquery
→ let be Dx ∈ A the generated answers for x

2. Ask annotators to rank the answer
→ let be Dpref ∈ Q× A× A

3. Train the reward function
if (x, y1, y2) ∈ Dpref → r(x, y1) > r(x, y2)

How Parrots can imitate human

language ?

QUERY

Generation 1

Parrots imitate human language using a 

specialized vocal organ called the syrinx and 

a unique, highly developed brain structure for 

sound learning, rather than human-like vocal 

cords or lips...

How Parrots can imitate human

language ?

QUERY

Generation T

Humans are able to speak thanks to a 

complex coordination between the brain, the 

respiratory system, and the speech organs.

136/166



Multitask LLM: RLHF Step 2 - Reward function

Reward function - Recipes

1. Generate many answer for each x ∈ Dquery
→ let be Dx ∈ A the generated answers for x

2. Ask annotators to rank the answer
→ let be Dpref ∈ Q× A× A

3. Train the reward function
if (x, y1, y2) ∈ Dpref → r(x, y1) > r(x, y2)

Reward function - Loss

E
(x,y1,y2)∼D

−log(σ(rψ(x, y1︸︷︷︸
+

)− rψ(x, y2︸︷︷︸
−

)))


(13)
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Multitask LLM: RLHF Step 3 - Policy optimisation

Ingredients:

• A dataset Drl
• πsft a fine-tuned model
• πθref the reference model (= πsft at first iteration)
• πθ the reference model (= πθref at first)
• rψ a reward function (a regressor/classifier)

Objective:

π∗
θ ← Max

θ
E

x∼Drl
yg∼πθ(y|x)

 rψ(yg, x)︸ ︷︷ ︸
maximise the reward

−β log

(
πθ(y = yg|x)
πsft(y = yg|x)

)
︸ ︷︷ ︸

be close to πsft

 (14)
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Multitask LLM: RLHF Step 3 - Policy optimisation

Objective:

π∗
θ ← Max

θ
E

x∼Drl
yg∼πθ(y|x)

 rψ(yg, x)︸ ︷︷ ︸
maximise the reward

−β log

(
πθ(y = yg|x)
πsft(y = yg|x)

)
︸ ︷︷ ︸

be close to πsft

 (15)

A problem:

→ � Difficult to optimize... → How rψ depends on θ ?
→ � Using reinforcement based algorithm (policy gradient)
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Multitask LLM: RLHF Step 3 - Policy optimisation

A simplified objective

Let simplify the objective considering:

π∗
θ ← Max

θ
E

x∼Drl
yg∼πθ(y|x)

 rψ(yg, x)︸ ︷︷ ︸
maximise the reward


(16)

Let consider the policy πθ

• The generation y of |y| tokens
• According to the context x of |x| tokens

How is computed π(y = yg|x) ?

πθ(y = yg|x) =
|x|+|yg|∏
t=|x|

π(ygt |x, y
g
1 , y

g
2 . . . y

g
t−1) (17)

= e

(
|x|+|yg|∑
t=|x|

log π(ygt |x,y
g
1 ,y

g
2 ...y

g
t−1)

)
(18)
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Multitask LLM: RLHF Step 3 - Policy optimisation

Objective

π∗
θ ← Max

θ

∑
x∈Drl

E
yg∼πθ(y|x)

 rψ(yg, x)︸ ︷︷ ︸
maximise the reward


What is the gradient ?

∇θ

∑
x∈Drl

E
yg∼πθ(y|x)

[rψ(yg, x)]

 =
∑
x∈Drl

∇θ
(

E
yg∼πθ(y|x)

[rψ(yg, x)]
)

→ Needs to compute ∇θ
(

E
yg∼πθ(y|x)

[rψ(yg, x)]
)
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Multitask LLM: RLHF Step 3 - Policy Gradient

Policy gradient:

∇θ
(

E
yg∼πθ(y|x)

[
rψ(yg, x)

])
= ∇θ

(∫
πθ(y = yg|x) rψ(yg, x)︸ ︷︷ ︸

no θ

dyg
)

=

∫
∇θ

(
πθ(y = yg|x) rψ(yg, x)︸ ︷︷ ︸

no θ

)
dyg

=

∫
∇θ

(
πθ(y = yg|x)

)
︸ ︷︷ ︸
∇x log(f )=

∇x (f )
f

rψ(yg, x)dyg

=

∫
πθ(y = yg|x)∇θ

(
log πθ(y = yg|x)

)
rψ(yg, x)dyg

= E
yg∼πθ(y|x)

[
∇θ

(
log πθ(yg|x)

)
rψ(yg, x)

]
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Multitask LLM: Reinforcement

The policy πθ
Let be y1 and y2 two generation and y1 prefered to y2 (y1 >> y2) we want

πθ(y = y1|x) > πθ(y = y2|x)

To this end, we can compute a reward function r such that:

rψ(y1, x) > rψ(y2, x)

→ In practice rψ(y, x) ≥ 0
→ Recall that the optimisation problem is given by:

Max
θ

E
x∼Drl

yg∼πθ(y|x)

 rψ(yg, x)︸ ︷︷ ︸
maximise the reward


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Multitask LLM: Reinforcement Value fonction

A Value Fonction

Let consider that we have a fonction V computing the mean reward:

V(x) = E
yg∼πθ(y|x)

rψ(yg, x)

• We want πθ(y = yg|x) more likely if r(x, yg) > V(x) (higher than expected reward)
• We want πθ(y = yg|x) less likely if r(x, yg) < V(x) (lower than expected reward)

V is named the Value fonction, it can be:

• Estimated from the model (policy)→ Vζ (Vζ is a neural netork)
• Estimate V from a batch 1

N
∑

yg∼πθ(y|x)
rψ(x, yg)
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Multitask LLM: Advantage function

Advantage function

Let’s rewrite the previous problem (le consider a learned Value fonction Vζ)

• We want to maximize πθ(y = yg|x) if r(yg, x) > Vζ(x)
• We want to maximize −πθ(y = yg|x) if r(yg, x) < Vζ(x)

Aψ,phi(x, yg) = r(yg, x)− Vζ(x) is the Advantage function

• Aψ,ζ(yg, x) ≥ 0 there is an advantage to generate yg

• Aψ,ζ(yg, x) < 0 there is a disadvantage to generate yg

→ Maximizing E
x∼Drl

πθ(y=yg|x)

[rψ(yg, x)− Vζ(x)]
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AAA

Instead of optimizing:

Max
θ

E
x∼Drl

yg∼πθ(y|x)

 rψ(yg, x)︸ ︷︷ ︸
maximise the reward


(19)

→

We will optimize:

Max
θ

E
x∼Drl

yg∼πθ(y|x)

[Aψ,ζ(yg, x)] (20)

Training procedure?

1. Sample generations from πθ

2. Compute rewards for each generated examples
3. � Do multiple gradient update over generated samples
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problem

� Do multiple gradient update over generated samples

πθref ← πθ ; πθ0 ← πθ

1. Sample K generation from πθref → {(yi, xi)}Ki=1
2. Compute reward for each {Aψ,ζ(yi, xi, θref )}Ki=0 → Vζ depends on θref

3. Update policy for each example (usually batched) through gradient descent (not
batched for the example):
3.1 θ1 ← θ0 + ε∇θ0 log(πθ0(y1|x1)Aψ,ζ(y1, x1, θref ))
3.2 θ2 ← θ1 + ε∇θ1 log(πθ1(y2|x2)Aψ,ζ(y2, x2, θref ))

3.3
...

3.4 θK ← θK−1 + ε∇θK−1 log(πθK−1(yK |xK)Aψ,ζ(yK , xK , θref ))

� After first update→ compute the gradient on sample/reward that depends on πθref
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problem

� After first update→ compute the gradient on sample/reward that depends on πθref

We can show that :

E
yg∼πθ(y|x)

[Aψ,ζ(yg, x)] = E
yg∼πθref (y|x)

πθ(y = y<g|x)
πθref (y = yg|x)︸ ︷︷ ︸
importance weight

Aψ,ζ(yg, x)

 (21)

→ Importance weight ratio measure how far we are from original policy
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Multitask LLM: Algorithm ?

We can optimize the folowing problem :

Max
θ

E
x∼Drl

yg∼πθref (y|x)

[
πθ(y = yg|x)
πθref (y = yg|x)

Aψ,ζ(yg, x)
]

(22)

→ Still need the train policy (θ) close enough of the reference policy (θref )
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Multitask LLM: PPO Objective

PPO [Sch+17] algorithm:

→ No gradient/update when current policy deviate to much from reference policy

[Sch+17]→ “Proximal policy optimization algorithms” - Schulman et al. 2017
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Multitask LLM: Full PPO objective

Full PPO loss

For stability, PPO use a particular objective function:

OPPO(θref ) = E
x∼Drl

yg∼πθref (y|x)

[
min

(
πθ(y = yg|x)
πθref (y = yg|x)Aψ,ζ(y

g, x), clip
(

πθ(y = yg|x)
πθref (y = yg|x) , 1+ ε, 1− ε

)
Aψ,ζ(yg, x)

)]

(23)

• if the ratio is > 1+ ε it means that it is much likely with the current policy→ The
gradient is null

• if the ratio is > 1+ ε it means that it is much less likely with the current policy→ The
gradient is null
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Multitask LLM: LRHF objective ?

LRHF loss:

Recall the objectives is

π∗
θ ← Max

θ
E

x∼Drl
yg∼πθ(y|x)

 rψ(yg, x)︸ ︷︷ ︸
maximise the reward

− β log

(
πθ(y = yg|x)
πsft(y = yg|x)

)
︸ ︷︷ ︸

be close to πsft

 (24)

Integrating the other components in the objective function we obtain:

ORLHF(θ) = E
x∼Drl

yg∼πθref (y|x)

[
min

(
πθ(y = yg|x)
πθref (y = yg|x)Aψ,ζ(y

g, x), clip
(

πθ(y = yg|x)
πθref (y = yg|x) , 1+ ε, 1− ε

)
Aψ,ζ(yg, x)

)

− β log

(
πθ(y = yg|x)
πsft(y = yg|x)

)]
(25)
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Multitask LLM: Advantage function

Advantage function:

Need to update the Value fonction Vζ (generally initialised with the reward function)

Use Gradient Descent algorithm with the following loss (minimisation):

Lvalue(ζ) = E
x∼Drl

yg∼πθ(y|x)

[
(rψ(yg, x)− Vζ(x))

2
]

(26)

In practice there is minor difference with the main optimisation (principle remains the
same)
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Multitask LLM: RLHF

Advantages?

Better intent understanding

• Better completion
• Better answer
...
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Multitask LLM: RLHF problems

• � Relies on multiple steps→ difficult setup
• � Loop with annotators→ time and cost
• � Train a reward function (often as large as LLM)

- Collect demonstration data

- Fine-tune the model (policy)

Step 1

- Collect comparison data,

- Train a reward model

Step 2

- Optimize the policy using 

reward model (reinforcement)

Step 3
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Multitask LLM: DPO

Direct Preference Optimisation (DPO [Raf+23] )

• Eliminates the need to train a separate reward model.
• Directly optimizes the policy πθ using preference pairs (yp, yn).
• Uses a reference model to prevent the policy from drifting too far.

[Raf+23]→ “Direct preference optimization: Your language model is secretly a reward model” - Rafailov et al.
2023
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Multitask LLM: DPO

Direct Preference Optimisation (DPO [Raf+23] )

• Eliminates the need to train a separate reward model.
• Directly optimizes the policy πθ using preference pairs (yp, yn).
• Uses a reference model to prevent the policy from drifting too far.

ORLHF(θ) = E
(x,yp,yn)∼Dpref

[
log σ

(
β log

πθ(yp|x)
πθref (yp|x)

− β log
πθ(yn|x)
πθref (yn|x)

)]
(27)

Classical gradient descent (no log trick necessary)→ Not really Policy Gradient based

[Raf+23]→ “Direct preference optimization: Your language model is secretly a reward model” - Rafailov et al.
2023
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Multitask LLM: Thinking tokens and RL

Train for reasoning

DeepSeek-R1 [Guo+25a] trained to reason
with RL

• GRPO (Group Relative Policy
Optimization) RL procedure

• Two models:
DeepSeek-R1-Zero/DeepSeek-R1

[Guo+25a]→ “DeepSeek-R1 incentivizes reasoning in
LLMs through reinforcement learning” - Guo et al. 2025

A simple reward (DeepSeek-R1-Zero):

• Accuracy reward→


1. if correct
.5 if unknow
0. else

• Format reward→
{
1. if correct tags
0. else
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Multitask LLM: GRPO

OGRPO(θ) = E
x∼Drl

{yl}Gg=1∼πθref (y|x)

1
G

G∑
g=1

[

min

(
πθ(y = yg|x)
πθref (y = yg|x) , clip

(
πθ(y = yg|x)
πθref (y = yg|x) , 1+ ε, 1− ε

))
Aψ(yg, x, {yl}Gl=1)

− βDKL(πθ||πθref )]

With

Aψ(yg, x, {yl}Gl=1) =
rψ(yg, x)− µ{rψ(yl,x)}Gl=1

σ{rψ(yl,x)}Gl=1

With µ the average adn σ the standard deviation.
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Multitask LLM: DeepSeek-R1 [Guo+25b]

[Guo+25b]→ “Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning” - Guo et al.
2025
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The agentic Framework



Tools: The RAG Framework

LLM knowledge?

• Snapshot of knowledge (training data)
• � Information is updated
• � Hallucination

→ Use Retrieval Augmented Generation (RAG) Framework

Who is Manon Rolland?

ANSWER

IR
Model

Generative
Model
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Tools: The RAG Framework

RAG Framework:

• Connect a generative model to a database
• Before generation a sub-model can call a
retriever

< >,

Manon Rolland is a politic... Who is Manon Rolland?
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Agentic Framework: Calling tools

We can use different tools not only search :
• Read/modify/write files
• Using codes tools
• Access a browser
• Answer mail automatically
• � Run terminal command

Add & norm

Feed forward

Add & norm

Linear and

Softmax

Attention

N×

- READ FILES

- WRITE FILES

- LIST FILES

FILE OPERATIONS

- WEB SEARCH

- DATABASE SEARCH

SEARCH OPERATIONS

- READ MAIL

- REDACT MAIL

- SEND MAIL

MAIL OPERATIONS
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Agentic Framework: Calling tools, How ?

Instruct with tools

• Provide the different tools
• Give information (such as thinking
effort)

• . . .

→ Generally using file template (such as
Jinja template)

You are an LLMs agent that can use the following tools
- <search>QUERY</search> search an information with
the query replaced with relevant query
- <read>FILEPATH</read> with the file path replaced by
the path of the file you want to read
- <write>FILEPATH</write>CONTENT</write> write the
content into the file at the given path
- <run>COMMAND</run> execute a shell command and
return its output

Rules:
- You must call exactly one tool per turn, wrapped in its
XML tag.
- Do not invent results: only use the output returned by
the tool.
- If a tool call fails, retry once with a corrected argument,
then explain the error.
- When the task is complete, respond with <done>AN-
SWER</done> and stop calling tools.
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Agentic Framework: MCP

→ A protocol proposed by Anthropic

Add & norm

Feed forward

Add & norm

Linear and

Softmax

Attention

N×

AGENT CLIENT

- READ FILES

- WRITE FILES

- LIST FILES

- FORWARD USER QUERIES

- FORWARD LLM ANSWERS

- CONNECT TO MCP SERVERS

- FORWARD AVAILABLE TOOLS

- CAPTURE TOOL CALLS

- CALL TOOL REQUEST TO MCP

- CONTROL AGENT AUTORISED 

TOOLS

.

.

.

FILE OPERATIONS

MCP SERVER 1

- WEB SEARCH

- DATABASE SEARCH

SEARCH OPERATIONS

MCP SERVER 1

- READ MAIL

- REDACT MAIL

- SEND MAIL

MAIL OPERATIONS

MCP SERVER 3
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Agentic Framework: MCP

Model Context Protocol (MCP)

An open standard created by Anthropic to connect AI agents to tools and data.

• Purpose: Connects the agent to external data sources (CI systems, databases, issue
trackers).

• Three Primitives:
• Tools: Actions the model can invoke.
• Resources: Data the model can read.
• Prompts: Reusable templates.

→ Allow to control access to LLM tools
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Conclusion

• Introduction to LLM
• Transformer architecture
• Fine-tuning
• Architecture optimization
• Create an multi-purpose agent

Merci pour votre écoute !!!
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