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Ressources (for exercices and lecture slides)
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Fine-tuning or adapting LLMs: Introduction

Questions :

• How to deal with my new task ?

• What architecture can I use ?
• What libraries is relevant for my problem(s) ?

Adaptation

• Modification of pretrained models (Large Language Model)
• With constraint(s) (time, memory, number of annotated data)

What are the pre-trained LLMs ?
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The tranformer (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)
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The transformer: Encoder or decoder

This is the Encoder transformer architecture
!!!
↓
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This is the Decoder transformer architecture
!!!
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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: The Encoder model

Positional
Encoding

The <UNK> sat on the couch

Repeated Nx Encoder block

The cat sat on the couch
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Pretrained encoder

• Bidirectionnal (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: Bidirectionnal attention
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The transformer: The Decoder model
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Output 
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Pretrained Decoder

• Unidirectionnal (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
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aThe

BOS a

?
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The transformer: Unidirectionnal attention
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The transformer: Encoder or decoder
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Figure 1: Encoder model and (one of) pretraining
task
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Figure 2: Decoder model and (one of) pretraining
task
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The transformer: Encoder-decoder
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Figure 3: 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
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The transformer: Conlusion

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
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Adaptation: How to adapt to a new task

Requirements

• A pretrained model/trasnformer !!! (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

18/95



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 weight are updated (almost)
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Adaptation: Problem

Fine-tuning

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

• It 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 weigth)
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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 weigths 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 weigths
• 4× nθ bytes for the gradients
• 4× nθ bytes for V

→ With 32 bits for a float
→ With nθ the number of parameters
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PEFT: Fine-tuning

When Fine-tuning : Adam

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

• 4× nθ bytes for the weigths
• 4× nθ bytes for the gradient
• 4× nθ bytes for first moment
• 4× nθ bytes fir the second moment
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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 and
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 appproach
• 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
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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 weigths 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

38/95



PEFT: Adapter approaches - LoRA

A

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

Why low rank?
→ k << n

38/95



PEFT: Adapter approaches - LoRA

A

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

Why low rank?

→ k << n

38/95



PEFT: Adapter approaches - LoRA

A

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

Why low rank?
→ k << n

38/95



PEFT: Adapter approaches - LoRA (efficiency)

Efficiency (memory)

• For training→ similar to bottleneck adapter (sligthly 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

108 109 1010 1011

Model Parameters
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Model Tuning

Model Tuning (Multi-task)

Prompt Design

Prompt Tuning

Performances

• Close to tuning model performances

• 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 1: 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 exponenent
• Using less bits for the inner range
values
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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 weigths 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
sclaing factor s

-127 +127

1271045-20-62-88

0

-5.4
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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
sclaing factor s

-127 +127

1271045-20-62-88

0

-5.4 0.3 7.86.4-1.2-3.8

54/95



Not really PEFT: Symetric 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
sclaing 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: Asymetric Quantization

WASTED

-1.4 0.3 7.86.4-0.2-0.8

min max

-7.8 7.8
0

Asymetric 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 usefull for inference
• Most libraries propose quantization tools

Quantization→ Evaluate/testing a large model

Online ressources ?

• 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 weigth 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 weigth (for adaptation) ?
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Adaptation: Need to modify the model ?

“Language Models are Few-Shot Learners” B. Brown, NeurIPS 2020

→ In context learning
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Adaptation: Need to modify the model ?

“Chain-of-Thought Prompting Elicits Reasoning in Large Language Models” J. Wei et al., NeurIPS 2022
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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 4: Illustration of the decoder model attention
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Optimisation in transformer architecture

Multhead Attention

• Multiple attention head
• Each having specific:

• Query
• Key
• Value

Q K V

Figure 5: Illustration of the multihead attention
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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: Group Queries

Gouped queries

• Limiting the number of stored
parameters

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

[Ain+23] - Joshua Ainslie et al. “Gqa: Training
generalized multi-query transformer models from
multi-head checkpoints”. In: arXiv preprint
arXiv:2305.13245 (2023)
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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 6: 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] - Iz Beltagy, Matthew E Peters, and
Arman Cohan. “Longformer: The long-document
transformer”. In: arXiv preprint arXiv:2004.05150 (2020)

Figure 7: 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 8: Receptieve 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 9: 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] - Manzil Zaheer et al. “Big bird: Transformers for longer sequences”.
In: Advances in neural information processing systems 33 (2020),
pp. 17283–17297
[BPC20] - Iz Beltagy, Matthew E Peters, and Arman Cohan. “Longformer: The

long-document transformer”. In: arXiv preprint arXiv:2004.05150 (2020)
[Xia+23] - Guangxuan Xiao et al. “Efficient streaming language models with

attention sinks”. In: arXiv preprint arXiv:2309.17453 (2023)

Figure 10: Mxing global and
local attention
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Linear attention

We recall that the attention formula (for encoder) is given by :

O =softmax(Q.
tK√
D
).V

Considering Q, K, and V ∈ RL×D. If we consider Ol the output associated to the lth ”token”:

Ol =softmax(
∑L

j=1 Ql.Kj√
D

)

=softmax(Ql.
tK√
D

).V
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Linear attention

We recall that the attention formula (for encoder) is given by :

O =softmax(Q.
tK√
D
).V

Considering Q, K, and V ∈ RL×D. If we consider Ol the output associated to the lth ”token”:

Ol =
[
softmax

(
Ql.tK√
D

)
.V
]
l
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Linear attention

Let consider that attention is no more computed with softmax but only using the formula
(that also provide a distribution):

O =

Q.tK√
D

L∑
j=0

(Q.
tK√
D )j

.V

We can write Ol as it follows :

Ol =
Ql.tK√
D

L∑
j=0

(Ql.
tK√
D )j

.V

=

Ql√
D .

tK√
D .V

L∑
j=0

( Ql√
D .

tK√
D )j

=

Ql√
D .

(
tK√
D .V

)
Ql√
D

L∑
j=0

( K√
D )j

• KV =
tK√
D .V imply L× D× D operations

• Ql√
D .KV imply D× D operations

To compute this attention for all Qi we
repeat L times the operations…
→ We can computes KV once !!!
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Linear attention

Let rewrite with KV and with S =
L∑
j=0

( K√
D )j, S ∈ RD×D:

A
B
=

Q√
D .KV
Q√
D .S

Then the cost is :

• Computation of S imply N× D operations
• Computation of KV imply N× D× D operations
• Computation A imply L× D× D operations (with KV fixed)
• Computation of B imply L× D× D operations (with S fixed)

The overall cost is then O(LD2) (still quadratic but to embedding dimension)
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Linear attention

Linear attention and softmax:

Notice that it can be computed similarly (time/memory) for

φ(Q)ψ(tK)
L∑
j=0

(φ(Q)ψ(tK))j
.V

→ Replace with function close to softmax :

• φ, ψ being 1+ elu(x) [Kat+20]
• Many other kernels...

0[Kat+20] - Angelos Katharopoulos et al. “Transformers are rnns: Fast autoregressive transformers with linear
attention”. In: International conference on machine learning. PMLR. 2020, pp. 5156–5165
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Linear attention: in decoder (autoregressive) models

Linear attention and decoder

In autoregressive models, we can only access previous tokens…

→ For Ol we must compute tK:,0:tV0:t
→ Cannot compute once for all

Can be done using a loop for similar complexity
→ Not parallelizable (not using full capacity of GPUs architecture)...
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Optimisation in transformer architecture: Conclusion

Conclusion

• Fine-tuning time complexity can be alleviate
• Adapter approaches
• Different decoding

• Problem of attention and decoding
• • Storing previous output...

• Grouping operations (Groups Query)
• Sparse attention mechanisms

• Still lot of issues to deal with
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Implementing Adaptation
Approaches



Codes and adaptation

Using low level libraries

• Harder to implement (more verbose)
• Flexible, greater understanding
• Possible to devellop new approaches

→ Pytorch

Using high level libraries

• Easy to implement
• Missing flexibility

→ transformers, PEFT
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Codes and adaptation: HuggingFace Models

Finding pytorch code

Hopfully, most models are implemented in pytorch

• https:
//github.com/huggingface/transformers/tree/
main/src/transformers/models

82/95

https://github.com/huggingface/transformers/tree/main/src/transformers/models
https://github.com/huggingface/transformers/tree/main/src/transformers/models
https://github.com/huggingface/transformers/tree/main/src/transformers/models


Codes and adaptation:

Finding pytorch code

Hopfully, most models are implemented in pytorch

• https:
//github.com/huggingface/transformers/tree/
main/src/transformers/models

83/95

https://github.com/huggingface/transformers/tree/main/src/transformers/models
https://github.com/huggingface/transformers/tree/main/src/transformers/models
https://github.com/huggingface/transformers/tree/main/src/transformers/models


LoRA with pytorch

First step

We will choose the model Bert-base-uncase for sentiment analysis

• import transformers lib
• Load the model and the tokenizer
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LoRA with pytorch

What is the architecture of the model ?

→ We can print the model
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LoRA with pytorch
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LoRA with pytorch

Defining the module

Defining a module that will replace original
linear module
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LoRA with pytorch

A function for replace module

We want to define a function that will
replace the original linear by the LoRALinear
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LoRA with pytorch

→ Where are the modules we want to
replace ?
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LoRA with pytorch

→ Where are the modules we want to
replace ?

88/95



LoRA with pytorch

→ Where are the modules we want to
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LoRA with pytorch

Replacing modules

• Replace the module in the original model (or copy)

89/95



LoRA with pytorch

Set trainable parameters

• Only lora parameters need gradient
• Notice here that we also train the linear classifier
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LoRA with pytorch

What is the architecture of the model ?

→ We can print the model
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LoRA with pytorch: Training

Training the model !!!
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LoRA with pytorch: conlusion

• Easy to implement a LoRA adapter
• Can be improved (see LoRA+)
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LoRA with PEFT

→ HuggingFace face proposes the PEFT library !!!

And train the model !!!
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LoRA with PEFT

→ HuggingFace face proposes the PEFT library !!!

And train the model !!!
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Conlusion

To conclude

• A short example of training with LoRA
• It can be easily adapted for Adapter

Questions ?
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