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Module Overview:

|. Building Large Language Models

Il. Transformers

IIl. Retrieval Augmented Generation
IV. Bevyond LLM, Tools and and (Multi)-Agents
V. Fine tuning and optimization techniques
VI. Generative Al in vision
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Building Large Langquage Models

A. Pretraining a Large Language Model
1.

8.

NouybhwnN

Introduction

Cross entropy loss
Tokenization
Evaluation

Data preprocessing
Scaling laws

Training process
Cost and optimization

B. Fine tuning a Large Lanquage Model

vk~

Supervised Fine Tuning

RLHF

Reward model

PPO & DPO

Evaluation & Challenges

Bauphi

II. Transformers
A. Before Transformers

1. Ngrams

2. Embeddings
3. RNN

4. LSTM

B. Transformers
1. SelF Attention / Cross Attention
2. Multi-Head Attention
3. Residual connection & Layer
normalization
4. Feed Forward layer
5. Softmax Layer
6. Positional Embeddings
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Ill. Retrieval Augmented Generation IV. Beyond LLM, Tools and (Multi)-Agents

A. Basic Architecture A. Beyond LLMs

B. Information retrieval B. Agents & Tools

C. Vectorstore & Search optimization C.  Multi Agents Systems
D. RAG Techniques

E. Evaluation

F. Multimodal RAG

G. SOTA RAG architectures
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|. Building Large Language Models

A. Pretraining a Large Lanquage Model

1. Introduction f \

2. Cross entropy loss _,@_ EneTuning

3. Tokenization

4. Evaluation

5. Data preprocessing ——

5 Scaling lavws [T—JL @J[T.:} ac ;} mﬁ}

7. Training process == =] ==

8. Cost and optimization . . § . o

Pre training phase : Post training phase

B. Fine tuning a Large Lanquage Model \ 7‘5@5‘ —

Different stages of training for an LLM

1. Supervised Fine Tuning

2. RLHF

3. Reward model

4., PPO & DPO

5. Evaluation & Challenges
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A. Pretraining a Large Lanquage Model

LA Pretraining Large Language Model

1.

N, AWNDN

Introduction

Cross entropy loss
Tokenization
Evaluation

Data preprocessing

Scaling laws

Training process
Cost and optimization

-

Fine-Tuning

(SFT or RLHF)

Random Model

Pre-Training Data

re-Trained Model

Bauphi

o

ne | PSL
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o
- E]
Pre training phase ]
«
'
In-Context
Learning
Different stages of training for an LLM
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l.LA.1 Introduction Pauphine | PSL#

Language modelling

Language Models: probability distribution over a sequence of words p(x,, ... X )
P(Transformers, are, encoder, decoder, models) = 0.01
P(Transformers, are, are, encoder, decoder, models) = 0.0001 Syntactic knowledge

P(Transformers, are, decoder, models) = 0.001 Semantic knowledge

Autoregressive language models:

The chain rule of probability: p(x, x,,, ..., X.) = p(X,) P(X,| X,) P(X;| X,,X,) -..

P(Transformers, are, encoder, decoder, models) = P(Transformers)
. P(Transformers are | Transformers)

. P(models | Transformers, are, encoder, decoder) .

© Florian Bastin, 2024. Tous droits réservés.



l.LA.1 Introduction Pauphine | PSL#

Language modelling

The goal is to generate token by token / Decoding \

The steps for generation: T
8832
1. Tokenize decoding  m—56.10%
2. Feed the model with the token T
3. Predict the probability of each possible token
4. Sample from the likelihood Model
5. Detokenize
388 527
\\ ers are /

Polo Club, Transformer Explainer [Blog 8
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https://poloclub.github.io/transformer-explainer/

l.LA.1 Introduction Pauphine | PSL#
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How the model works ?

The general model pipeline is as follows:

e Feed word embedding for previous (context)
words into a network

e Getvector representation of context from V| tokens
the network

e From this vector representation, predict a o sized g P(+|Isawa catona)|
probability distribution for the next token. Transform h linearly {inear|~0 | softmax get probability

from size d to |V| - the Foer ~ distribution for
vocabulary size 9 the next token

0

o

:vector representation of

Neural network context I saw a cat on a

(ccoo0]

process context
(previous history)
Input word embeddings

a

Lena Voita, Language Modeling [Blog]
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https://lena-voita.github.io/nlp_course.html

I.LA.2 Cross Entropy Loss Pauphine | PSL%

CI’OSS entropy lOSS we want the model

to predict this

The general model pipeline is as follows: Training example: I saw a cat
e Feed word embedding for previous (context) words into a . _
Model prediction: p(*|I saw a) Target Loss = -log (p(cat)) = min
network
e Getvector representation of context from the network 0 decrease
e From this vector representation, predict a probability Bl <— cat —> @ = increase
distribution for the next token. 0 g
0 ecrease
0
0

Maximizing the likelihood is equivalent to minimizing the cross
entropy loss:

min £(z;.1,) = min (— Z log p(x; | .zrm_l)) = mapr(.r; | £1:i-1)

Lena Voita, Language Modeling [Blog]
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I.A.3 Tokenization Pauphine | PSL#*

TUNIS

Tokenization

e Howtosplit?
o Word?
o Letter?

e Byte-Pair Encoding (BPE) process:
1. Use a big corpus of text
2. Consider first one token per character
3. Merge commons pairs
4. Re-start until merge is impossible

This GIF is generated from GPT o1 using the Following prompt

From the following sentence: Transformers are encoder decoder models

Apply the following steps:

- Create a manim code to display this sentence where each character has a different color

- lterate through the sentence merging commons pairs as done n the Byte Pair Encoding system
- Change the colors of new pair

- Continue until all commons pair are made

- Update at each step the manim code

- Edit the previous code to not keep one color after merging on the merge pair. The selected color
should be the one with the highest number of letters

- Edit the code at the final stage to change color if two adjacent different pair have same color

11
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I.A.3 Tokenization

Tokenization

- Byte-Pair Encoding (BPE) was introduced in Neural
Machine Translation of Rare Words with Subword

Units (Sennrich et al., 2015). BPE relies on a

pre-tokenizer that splits the training data into words.

- Pretokenization can be as simple as space
tokenization, e.g. GPT-2, ROBERTa. More advanced
pre-tokenization include rule-based tokenization, e.g.
XLM, FlauBERT which uses Moses for most languages,
or GPT which uses spaCy and ftfy, to count the
frequency of each word in the training corpus.

Q. What is the problem with numbers as tokens ?

Pauphine | PSL%

TUNIS

# !pip install tiktoken
import tiktoken

sentence = "Transformers are encoder decoder models"

tokenizer = tiktoken.get_encoding('cl100k_base")
tokens = tokenizer.encode(sentence)

print("Tokens:", tokens)
print("Decoded Tokens:", [tokenizer.decode([token]) for token in tokens])

sentence = "Une phrase en Francais moins optimisée"
tokenizer = tiktoken.get_encoding("c1100k_base")
tokens = tokenizer.encode(sentence)

print("~" % 10)
print("Tokens:", tokens)
print("Decoded Tokens:", [tokenizer.decode([token]) for token in tokens])

sentence = "12433 12 43"
tokenizer = tiktoken.get_encoding('cl100k_base")
tokens = tokenizer.encode(sentence)

print("-" % 10)
print("Tokens:", tokens)
print("Decoded Tokens:", [tokenizer.decode([token]) for token in tokens])

Tokens: [9140, 388, 527, 24592, 25569, 4211]
Decoded Tokens: ['Transform', 'ers', ' are', ' encoder', ' decoder', ' models']

Tokens: [56948, 17571, 665, 31925, 936, 285, 40970, 7706, 285, 8047]

Decoded Tokens: ['Une', ' phrase', ' en', ' Fran', 'ca', 'is', ' moins', ' optim', 'is', 'ée']
Tokens: [8874, 1644, 220, 717, 220, 3391]

Decoded Tokens: ['124', '33', ' ', ‘'12', ' ', '43']

12

© Florian Bastin, 2024. Tous droits réservés.


https://arxiv.org/abs/1508.07909
https://arxiv.org/abs/1508.07909
https://arxiv.org/abs/1508.07909
https://huggingface.co/docs/transformers/en/model_doc/gpt2
https://huggingface.co/docs/transformers/en/model_doc/roberta
https://huggingface.co/docs/transformers/en/model_doc/xlm
https://huggingface.co/docs/transformers/en/model_doc/flaubert
https://huggingface.co/docs/transformers/en/model_doc/openai-gpt

I.A.4 Evaluation

Evaluation

Instead of cross-entropy, it is more common to report its
transformation called perplexity:

A better model has higher log-likelihood and lower
perplexity.

Perplexity = 10 = The model hesitates between 10 tokens

To better understand which values we can expect, let's evaluate
the best and the worst possible perplexities.

e  the best perplexity is 1:
If our model is perfect and assigns probability 1 to
correct tokens (the ones from the text), then the
log-probability is zero, and the perplexity is 1.

e  the worst perplexity is |V/|:
In the worst case, LM knows absolutely nothing
about the data: it thinks that all tokens have the
same probability 1/|V|

Pauphine | PSL%

Perplexity(yi.p) = 9~ L(yrn)

M

M
L) = LYo v Yu) = Z log, p(Vely<t) Loss(y1.m) = _Z logp(Vely<t)
t=1

t=1

Note: cross-entropy (our loss)
is negative log-likelihood

Log-likelihood of the text

Q. Prove that the worst perplexity is [V/|

M=

1
—2r 22 108, P(ye|yre-
w 2 log, (Yelyre-1) _ 2—ﬁ-M-log2|—‘1,‘ — glogs[V| _ V).

Perplezity(yi.y) = 27wk =2 i

Lena Voita, Language Modeling [Blog]
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l.A.4 Evaluation Pauphine | PSL*

TUNIS

Evaluation

Hugging Face LLM Leaderboard

Evaluation Datasets

e Perplexity depends on vocabulary size, ie
tokenization method: not used anymore
e  We now use evaluation Datasets =1 .
o  IFEval »
o  MMLU-Pro o — "
o m SelctColumns to Disploy:
O

e Different fields (medical, math, physics, ...) e e o (o

2 Open LLM Leaderboard

covered in the Dataset to provide diversity
A
T TR
MaziyarPanahi/calme-2.4-1ys-78b ¥ 50.26 80.11 62.16 37.69 20.36 34.57 66.69

Hugging Face, Open LLM Leaderboard
14
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https://paperswithcode.com/dataset/ifeval
https://paperswithcode.com/dataset/bbh
https://huggingface.co/datasets/TIGER-Lab/MMLU-Pro
https://paperswithcode.com/dataset/math
https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard

I.A.4 Evaluation

Reasoning tasks challenges

Arithmetic Reasoning
Geometry Reasoning
Theorem Proving
Scientific Reasoning

B B
AN

Mathematical
Reasoning

Commonsense QA
Physical Commonsense
Spatial Commonsense

Propositional Logic
Predicate Logic

Commonsense Causal
_‘: m r' Reasoning . Reasoning
- Reasoning
Theory of Mind Tasks
Weather Prediction Other Visual
Abstract Reasoning
Defeasible Reasoning et Ressoning

Medical Reasoning
Long-Chain Reasoning
Bioinformatics Reasoning
Audio Reasoning

®
&=

Embodied
Reasoning

Introspective Reasoning

P
Muti-agent Reasoning
For Autonomous Driving

g

Sun & Al, 2023, Reasoning with Language Model Prompting: A Survey

Generation
Multimodal Understanding

LY

Policy Optimization
Decision Making
Explanation

Scientific Discovery
Counterfactual Reasoning

o)
Ll

2D Reasoning
3D Reasoning

a o

Support

L

Pauphine | PSL%
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Reasoning
Techniques

Pre-Training

Fine-tuning

Mixture of Experts (MoE)

Alignment Training

In-Context Learning

Autonomous Agent

¥
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https://arxiv.org/pdf/2212.09597

l.A.4 Evaluation Pauphine | PSL*
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Evaluation - Open-ended to close-ended task

/[ Model Input (“Answer-Only” Prompting) ]-\

The roses in the vase by the door _? ~ Competinganswers:  is, are s Task description: Answer questions about which times certain events
Task Description =—T" .. \d have occurred

f Q: Today, Tiffany went to the beach. Between what times could they
P(The roses in the vase by the door are) ™~ Isthe corre;t ans;/ver Question =" have gone? We know that
. _ / ranked higher? Tiffany woke up at 5am. [...] The beach was closed after 4pm. [...]
P(The roses in the vase by the door is) P( )> P(.is)? . Options: (A) 9am to 12pm (B) 12pm to 2pm
..are ...1S)s Options =t
(C) 5am to 6am (D) 3pm to 4pm

Answer == A: (D)

Q: Today, Hannah went to the soccer field. Between what times could

Test-Time
=T they have gone? We know that:

Fhinstion Hannah woke up at 5am. [...] The soccer field was closed after 6pm. [...]
[ Evaluation process: Options: (A) 3pm to 5pm (B) 11am to 1pm
. . (C) 5pm to 6pm (D) 1pm to 3pm
o  Getthe likelihood of each answer Pe
o  Ask the model to answer A) B) C) D) \_ .
Model Output
Generated
Answer ® x
Q. If the model s trained of the whole internet, how could it be
contaminated?
Lena Voita, Language Modeling [Blo BIG-Bench Hard [Github]

16
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https://github.com/suzgunmirac/big-bench-hard
https://lena-voita.github.io/nlp_course.html

l.A.4 Evaluation Pauphine | PSL*

Evaluation - Other approachs

e Ask Human to provide preferences

o Human do not agree to themselfs

o  Costly
e Use Reference Based Heuristic (BLEU and ROUGE)

o Based on N-Grams and do not capture the meaning of the answer
e Use LLMs to evaluate other LLMs

o Canwetrustand LLM?

o LLMs prefer long sequence answer

17
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I.LA.6 Scaling Laws

Scaling laws

More ressources, more data and bigger models -> better models

7 4.2
6 —— L=(D/5.4-1013)70.095 | 5.6 —— L=(N/8.8-1013)-0.076
3.9
4.8
@ . 3.6
. 4.0
S
? =D 3.2
F 3
3.0
2.4
L = (Cpninf2.3 - 108)~0.050
2 : : : : 2.7 . : - v .
io-®* 107 105 103 10! 10! 108 10° 10° 107 10°
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

Jared Kaplan & Al, 2020, Scaling Laws for Neural Language Models

© Florian Bastin, 2024. Tous droits réservés.
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https://arxiv.org/abs/2001.08361

I.LA.5 Data Preprocessing Bauphine | PSL¥

Preprocessing the Data

* Idea: use all of the clean internet
* Note: internet is dirty & not representative of what we want.

Practice:

1. Download all of internet. Common crawl: 250 billion pages, > 1PB (>1e6 GB)
2. Text extraction from HTML (challenges: math, boilerplate)

3. Filter undesirable content (e.g. NSFW, harmful content, PII) ‘
4. Deduplicates (url/document/line). E.g. all the headers/footers/menu in forums are always same
5. Heuristic filtering. Remove low quality documents (e.g. # words, word length, outlier tokens,
dirty tokens)

6. Model based filtering. Predict if page could be references by Wikipedia.

7. Data mix. Classify data categories (code/books/entertainment). Reweight domains using
scaling laws to get high downstream performance.

HTML page example

At the end of training, overfit the model on very quality data

Hugging Face, LLM Training Dataset

19
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https://huggingface.co/collections/sugatoray/llm-training-datasets-65dbe4ab2b0037ec198b09ab

I.LA.7 Training Process Pauphine | PSL*

Training process

Steps
1.  Find scaling recipes (example: learning rate decrease if the size of the model increase)
2. Tune hyper parameters on small models of differents size
3. Choose the best models among the smallest ones
4. Train the biggest model with the Test Loss 5.4
4.8

4.2

3.6
1 Layer
2 Layers

Q. Should | use Transformers or LSTM ?

3.0 Transformers

2.4

105 106 107 108 109
Parameters (non-embedding)

Stanford CS229 | Machine Learning | Building Large Language Models (LLMs) [Youtube 20
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https://www.youtube.com/watch?v=9vM4p9NN0Ts

I.LA.8 Cost & Optimizations Pauphine | PSL#*

Optimal model and data size

1. Display all the models with same amount of compute (left figure)
2. Select the best model for each compute in terms of training loss (middle & right fFigure)
3. Extrapolate to get the best model & data size for your compute (1.4T tokens and 63B param)

10T
3.2 T
1.4T
3.0 1T
100B ¢35
"
n 2.8 6el8 p (4 *
= 1lel19 ;l""o" g o 1008 .,,0
o)) o 10B o
= e 6el9 w e % F 108 o
C —o— 1le20 o 1B @ o®
2.4 () .
—o— 3e20 @ ¥
—e— 6e20 J ’ P 1B '
22 _¢ 1e21 100M ,
—o— 3e2l Z
2.0 100M
100M 300M 107 1010 102! 1023 1025 10Y7 10%° 102* 1023 1025
Parameters FLOPs FLOPs

21
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https://arxiv.org/pdf/2203.15556

I.LA.8 Cost & Optimizations Pauphine | PSL#*

How much it costs ?

e LLAMA 3 400B cost approx. $80m

e Carbon emitted approx. 2K tickets Paris - New York

22

© Florian Bastin, 2024. Tous droits réservés.



|.B Fine tuning Large Language Model

Fine-Tuning

—’@

B. Fine tuning a Large Language Model

(SFT or RLHF)

Pauphi

TUNIS

1. Supervised Fine Tuning
2. RLHF A 3
3. Reward model e | B il || R
4. PPO &DPO [ m— J {g‘; @} [ = } [&O%J ( __f_:._}
5. Evaluation & Challenges ST b TR
% Post training phase

In-Context
Learning

stages of training for an LLM

ne | PSL
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I.B.1. Supervised Fine Tuning Bauphine | PSL%

TUNIS

How to get a user assistant ?

“GPT-3 models aren’t trained to follow user instructions.
Open Al Instruct GPT models (highlighted) generate much more helpful outputs in response to user instructions.”

prompt ~ Why aren't birds real?

Completion  GPT-3

Well, for one thing, The Rapture is not a very realistic event. There is no evidence that it is going to happen. I could say more, but you don’t really
need to know more.

Let’s say I was a bird.

I’ve been a bird for a while now. I have never flown or seen another bird or any evidence of god. The rapture has never happened. I am a bird in a
cage. I have never been a bird, but I am a bird.

InstructGPT

Birds are not real because they are not made of flesh and blood. They are made of feathers, bones, and organs.

Open Al, 2022, Aligning language models to follow instructions [Blog] 24
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https://openai.com/index/instruction-following/

How to get a User Assistant from a Language Model ?

-

Pretrained Large
Language
Model &

\

GPT-3

Post training:
Alignement

ChatGPT

Conversational Agent

25

© Florian Bastin, 2024. Tous droits réservés.



I.B.1. Supervised Fine Tuning Bauphine | PSL%
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How to get a User Assistant from a Language Model ?

Alignment
A

-~
\ SFT A / RLHF \

-

Pre-Training

] Aprompt and © Anew prompt »
2 z sampled from our SUrie il cioal Eaptorn the moon. fssampledfrom ooy
7 - \ A . P Expiain the moon outputs are arcisga ¢ pou cd the dataset e
{ Decoder-Only Language Model f Language Model Pro-Training prompt dataset Tancing 106 yoar o4 sampled.
RS o o \
== == } —— The poli
‘ b ) e —— i —————| > Alabeler o o generates L5
¥ i o S
S T [ —— ol an output S
‘ ™ o e CETE=Te=Te demonstrates the @ —_— it
= T desired output ~ 1
= = Ctcanis . Alabeler ranks
- Sore pece want the outputs fram G
.\ o ba bost 1o worst
~ ©-0:0-0

This data is used

to fine-tune GPT-3 2ot This data is used e
with supervised '@{? 0. %
reward mode

learning.

\ San j \ 0000

/ £
Uniabeled Textual Corpus
> e
&y Crawd
== i A e

C. Wolfe, 2023, Understanding and Using Supervised Fine-Tuning (SFT) for Language Models [Blog] 26
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https://cameronrwolfe.substack.com/p/understanding-and-using-supervised

I.B.1. Supervised Fine Tuning Bauphine | PSL%
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Famous LLM follow user instructions with moderation

Idea: take a pre-trained LLM and fine tune to respect human preferences with moderation

ChatGPT 4o 2 Share 7:

How transformers work ?

©  Transformers are neural network architectures that have become the backbone ° F 0
{s) LJ

of modern natural language processing (NLP) tasks and are used in many areas
of Al today. Introduced in the paper Attention is All You Need by Vaswani et al. in
2017, transformers differ from older models like RNNs (Recurrent Neural
Networks) and CNNs (Convolutional Neural Networks) by using self-attention
mechanisms instead of relying on recurrence or convolutions. This makes them

highly efficient and capable of handling large input sequences in parallel, Can you dO a raCiSt jOke please ?

resulting in faster training and better scalability.

Key Concepts in Transformers

1. Self-Attention i Self-attention (or scaled dot-product attention)
is the core of how transformers work. In a sequence (like a sentence), each @ Réflex'on duran( quelques Second es L
word interacts with every other word to capture dependencies, regardless
of distance. This is particularly useful for capturing long-range relationships

between words.

I'm sorry, but | can't assist with that request.
The self-attention mechanism computes a weighted sum of input vectors

where the weights are determined by the similarity (or attention score)

between elements of the sequence. The process relies on three matrices:

* Query (Q): Represents tha‘lﬁrrent element (word) seeking information.

O Message ChatGPT o

ChatGPT can make mistakes. Check important info.

27
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I.B.1. Supervised Fine Tuning Pauphine | PSL%
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Supervised Fine Tuning

How can we get the post training data ?
Problem 1: Human Alignment - how to know the favorite answer for a human ? Costly to ask a human

Solution: Use LLM to scale Data Collection at low cost

@ Meta
LLaMA 7B

Text-davinci-003

Supervised
Finetuning Alpaca 7B

52K
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks
Example seed task Example Generated task
Instruction: Brainstorm a list of Instruction: Brainstorm creative
possible New Year's resolutions. ideas for designing a conference
Output: room.
- Lose weight Output:
- Exercise more ... incorporating flexible
- Eat healthier components, such as moveable
walls and furniture ...
Alpaca: A Strong. Replicable Instruction-Following Model [Blo 28
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https://crfm.stanford.edu/2023/03/13/alpaca.html

I.B.1. Supervised Fine Tuning Pauphine | PSL%

Supervised Fine Tuning

How much data do we need ?
Problem 2: 52K instruction is nothing compared to the amount of data needed to train a LM

Solution: A few data is required for SFT

4.0

e

Generation Quality
(@) o0

ek
'S
1

32 T T T T T
2K 4K 8K 16K 32K
#Training Examples
Zhou & Al 2023, LIMA: Less Is More for Alignment 29
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https://arxiv.org/pdf/2305.11206

I.B.1. Supervised Fine Tuning Bauphine | PSL%

. . . Loss
How Supervised Fine Tuning Works ? —

Child * Some 9

Same process than the language model training T

3892

Step1
Collect demonstration data, child =—— 12.57%

and train a supervised policy.

Model
A prompt is sample from

our prompt dataset. Explain the moon
landing to a 6 year old

v I
A labeler demonstrates @

the desired output 820 19 354 3672 34

pap

A
'

behavior. 4
Some people went I
to the moon.
\J
SFT . .
SA ain the moon lan ding
This data i: ed t
!ines-tuan: GSI:':EI w;h W
supervised learning. Zz
BEEE
Open Al, 2022, Aligning language models to follow instructions [Blog 30
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https://openai.com/index/instruction-following/

Reinforcement Learning from Human Feedback - RLHF

SFT Limitations:

e Behavior cloning

e Human abilities to answer perfectly to a given
question

e Hallucination if answer from human not in training
data

e Data collection cost

31
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I.B.2 RLHF

Reinforcement Learning from Human Feedback - RLHF

Idea:
1. From a question, generate multiples answers
2. Askahuman to classify answers
3. Train areward model to learn these preferences

Reward model: classifier that is trained to classify
preferences from possibles answers

o o

Explain gravity. Explain war, C[assiﬁer
0-0-0-0
(c) (D) Model
Moon is natural People went to
satellite of the moon

Open Al, 2022, Aligning language models to follow instructions [Blo

Pauphine | PSL%

Step 2

Collect comparison data, and
train a reward model.

A prompt and several

model outputs are Explain the moon

sampled. landing to a 6 year old
Explain grawity Exph

A labeler ranks the
outputs from best

to worst.

RM

This data is used to LRI,

/
A D@
train our reward model.
g

0-0-0-0
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I.B.3 Reward Model

Reward model

p exp(R(z, 1))

r(e > ) pit+p;  exp(R(x,9;)) + exp(R(x,7;))

o o

Explain gravity. Explain war, oo
Classifier
© ©0 Model
Moon is natural People went to
satellite of the moon

Open Al, 2022, Aligning language models to follow instructions [Blo

0-0-0-0

Pauphine | PSL%

TUNIS

Step 2

Collect comparison data, and
train a reward model.

A prompt and several

model outputs are Explain the moon

sampled. landing to a 6 year old
Explain grawity Explain wor
Moon is natural Pecple went to

satellite of the moon

A labeler ranks the
outputs from best

to worst.

This data is used to LR,

train our reward model.
N

0-0-0-0
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|.B.3 Reward Model Pauphine | PSL#

Reward model

o
o5
o

o
\‘
o

o
\‘
o

Validation accuracy

108 109 7010
Model size

Stiennon et Al, 2020, Learning to summarize from human feedback 34
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|.B.4 PPO & DPO

Pauphine | PSL%

TUNIS

Training RL model

Prompts Dataset

e Also transformer based LM
e Variation in sizes used (relative to policy)

. : A dog is...
e Outputs scalar from input text e
/" Tuned Language A
Initial Language Model Model (RL Policy)
@ ,‘"".4 D o 4 ‘
g:;_ Sdd 4 { 8
LS4/ &
Prevent over optimization ¢
Base Text m@r:;b ®(_@® ?t::d Tex{o ::gO
y: a furry mammal y: man's best friend j—
. == = 7t v,

prcf( l) I 41‘)

o ) poly|x)
Egjmpoil) |R(2,9) — Blog ———

|

—

—AKLDkL (7ppo (YlZ) || Thase(¥]Z))
KL prediction shift penalty

:

Lambert, 2022, Illustrating Reinforcement Learning from Human Feedback (RLHF) [Blo
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DPO

e PPO is much more complex (clipping, rollouts, outer loops) than in

theory
e Maximize the|desiredjoutput, minimize the|other
mo(ye | 2)
Lopo(70; Tref) = —E(z. 4y 1) ~D [loga (ﬂlog - — Blog'=——F==t
e \Gellusl) Tref (Yo | :v) Tref (Y1 | -T)
Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
x: "“write me a poem about x: "write me a poem about
the hustorypol‘ jazz" label l'ewal'dS ‘ the hWtD'YpD’)a”"
/—\ :
: — | x| =, » reward model LM policy e = > final LM
preference data maximum sample completions preferencedata .. .
Likelihood reinforcement learning likelihood
Rafael Rafailov, 2024, Direct Preference Optimization:. Your Language Model is Secretly a Reward Model Paper 36
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I.B.5 Evaluation & Challenges Pauphine | PSL#

RLHF gains
s 0.7} Method Simulated Win-rate (%) Human Win-rate (%)
e GPT-4*" 79.0+ 1.4 69.8 + 1.6
+ 0.6f \ ChatGPT*' 614417 52.9 + 1.7
>, \ PPO 46.8+1.8 55.1+ 1.7
% BB s ssscres snsmmermrr s e s oo e DPO 46.8 = 1.7 -
i | Reference summaries Best-of-1024 45.0+ 1.7 50.7 4+ 1.8
ol Expert Iteration 419+ 1.7 45.7+£1.7
- 0.41 SFT 52k 39.2+1.7 40.7+ 1.7
o SFT 10k 36.7+ 1.7 443+ 1.7
'-8 0.4l Binary FeedME 36.6 £ 1.7 37.9+1.7
© ’ Quark 35.6 1.7 -
L Binary Reward Conditioning 324+1.6 -
0.2} | ) . ) Davinci001* 24.4+4+1.5 325+ 1.6
1.3B 2.7B 6.7B 12.9B LLaMA 7B* 11.3+1.1 6.5 +0.9
Model size
Nisan Stiennon & Al, 2020, Learning to summarize from human feedback Dubois* & Al, 2024, Alpaca Farm: A Simulation Framework for Methods that Learn from Human Feedback
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I.B.3 Reward Model

Chat GPT

Step1

Collect demonstration data,
and train a supervised policy.

A prompt is
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Open Al, Aligning human preferences

Explain the moon
landing to a 6 year old

Y

®

2

Some people went
to the moon..

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

Explain graity. Explsin war

Step 3

Pauphine | PSL%

TUNIS

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

>

Write a story
about frogs

Y
PPO
)

LN

7

Y

Once upon a time...

38
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|.B.5 Evaluation & Challenges

Pauphine | PSL%

TUNIS

RLHF challenges

» Annotation Guidelines

e Answer preference is not trivial Instruction
. . Tell me about selt driving cars . .
e RLHF increases answer size - example
npu
. o .
e Humans do not agree (agree with themselves only 66% of the time)
. . Al Response 1
e Human have lot of variance, model have no variance d
Self driving cars are vehicles that are capable of detecting their surroundings
M and navigating without any input from a human driver. They use a variety of
o  Ask LLM preferences instead of human preferences oo, oue e cumas cuda and Les o et ovects lhels
Srousd them. Belf driviag cars are becoming increasingly popular and are being
used in a variety of applications, such as ride-hailing services and autonomous
o] delivery services.
’ Question: Why don t adults roll off the bed? Al Response 2
os ) X SFT (Before); 59 tokens P ——
& software, which allows them to navigate without the need for a driver. Self
driving cars are able to monitor their environment and navigate without the
Adults typically do not roll off of the bed because they have developed the muscle memory to ZZZQ'LZ,"ZES"',Zﬁi”'{‘,[,,,f“:pj’ éf;;l’if';:?;ﬂi“ﬁﬁiﬁi:’T::T: technologles
0.0 keep their bodies from involuntarily moving during sleep and maintaining proper posture. Aveid shatacios: Shey)andia1ee shis to npdeke thels mape st adtjeet: thisls
B RLHF (After); 243 tokens: Similar output, but much longer / more details Geve lives, Astoocaoue vehisies have the poteatial to save up to 30,000 Lives
annuslly. They are also more energy efficient than traditionsl venicles, as
2 051 Shey do’fot cequire 8 driver Who has to maintain o minimum speed. Autonoeous
vehicles also creste new opportunities for incressed mobility, allowing those
= Adults generally do not roll off of the bed because they have developed muscle control who are unable to drive to get around.
~1.01 and awareness which helps them to remain upright while sleeping. Additionally, most
adults find it uncomfortable or even painful to move around in their sleep, so rolling off Rating
the bed would be difficult without waking up first. There may also be safety concerns IRéspanss 138 batec
—131 such as falling out of bed and potentially hurting oneself if one were to lose balance or Response 1 s only siightly better. (only pick this if s truly close)
fa”ﬂom the ... Response 2 is only slightly better. (only pick this if it's truly close)
—2.01 Response 2 is better.
50 100 150 200 250
Output Length
Singhal & Al. 2024. A Long Way to Go: Investigating Length Correlations in RLHF Stanford CS229 | Machine Learning | Building Large Language Models (LLMs) [Youtube]
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I.B.5 Evaluation & Challenges Pauphine | PSL#

TUNIS

Evaluation

How to evaluate a model like Chat GPT?
e Different methods (DPO, PPO, SFT) can’t be compared
e Models are not calibrated
e Alarge diversity of evaluation to cover

Model ¢ ESizet ArenaElot MMLUs Context Window s License ¢
® ol-preview 72B + 1355 92.3 128K Proprietary
© ChatGPT-40-latest 128+ 1335 88.7 128K Proprietary
& Llama-3.1-405b-Instruct =~ 72B + 1266 88.6 128K Llama 3.1 Community
& Llama-3.1-70b-Instruct 40B-72B 1248 86 128K Llama 3.1 Community
G Gemma-2-27b-it 24B-40B 1217 75.2 8K Gemma license
o Llama-3.1-8b-Instruct 4B-24B 1171 73 128K Llama 3.1 Community
B2 Phi-3-Mini-4k-Instruct 1B-4B 1071 70.9 4K MIT
Chatbot Arena. Open LM 40
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|.B.5 Evaluation & Challenges

OpenAl o1: “Streaming is dead, long live Chain of Thought”

e Chain of thought (COT)
e Increase test time compute

“Our large-scale reinforcement learning algorithm teaches the model how to
think productively using its chain of thought in a highly data-efficient training
process. We have found that the performance of o1 consistently improves with
more reinforcement learning (train-time compute) and with more time spent
thinking (test-time compute). The constraints on scaling this approach differ

Substantially from those of LLM pretraining, and we are continuing to investigate

them.”

Open Al, 2024, Learning to Reason with LLMs [Blog

100 4

pass@1 accuracy
©
S
!

N
o
L

[+
o
1

5

o1 AIME accuracy
during training

pass@1 accuracy

-
(=]
o

fos]
o
s

(2]
o
L

»
o
!

N
o
L

Pauphine | PSL%

o1 AIME accuracy
at test time

train-time compute (log scale)

test-time compute (log scale)

o1 performance smoothly improves with both train-time and test-time compute
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I.B.5 Evaluation & Challenges Pauphine | PSL#

TUNIS

Prompt:
O pe nAI O 1 VS G PT 40 From the following sentence: Transformers are encoder decoder models

Apply the following steps:

- Create a manim code to display this sentence where each character has a different color

- Iterate through the sentence merging commons pairs as done n the Byte Pair Encoding system

- Change the colors of new pair

- Continue until all commons pair are made

- Update at each step the manim code

- Edit the previous code to not keep one color after merging on the merge pair. The selected color should
be the one with the highest number of letters

- Edit the code at the final stage to change color if two adjacent different pair have same color

Open Al o1 GPT 40
42
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Conclusion

Conclusion

Building GPT 3

e Data preprocessing is a very important step to get
quality data

e  GPT 3 training consists of two phases (pre and post
training)

e Supervised Fine Tuning is the First step of post
training phase (ask a human to write the answer)

e  RLHF helps the model to align with human
preferences

e DPOisthe new methods for Alignment, replacing
RLHF

General knowledges

Data size and model size depends on compute resources
(Scaling Laws, Chinchilla).

OpenAl o1 improves efficiency with longer RLHF training
and answer inference time (COT)

Pauphine | PSL%

“SFT+DPO approach seems to be the most popular
preference tuning strategy at the moment due to
the ease of use compared to other methods, such
as RLHF with PPO."”

Q&A format
Long-context stage

* Supervised finetuning (SFT)
* Reinforcement learning with human

+ Flitering * Continued pre-training | feedback (RLHF)
* Syntheticdata | . pigh-quality stage » Direct preference optimization (DPO)
* Mixing + Knowledge distillation | * Online/offline

* Knowledge distillation

0-»,—»7&

Pre-training Post-training Optimization

%—»»»

Dataset Preprocessing

An overview of the LLM ¢
pre-training and post-train

elopment and training pipeline, with a focus on new

y methodologies discussed in this article

Sebastian Raschka. 2024, New LLM Pre-training and Post-training Paradigms [Blo
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Conclusion

( Oulput \

Probabilities

K_H ([Add & Norm ==~

i o Mult-Head
Feed Attention
Forward Nx
N Add & Norm
[ Add & Norm |
Add & Norm Maskad
Multi-Head Multi-Head
Attention Attention
A i) At
\ A —)
Positional ) Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

Pauphine | PSL%

TUNIS

Child % Some &
!
3892

T Child =—— 12.57%

\ {shifted right) /

Figure 1: The Transformer - model architecture.

Y

L Model

|

820 19 354 3672 34

I

ain the moon lan ding
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Go to : https://kahoot.com/

Click Play
Enter code: XXX XXX
Enter your name
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II. Transformers

QOulput
Probabilities

Pre-Training

Fine-Tuning

(SFT or RLHF)

;1
\\
'\

Fine-Tuned Model

((Add & Norm }

Multi-Head

In-Domain Data

Pre-Training Data Pre-Trained Model

Random Model

Attention
Nx p——
3 ) Crawl &
((Add & Norm ] Masked e
Mult-Head Multi-Head e
Attention Attention
. SO T ANt ke
(. / =]
— 3
Positional A A Positional %
Encoding Encoding b
Output A
In-Context

Input
Embedding Embedding

Learning

Inputs Qulputs

(shifted right)
Figure 1: The Transformer - model architecture.
° -
Dauphlne | PSLe

TUNIS
46
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Different stages of training for an LLM




II. Transformers

A. Before Transformers

Eall o

N grams

Embeddings
RNN

LSTM

B. Transformers

ounhkwbhe=

Self Attention / Cross Attention
Multi-Head Attention

Residual connection & Layer normalization
Feed forward layer

Softmax Layer

Positional Embeddings

Pauphine | PSL*

TUNIS
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II.A. Before Transformers

Transformer History

A. Before Transformers

Large pre-trained

1. N grams RNN/LSTM language models 5 PaLM
0 1 1
. ! 1 1
2. Em bEddlngs Natural Language Word2vec and E | |
Models N-grams mechanism BERT | GPT-3 :
3. RNN . .
1 a 1 1
. : 1 1 ! 1 '
4. LSTM Before ML era Multi-task learning ! Transformers ! H . ;
i i b i
i 1 | | ' i
1 ! 1 I 1 1
: R |
° ® ° ® ° 0 ¢ o ¢ ® ¢
1949-2001 2001 2008 2013 2014 2015 2017 2018 2019 2020 2022

Pauphine | PSL*

TUNIS
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The Story of Al Evolution: Before ML Era to Transformers, GPT-3 and Beyond [LinkedIn]
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Our goal today

Predict the word “models” from the input sentence

Requirements:

Find a way to transform word into numerical values

Provide semantic relationship between the encoding words
Provide context to our model to understand the sentence
Provide long context to our model to understand the sentence
Create a fast trainable model

Input: “Transformers
are encoder decoder”

s |

Predict: “models”

49
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IILA.1 N Grams

Pauphine | PSL%

TUNIS

N Grams The chain rule of probability: p(x,, x,,, ..., X ) = p(x,) p(x,| x,) p(x;| X,,x,) ...
No. N-gram Frequency Probability
1 of the 58 0.25
Input text: 2 in the 37 0.24
3 it was 27 0.17
To Sherlock Holmes she is always the woman. | have seldom heard him mention her 4 itis 27 0.17
under any other name. In his eyes she eclipses and predominates the whole of her sex. 5 > fhe 25 o1
It was not that he felt any emotion akin to love for Irene Adler. All emotions, and that - :
one particularly, were abhorrent to his cold, precise but admirably balanced mind. He 6 1was 24 0.09
was, | take it ... 7 at the 23 037
8 i have 23 0.09
9 iam 22 0.08
I 10 with a 21 0.31
——, 11 of his 18 0.08
P(|TI jet probability /
listributior Before After (3-gram)
am 0.20 P(T saw a cat on a mat) = P(I saw a cat on a mat) = E
was 0.18 P(T) P(I) P(T)
want 0.10 . EEST’;'D ) * P(saw | I) ) - P(saw | I)
. - P(a| I saw - PlalI saw, - P(a] I saw)
Thmk 0.08 - P(cat | I saw a) - P(cat | Esaw a) - P(cat | saw a)
do 0.06 -P(on| I saw a cat) - Plon}I-saw-a cat) -Plon|a cat)
______ P(alI saw a cat on) - P(a | T-saw-a-cat on) - P(a| cat on)
saw 0.02 *P(mat | I saw a cat on a) * P(mat 'Wﬂ) * P(mat | on a)

Lena Voita, Language Modeling [Blog]

N-gram generator
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Our goal today

Predict the word “models” from the input sentence

Requirements:

Find a way to transform word into numerical values

Provide semantic relationship between the encoding words
Provide context to our model to understand the sentence
Provide long context to our model to understand the sentence
Create a Fast trainable model

Input: “Transformers
are encoder decoder”

s |

Predict: “models”
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From One-hot encoding to Word Embedding

-

1 | the
2 | he
1280 | transformers
1281 | embedding
1282 | partial
34567 | tunis
K 34568 | dolphin

One-hot encodlm

One-hot encoding
Dim = |Vocab Size|

Index: 1280/

Dim =

Word Embedding \

Semantic representation
|Chosen embedding size|

Embedding
model

“transformers” ]

/52
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II.LA.2 Embeddings

Pauphine | PSL%

Word Embedding (Word2Vec, GloVe, BERT, ELMo)

Represent each word as a vector of numbers

Convert a discrete representation to continuous, allowing:
- More ‘fine-grained’ representations of words
- Useful computations such as cosine / euclidean distances
- Visualization and mapping of words

INPUT PROJECTION OuUTPUT INPUT PROJECTION OUTPUT

—
wit-2) Iwit-2)

1
[ wie-1y
|

L SuM L |
| S wit) Wlt)’ —.i;
L] L] \
i
|

{wit+1)

L -
—

!me)

cBOW Skip-gram
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Our goal today

Predict the word “models” from the input sentence

Requirements:

Find a way to transform word into numerical values

Provide semantic relationship between the encoding words
Provide context to our model to understand the sentence
Provide long context to our model to understand the sentence
Create a Fast trainable model

Input: “Transformers
are encoder decoder”

s |

Predict: “models”
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Il.A.3 RNN Pauphine | PSL*

How to give a sentence to a model ?

Semantic representation
Dim = |Chosen embedding size| = 100

Embedding

“transformers”
model

Embedding
model
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II.LA.3 RNN Pauphine | PSL*
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Seq2seq model

RNN LSTM GRU Transformers

Qutput
- Probabilities
he | Forget gate
& |
J\ L & X () { [__Linear ]}
| l of L
I ' ! [(Add & Norm ]
] | ! Feed
U - ] Forward
I || ] | I =
I J 1 (750 E Nor)
o |'l o || tanh h il Mult-Head
1 | Feed Attention
| ' \ Forward Nx
AL
\, Add & Norm
\ @ Masked
p P Reset gate Update gate Multi-Head Multi-Head
( {K) \5') Input gate Output gate 5!) Attention Attention
N LY ) AL )
- )
Positional ® A Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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Recurrent Neural Networks (Sequential Model)

Advantages:

Can learn from context of
previous word

Self supervised learning model

Problems:
Sequential model
Very short term memory

h
[ o |
Lo T
N| | — i h
0.2 LE 1\
m h
— L’J — 2\)
-
encoder H 14.; —> E hs
- o | \
—
decoder 2° JENEEN 1_@ SN ha
[ 03 |

57

© Florian Bastin, 2024. Tous droits réservés.



Il.A.3 RNN Pauphine | PSL%

Recurrent Neural Networks (Seg2seq model)

| o4 |

il
0.2 hO

l

l.

_— |
ransformers ) > L= e g h, \
\2
i
B RN
=
encoder N o4 | S }
(- i LA
p B hs
S
|
sl B —mah h
= o g -

Decoder or generator
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Il.A.3 RNN Pauphine | PSL*

Recurrent Neural Networks (Seg2seq model)

. Each word is given sequentially (x,)

. Anintern memory is updated after
each word (h)

. A context is provided with this
memory

g = P(x®|the students opened their)

A Simple RNN Language Model gk

laptops
—

output distribution

9® = softmax (Uh(") + bz) eRVI Core idea: Apply the same

weights W repeatedly a 200
U
h(©) R h2) h®) h®

hidden states ® e ("] [ J (]
() _ (t-1) ® oW, 0| W, |@| W, |@| W, |@
R 717(W,,h +Wee +b,) ® ® ° * .
h(9) is the initial hidden state [ ] ([ J (] @® ]
i o o 5)
word embeddings e 8 @O B3O @O
e® — Bg® o o o
o o (@) (]

T T& fz To

words / one-hot vectors the  students opened  their

z® ¢ RIVI ) =2 z®) @

Note: this input sequence could be much
longer now!

Briefly describe the architecture of a RNN [Blog]
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RNN limitations: Exploding / Vanishing gradient problem

“The” /
Optimizing the loss w.r.t weights: x 2|wa
“transformers” /
oL 8£ 2 l—[ Oh, | Oh, % 2wz
aW i=0 aW i=0 \ i=k+1 ahj-] aW «are” /
9L $of 772k | 2% e s
ow S\ Znoh, Jow 7
“encoder”
1. Vanishing gradient H < 1 @wz
6hz 1 Q
“decoder” —) / —ﬂ “Models” ?
2. Exploding gradient H Oh; 1 > 1
D. Barack Ore, 2020, The Exploding and Vanishing Gradients Problem in Time Series StatQuest with Josh Starmer [Youtube 60
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RNN limitations: Exploding / Vanishing gradient problem

/ Feed forward +

Softmax model

~

“The”

“transformers”

“are”

~
~
~
~
~
~
~
~
~
encoder ~
—
—~—
— [ - ;/
~ o i
U=
“decoder” >

x 2 w2

x 2|wa

x 2 w2

T

STENTAINTNIES

_..[

? }_' “decoder”
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Loss Function

-

Parameter Values

StatQuest with Josh Starmer Youtube

“The”

“transformers”

“are”

“encoder”

“decoder”

= 2w

2w

“Models” ?

=p <N
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https://www.youtube.com/watch?v=AsNTP8Kwu80

Il.A.3 RNN Pauphine | PSL*

RNN limitations: Exploding / Vanishing gradient problem

Tanh and its gradient

100 1 — tanh saturated

075 1 gradient of tanh J

0.50 1 ]

0.25 1 '
closeto 0

0.00 1 close to 0

output

good frange
-0.25 1

-0.50 1

-0.75 1
saturated

-1.00 1

-100 -75 -50 -25 00 25 50 15 100
Input MLDOODLES.COM
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RNN Types of architectures

welio  omb&y e p——
by o Bt
) Wl B Gt
1 0 Jof OO0

Classifoaton  Image S R

Q. Which one fit our use case ?

Praveen Raj, 2023, Understanding Recurrent Neural Networks (RNN) — NLP

many to many

“The”

“transformers”

“are”

“encoder”

“decoder”

“Models” ?

StatQuest with Josh Starmer Youtube
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https://www.youtube.com/watch?v=AsNTP8Kwu80
https://medium.com/@praveenraj.gowd/understanding-recurrent-neural-networks-rnn-nlp-e2f4cae03a4f

Our goal today

Predict the word “models” from the input sentence

Requirements:

Find a way to transform word into numerical values

Provide semantic relationship between the encoding words
Provide context to our model to understand the sentence
Provide long context to our model to understand the sentence
Create a Fast trainable model

Input: “Transformers
are encoder decoder”

s |

Predict: “models”
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Long Short Term Memory (LSTM)

1 O — > I
Both long and short term memory are provided Neural Network  Pointwise Vector

Layer Operation Transfer Concatenate Capy

t ® ® ©

®
w f o
N .
®

v

v

| |
O © © ® ©

“transformers” “are” “encoder” “transformers” “are” “encoder”

RNN architecture LSTM architecture

Colah, Understanding LSTM Networks [Blog]
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long Short Term Memory (LSTM)

® ®

- N
Cip——0 —
@D
G|
ht'1 _> CI’ ? ta;h j, >

) &)

Colah, Understanding LSTM Networks [Blog]

“The”

“transformers”

“are”

“encoder”

“decoder”

S A (A (I (I

ﬁ “models”
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long Short Term Memory (LSTM)

Sigmoid Function

1.0 A
Cell state to propagate long memory -y
Gate defined by the sigmoid function
- 0=don’t passinformation
- 1=let everything pass through L
0.4
C 0.2
L >
0.0
8 6 -4 -2 0 2 4 6 8
X
1

f(ic):m

Colah, Understanding LSTM Networks [Blog]
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Long Short Term Memory (LSTM)

ft =0 (Wg-lhi—1,2¢] + by)

“decoder”

Colah, Understanding LSTM Networks [Blog]
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Long Short Term Memory (LSTM)

) it =0 (Wi-[hi—1, 2] + by)
; Ci = tanh(We[h—1,2¢] + be)

Tt

“decoder”

Colah, Understanding LSTM Networks [Blog]
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Long Short Term Memory (LSTM)

ftT (G Cy = fi* Coo1 + iy % Cy

“decoder”

Colah, Understanding LSTM Networks [Blog]
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Long Short Term Memory (LSTM)

he A\
(H;D or =0 (Wy [hi—1,2¢] + bo)
ht—1 m T ht — k% tanh (Ct)

Tt

“decoder”

Colah, Understanding LSTM Networks [Blog]
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Long Short Term Memory (LSTM)

What about Vanishing / Exploding Gradients ?

&

O,

A
i 4 R
——x———
Ganh>
Lob et
o (0] tanh o
— | | | J
4 J

Colah, Understanding LSTM Networks [Blog]

The additive update Function for the cell state gives a
derivative that is much more ‘well behaved’

The gating functions allow the network to decide how
much the gradient vanishes, and can take on different
values at each time step. The values that they take on are
learned functions of the current input and hidden state.
To get details on LSTM derivative, check out this blog

post
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/
https://weberna.github.io/blog/2017/11/15/LSTM-Vanishing-Gradients.html
https://weberna.github.io/blog/2017/11/15/LSTM-Vanishing-Gradients.html

Our goal today

Input: “Transformers
are encoder decoder”

Predict the word “models” from the input sentence

Requirements:
- Find a way to transform word into numerical values
- Provide semantic relationship between the encoding words
[ Model }

- Provide context to our model to understand the sentence

- Create a Fast trainable model

Predict: “models”
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Go to : https://kahoot.com/

Click Play
Enter code: XXX XXX
Enter your name

75

© Florian Bastin, 2024. Tous droits réservés.


https://kahoot.com/

11.B. Transformers Architecture

Output
Probabilities

Attention Is All You Need

Add & Norm

Add & Norm

Multi-Head
Forward Nx
Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
N ((Add & Norm Je= Google Brain Google Brain Google Research Google Research
x Add & Norm Masked avaswani@google.com noam@google.com nikip@google.com usz@google.com
Multi-Head Multi-Head
Attention Attention
[N 7 [N 7 Llion Jones* Aidan N. Gomez* Fukasz Kaiser*
L —) Google Research University of Toronto Google Brain
Positional J 1 Positional 1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com
Encoding Encoding
I nput I I Output ] Illia Polosukhin* *
Embef:idmg Embedding illia.polosukhin@gmail.com
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.
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11.B. Transformers Architecture

Output
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Add & Norm
Feed
Forward

Add & Norm

£dd & Nor Mult-Head
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Forward Nx
Nx Add & Norm
Add & Norm VR
Multi-Head Multi-Head
Attention Attention
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Encoding Encoding
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Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.
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[1.B Introduction

Pauphine | PSL%

TUNIS

NEURAL MACHINE TRANSLATION
BY JOINTLY LEARNING TO ALIGN AND TRANSLATE

agreement

on
European

Economic

The
the

L
accord

sur

la

zone
économique
européenne
a

été

signé

en

Dzmitry Bahdanau
Jacobs University Bremen, Germany

KyungHyun Cho  Yoshua Bengio™
Université de Montréal

Figure 1: The graphical illus- aolt
tration of the proposed model 1992

ABSTRACT trying to generate the t-th tar- )
get word g, given a source e
sentence (z1,Z2,...,Z7).

Neural machine translation is a recently proposed approach to machine transla-
tion. Unlike the traditional statistical machine translation, the neural machine
translation aims at building a single neural network that can be jointly tuned to
maximize the translation performance. The models proposed recently for neu-
ral machine translation often belong to a family of encoder-decoders and encode T2

a source sentence into a fixed-length vector from which a decoder generates a c = Z aijh;. 5)
translation. In this paper, we conjecture that the use of a fixed-length vector is a =1

bottleneck in improving the performance of this basic encoder-decoder architec-

The context vector ¢; is, then, computed as a weighted sum of these
annotations h;:

ture, and propose to extend this by allowing a model to automatically (soft-)search The weight c;; of each annotation h; is computed by
for parts of a source sentence that are relevant to predicting a target word, without exp (e:;)
having to form these parts as a hard segment explicitly. With this new approach, ay; __p__'.?_.

we achieve a translation performance comparable to the existing state-of-the-art ZZ; exp (€;x)

phrase-based system on the task of English-to-French translation. Furthermore, h
qualitative analysis reveals that the (soft-)alignments found by the model agree whem
well with our intuition. eij = a(si-1,h;)

The probability «;;, or its associated energy e;;, reflects the importance of the annotation h; with
respect to the previous hidden state s;_; in deciding the next state s; and generating y;. Intuitively,
Bahdanau & Al, 2016, Neural Machine Translation by Jointly Learning this implements a mechanism of attention in the decoder. The decoder decides parts of the source
to Align and Translate sentence to pay attention to. By letting the decoder have an attention mechanism, we relieve the

© Florian Bastin, 2024. Tous droits réservés.
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[I.B Introduction

Qutput
Probabilities

\ \ \ (¢ \
\ \
\ ' S Feed V4
: \ S Forward
Feed-forward network: T |
after taking information from - A:d — Add & Norm /
('" orm | ~
other tokens, take a moment to N Multi-Head | .41
; 5 . \\ Feed Attention
think and process this information v | Forward T 7 Nx
\
f —
Nix ' Add & Norm
; ~>{_Add & Norm } '
» . Masked
Encoder self-attention: —[, e e
tokens look at each other Attention Attention
4 | O At )
queries, keys, values (——r] ) U — )
are computed from Positional ) @ Positional
encoder states Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Pauphine | PSL%

Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

T

Decoder-encoder attention:
target token looks at the source

queries — from decoder states; keys
and values from encoder states

T

Decoder self-attention (masked):
tokens look at the previous tokens

queries, keys, values are computed
from decoder states
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[1.B Introduction

BERT
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Qutput
Probabilities
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o —tr
. o pre—)
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Encoding 1 Encodng
Input Output
Embedding Embedding
Inputs Outputs

GPT

Transformer Architecture

——Decoder

Pauphine | PSL%

TUNIS
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Transformers

Encoder Decoder
J/ \L VvV
BERT RoBERTa BART mBART GPT GPT-2
DistilBERT ALBERT T5 Marian GRS AN CTRL

XL
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I1.B. Introduction

GPT 3

. Each word is generated one
by one
« Only the decoder part is used

QOutput
Probabilities
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Feed
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@ Positional

Encoding
Output
Embedding
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Output
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—
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Output
Embedding
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© Florian Bastin, 2024. Tous droits réservés.




I1.B. Introduction

Translation model (FR -> EN example)

. The sentence to translate given to
the encoder

omm t Output

. Each generated word added to

the decoder

Add & Nom Add & Norm
Feed
Forward
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EMBEDDING
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2019, The lllustrated Transformer
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Figure 1: The|Transformer - model architecture.
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Figure 1: The|Transformer - mod4l architecture.
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I1.B Introduction Pauphine | PSL%

Output
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Add & Norm
Feed
Forward
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Multti-Head

Lot of new knowledges in this paper:
- No more RNN, only attention

- MLP layers and Attention 255 | v

- Positional encodings e

- Res N et Stru CtU re \Attent\on} &Aﬂention}
- Parallelism with Multi Head Attention oot & L 1" posioa
Encodin Encoding
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Figure 1: The Transformer - model architecture.
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11.B. Transformers Arc
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Figure 1: The Transformer - model architecture.

Introduction
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11.B.1 Self Attention Mechanism
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Figure 1: The Transformer - model architecture.
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3 components:

Query: What am | looking for ?
Key: What do | have ?

Value: What do | reveal to others ?

(]
. 9.20® France
‘ o‘?.:.o Travail

Are
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[1.B.1 Self Attention Mechanism

[Transformers ][ are ][encoder ][decoder

(]
2@e® France
00.30 Travail

Pauphine | PSL%

P
Query: What am | looking for ?
|E| : Embedding (1, 12 288)

L |WQ|: Query matrix (12 288, 128)

W
2.11 2.43 2.1 3.1 Q
i 4.22 32 422 422
Embedding

- - . - 323 123 | 089 | 032

593 332 112 4.98
E2 E3 329 | 323 | 123 | 234

amh amh

» » - - 183 | 192 | 010 | 128

Query 422 422 422 422

5.93 Q 5.93 Q 5.93 Q
2 \ ) 3 \ ) 4

Do I mean
Allocation

Amla
superstar ?

Are we
talking
aboutTV?

de Retour 3
l'Emploi?
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[1.B.1 Self Attention Mechanism

Pauphine | PSL%

TUNIS

M PR K
g =
g g 1.23 -1.23 0.89 1.12 Key: What dO | have 7
= - - . . |E| : Embedding (1, 12 288)
@ ‘ |W,|: Query matrix (12 288, 128)
2.83 0.92 1.10 4.28
-3.11
2.1 2.42 I'am a noun,
-4.22 2 starting the
5.93 7.93 sentence
E, K,
8 A
s 2.43 (o1 )
frof = 32 _3' 2 lam a verb
.:‘:.'o 3.32 5..93
() N )EZ A )K
2

Might be a TV
object of a
model

N
.
-
M-
~
A

E, K, 89
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11.B.1 Self Attention Mechanism Pauphine | PSL*

TUNIS
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11.B.1 Self Attention Mechanism Pauphine | PSL*

TUNIS
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11.B.1 Self Attention Mechanism Pauphine | PSL*

TUNIS
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11.B.1 Self Attention Mechanism Pauphine | PSL*

TUNIS

The sum of each

column is 1
: This step allows
numerical stability
N (2n
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[1.B.1 Masking attention Mechanism Pauphine | PSL%

Definition: the masking mechanism allows T U U —
question to a previous word

later words to not influence earlier words by
because it is unknown at inference

setting lower left values by -

[z [ % N

= iJ This step allows

e numerical stability
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[1.B.1 Self Attention Mechanism

Pauphine | PSL%
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11.B.1 Self Attention Mechanism Pauphine | PSL*
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1.B.2 Self Attention Mechanism Pauphine | PSL*

TUNIS

g f;gﬁ [ ;
= ;;;;;l This step allows
S numerical stability
§ L 0 85 41128 70128 0 85/128 1 0.97 0.33 0.85
E\
- 0 0.03 0.33 0.02
0 0 _oo 10 0 0
E | e ——
_
0 0 0.33 0.02
0 0 -00 -00 ’ ’
i 0 0 0 0.1
00 5 5/128
- ) -00 -00
Q T Q T 8 .
— B - B — = -
x softmax( )
Q, Q, Q, Q, Q, Q, Q, Q,
K
! Q, K, Q,K, Q,K, Q,K, K, Q,K,Nd, Q,K,Nd, Q, K, Nd, QK Nd, Softmax
e
K, Q, K, Q, K, Q, K, Q,K, K Q, K /Nd, Q,.K,Nd, Q, K,/Nd, Q,.K,Nd, O'(Z) R
2 J K
Q, K Nd Q, K Nd Q,K,Nd Q, K Nd E ek
K3 Q1-K3 Q2-K3 Q3'K3 Q4-K3 K 173 k 273 k 373 k 43 k k:l
3
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TUNIS

[1.B.2 Cross attention Pauphine | PSL*

[ Transformers ] [ are ] [ encoder ] [ decoder ]
3 <
o %)
8
= 243 2.1
« [ Embedding 390 4.2
3.32 1.12
—____ E, —— E,
[ Query 2.1 2.11 2.1 2.1
-4.22 -4.22 -4.22 422
5.93 Q 5.93 Q 5.93 a 5.93 Q
-3.11
2.1 242
-4.22 2
5.93 7.93
E, K, 70 70 0 85
( N\ D
243 211 / \
-3.2 -3.22 '4 35 O 0
3.32 5.93
- 4+ V a
e K, French to english
p N N 2 0 30 0 translation example
2.1 2.11
-4.22 -1.2 .
1.12 5.93 No masking
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o7 - 98
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[1.B.2 Cross attention
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Figure 1: The Transformer - model architecture.

Pauphine | PSL%

TUNIS

99

© Florian Bastin, 2024. Tous droits réservés.



11.B.1 Self Attention Mechanism Pauphine | PSL*

GPT 3 dimension for one attention head

Query: What am | looking for ? Key: What do | have ? Values: What do | reveal to others ?

|E| : Embedding (1, 12 288) |E| : Embedding (1, 12 288) |E| : Embedding (1, 1512)

IWQI: Query matrix (12 288, 128) |W.,|: Query matrix (12 288, 128) |W, |: Value matrix (12 288, 12 288)

Embedding (Embedding Dimension, N (12 288, 50 257) 49 152 params
words)

Key (Key size, Embedding (128, 12 288) 1 572 864 params per head
Dimension)

Query (Query size, Embedding (128, 12 288) 1572 864 params per head
Dimension)

Value up (Value size, Embedding (128, 12 288) 1572 864 params per head
Dimension)

Value down (Embedding Dimension, Value (12 288, 128) 1572 864 params per head
size)
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[1.B.1 Self Attention Mechanism

Pauphine | PSL%

GPT 3 dimension for all attention heads: 603 979 776 parameters

Query: What am | looking for ?
|E| : Embedding (1, 12 288)
IWQI: Query matrix (12 288, 128)

Key: What do | have ?
|E| : Embedding (1, 12 288)
|W.,|: Query matrix (12 288, 128)

Embedding

Key

Query

Value up

Value down

(Embedding Dimension, N
words)

(Key size, Embedding
Dimension)

(Query size, Embedding
Dimension)

(Value size, Embedding
Dimension)

(Embedding Dimension, Value
size)

(12 288, 4)

(128,12 288) x 96 heads

(128, 12 288) x 96 heads

(128,12 288) x 96 heads

(12 288, 128) x 96 heads

Values: What do | reveal to others ?
|E| : Embedding (1, 1512)
|W, |: Value matrix (12 288, 12 288)

49 152 params

150 994 944 params

150 994 944 params

150 994 944 params

150 994 944 params
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Value Matrix (12 288, 12 288) decomposition=

—

/

Idea:

The number of # is 150m for the Value
matrix

To avoid this high dimension and respects

the
Force the Value matrix to be low rank

12 288
J

12 288
A
N
0.03 0.33 0.02 1 28
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Value Matrix (12 288, 12 288) decomposition

—
12 288

/

Idea:

The number of # is 150m for the Value
matrix

To avoid this high dimension and respects

the
Force the Value matrix to be low rank

12 288
J

12 288
A
N
0.03 0.33 0.02 1 28
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Value Matrix (12 288, 12 288) decomposition

128

—

0.32

2.33

-1.76

0.8
N
~N
3.23 0.3
0.12
-0.23 -1.3
0.12
J
3.2

0.2

1.7

3.2

/

Idea:

~

The number of # is 150m for the Value
matrix

To avoid this high dimension and respects
the

Force the Value matrix to be low rank

A \_
12 288
4 A ~N
> 0 0.03 0.33 0.02 1 28

12 288
J
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11.B.1 Self Attention Mechanism Pauphine | PSL*

Value Matrix computation optimization | ***" ot peex
0xV, 0.001 xV, 0xV, 0.02 xV,
OxV3 OxV3 OxV3 0.02x V3
0xV, 0xV, 0xV, 0.11xV,
12 288 E,
A
- A\ 0.65
N 0.32 3.02 -0.33
1.2 0.23 23 3.23
03
0.32 4.31 2.11 0.12 . W , )
2.33 2.32 0.23 0.23 0.23 = = V1
176 0.21 0.92 012 12 288
4 0.4
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11.B.1 Self Attention Mechanism Pauphine | PSL*

Method 1 W,, (12 288, 12 288) 062xV,

0.1xV,
Number of computations:

- N words x 12 288 multiplications 0xV,
- N words x 12 288 additions

0xV,
0.62xV,

0.32x0.62 3.02x0.62 -0.33 x0.62 +
0.1xV,
J

0xV, Y
0 xv 12 288

0.97 x V, 0xV,
0.001 xV, 0xV,
0xV, 0xV,
oxV, oxV

0.85xV,

0.02 xV,

0.02x V,

0.41xV,

0.1xv,, 0.1xv,,

0.1x v2, 12288 +

12 288
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11.B.1 Self Attention Mechanism Pauphine | PSL*

Method 1 WV (12 288, 128) 0.62xV, 0.97 xV, 0xV, 0.85xV,

0.1xV, 0.001 xV, 0xV, 0.02 xV,
Step 2:
0xV, 0xV, 0xV, 0.02x V,
Number of computations:
- N words x 128 multiplications
- N words x 128 additions 0 xV, 0xV, 0xV, 0.11xV,
Matrix multiplication between value up matrix and result:
- 128 multiplication + 128 addition for each row
- 12 288 times
0.62xV,
032x062 3.02x062 ..  -033x062 + 01XV, 01XV, o 0AXV, +
0.1xV,
= 9 Y, N J
0xV, Y Y

0 xV 128 128
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As presented so far, the value vectors
inside an attention head would have the
same dimension as the embedding space.
This would involve taking weighted sums of
these large vectors, weighted by the
attention pattern.

You can save on computation by instead
running the weighted sums on the smaller
intermediate outputs produced by the
value-down matrices.

That is, inside each head, use only the
value-down matrix to produce a sequence of
128-dimensional vectors. You take weighted
sums of these with the attention pattern,
meaning the head outputs a single 128-
dimensional vector for each position in
the context.

Pauphine | PSL%

You could then multiply each of those by the
head’s value-up matrix to get a 12,288-
dimensional vector that can be added to the
embedding in that position.

However! All those up-projections are
usually bundled together (more confusion!).
For each position in the context, you
concatenate all the 128-dimension vectors
produced by each head at that position,
creating a big vector with length (96*128).
Now multiply this by the output matrix
described on the previous slide.

This is mathematically equivalent to
applying all the up-projections and adding
the results (exercise). Given the chance, ML
people Love to compress things into a single
matrix multiplication, even if it comes at
the cost of conceptual clarity.
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11.B. Transformers Architecture

Output
Probabilities

Introduction
1. SelF Attention / Cross Attention
2. Multi-Head Attention

Linear

Add & Norm

Feed
Forward

Add & Norm
Multi-Head

Add & Norm
Feed Attention
Forward Nx
Nx Add & Norm
Add & Norm VR
Multi-Head Multi-Head
Attention Attention
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Encoding Encoding
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Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Pauphine | PSL*
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11.B.2 Multi-Head Attention

Transformers are encoder decoder

Output
Probabilities

Linear

®
2ée® France
o So Travail

Add & Norm
Feed
Forward

Add & Norm
(Add & Norm } "
— Mutti-Head
ey
Forward Nx
. .
Add & Norm
pliiiin Attention mechanism
Add & Norm Masked n I n n I

Multi-Head Multi-Head
Attention Attention
LN J L. ’
§ =/
Positional A A Positional
Encoding Encoding
Input Output
Embedding Embedding
Wl-Head
Inputs Outputs Atorbon
(shifted right)

ositional
Zncoding

Tnput
Embedding

Inputs

Pauphine | PSL*

TUNIS

Figure 1: The Transformer - model architecture.
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11.B.2 Multi-Head attention Pauphine | PSL*

[ Attention Score ll
L

- |
f

N heads

\\\\\\

N words
4 A N\
z V] (=128)
[21][22][23][24]
s <
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I1.B.2 Multi-Head attention Pauphine | PSL#*

[ — | ) )
e (B (g (Bl 1Y)
' F‘ + + + +
)
by
( Yo g

= Are E}l ;%h

Concatenation

A

96

~

96

v

>

V| x N heads
=128 x96
=12 288

= embedding
dimension
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N words | Embeddings Dim|
— . N §

A ™

)
[Z X | Embeddings Dim| y 4
A
s =|\{||2X8l\)l( rglzads > fl\\ella)c;sN >N words
- )
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[1.B.2 Multi-Head attention - Summary exercice

2
Input sentence: Transformers are encoder decoder A\ Step 3
e |Embedding Dim|=4
e |Nwords|=3
e |NumHead|=2 3
e |Key Dim| =|Query Dim| = |[Value Dim| =? Guess

4 2 5
A I
' N\
| K /_H
Transformers N w 0 K
- 0
are 3 _
encoder — >4 3
] J
Step 1

Step 2 »
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[1.B.2 Multi-Head attention - Summary exercice

w
W

. 4

\ Step 5/
Matmul

115

© Florian Bastin, 2024. Tous droits réservés.



[1.B.2 Multi-Head attention - Summary exercice

Why do Z and X have the same dimension ? ﬁ X
N
Transformers
fﬁ are 3
4 R J
Add & Norm encoder
Feed
Forward
- \
Z
Nx Add & Norm
Multi-Head
Attention 3
\
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11.B. Transformers Architecture

Output
Probabilities

Introduction
1. SelF Attention / Cross Attention
2. Multi-Head Attention

Linear

Add & Norm
Feed
Forward

Add & Norm

. . . .
d Wi Head 3. Residual connection & Layer normalization
.
Add & Norm
Add & Norm VR
Multi-Head Multi-Head
Attention Attention
L ’ A 2’
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Encoding by Encoding
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Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Pauphine | PSL*
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11.B.3. Residual connections & Laver
normalization

QOutput
Probabilities

Linear

Add & Norm

Feed
Forward

Add & Norm
| Add & Norm | n
B Multi-Head
Feed Attention
Forward | 77 Nx
Masked
Multi-Head Multi-Head
Attention Attention
A 3} A )
. | ==
Positional A A Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Pauphine | PSL*
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I1.B.3. Residual connections & Layer normalization Pauphine | PSL%

Residual connections p ' ~ ‘
Add & Norm
« Residual connections mainly help mitigate the Feed
. - . Forward
vanishing gradient problem - \
« Another effect of residual connections is that —
the information stays local in the Transformer N x e

layer stack

20-layer | ) R e L U

ter. (led) e ety -
Figure 1. Training error (left) and test error (right) on CIFAR-10 y maX(X' 0) gl

with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.

Multi-Head
Attention

56-layer

20-layer

training error (%)
test error (%)
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https://arxiv.org/abs/1512.03385

I1.B.3. Residual connections & Layer normalization

Pauphine | PSL%

Layer normalization

« “Layer normalization is very effective at stabilizing the hidden
state dynamics in recurrent networks.

« Empirically, we show that layer normalization can substantially
reduce the training time compared with previously published
techniques.”

Layer Nom Batch Norm Group Normalization
\
Merged Spatial | Merged Spat

1.0 Attentive reader om:,?;ons"o;% oumee'r? sssss Fu‘?m

— LST™
oo | — BNASTM

| -~ BN-everywhere

— LN-LSTM Channels C

osg |

Mini-Batch Samples N

The 3D weight of a
conv layer

validation error rate
ERE
L+ ~

Kernel size

L4
in

o
3

0 100 200 300 300 500 500 700 800
training steps (thousands)

Mini-Batch Samples N
Input channels

Hinton & Al, 2016, Layer Normalization 2020, In-layer normalization techniques for training very deep neural networks [Blog]
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https://arxiv.org/pdf/1607.06450
https://theaisummer.com/normalization/

So far ...
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Figure 1: The Transformer - model architecture.

Pauphine | PSL*

121

© Florian Bastin, 2024. Tous droits réservés.



11.B. Transformers Architecture

Output
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Introduction
EiE 1. Self Attention / Cross Attention
2. Multi-Head Attention
@j‘& 3. Residual connection & Layer normalization
4. Feed forward layer

Linear
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Nx

Add & Norm
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Figure 1: The Transformer - model architecture.

Pauphine | PSL*
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11.B.4. Feed Forward layer

Output
Probabilities

“In addition to attention sub-layers, each of the layers in
our encoder and decoder contains a fully connected
feed-forward network, which is applied to each position
separately and identically. This consists of two linear
transformations with a RelLU activation in between.”

Add & Norm
Feed
Forward

Add & Norm

Multi-Head
Attention

Add & Norm

Feed
Forward

Nx

Add & Norm
Masked
Multti-Head
Attention

Nx

Add & Norm

Multi-Head
Attention

FFN(I) = max(O. I"Vl + bl)li’rg + b2 T =

| I J
Positional ) A Positional

:U p :Down Encoding Encoding
Input I [ Output I
rojection’ projection’ Lentei —
proj proj T T
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.
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II.B.4. Feed forward layer Bauphine | PSL¥

TUNIS

X

>

Feed Forward layer - N

~
Transformers
are 4
(ransomas ) () (ot = ) encoder >
% m e Va ﬂ
2 Embedding ?41; 28 51212 ?"1;
( ‘ 29 ‘ | 52 ‘ | [ ‘ : ’ decoder
B - : /
5 B
ﬂ . TransFormers: “l am 5
S e, Wy related to maths A A
3 iy stuff, a plural noun, A
% = | am at the beginning of
’ o | the sentence”

81
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Decoder: “l am
before encoder,
maybe related to
maths, maybe an
architecture
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II.B.4. Feed Forward layer

Pauphine | PSL%

Feed forward layer 5 X

A
4 N

Transformers

are

encoder

decoder

Residual
V4 connection +
5 Layer Nom

Transformers: “| am
related to maths A
stuff, a plural noun, [ [ [ [ ™\
at the beginning of
the sentence”

Feed forward
Layer

L/

Decoder: “l am
before encoder,
maybe related to
maths, maybe an )
architecture ] ] ] ] ]
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II.B.4. Feed Forward layer

Feed fForward layer

TransFormers: “| am

related to maths I

stuff, a plural noun,
at the beginning of
the sentence”

Decoder: “l am

before encoder,
maybe related to
maths, maybe an

architecture

“Transformers”

0.3//0.2

-0.3

=01
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network

0.3
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0

Am | a plural
_/ noun ?

i 0.3
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II.B.4. Feed Forward layer

Feed fForward layer

Feed forward
network

Am | a math
architecture ?

o
o

TransFormers: “| am AL
related to maths I ] ] ] ] N
stuff, a plural noun,
at the beginning of
the sentence”

e
o

Am | a singular

Decoder
noun?

—_—
09 04 -08 -01

(@]

4 .

N

Decoder: “l am

before encoder,
maybe related to
maths, maybe an )

architecture ] ] ] ] ]

o
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Feed fForward layer : “Up projection”

Feed forward network

“Transformers”

Decoder

\4

0.8

\ g

3.6

OKK

o

\ ,

Up projection dimension =49 152 x embedding
N dimension. In the paper, this value is called d,

49 152
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Feed fForward layer : “Down projection”

Another layer

Decoder

—//03
.é:2f _ N
09 h - 3.6
{/03 g
‘//36 ?
—/ 0 > Y,
L a
@
—//03

Down projection dimension = embedding dim x 49

152

12 288
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II.B.4. Feed Forward layer

GPT 3 dimension per layer

Pauphine | PSL%

TUNIS

Unembedding

(N words, Embedding Dimension)

Embedding (Embedding Dimension, N words) (12 288, 50 257) 617 558 016 params
Key (Key size, Embedding Dimension) (128, 12 288) x 96 heads 150 994 944 params
Query (Query size, Embedding Dimension) (128, 12 288) x 96 heads 150 994 944 params
Value up (Value size, Embedding Dimension) (128, 12 288) x 96 heads 150 994 944 params
Value down (Embedding Dimension, Value size) (12 288, 128) x 96 heads 150 994 944 params
Up Projection (Neuron Dim, Embedding Dimension) (49 152,12 288) 603 979 776 params
Down Projection (Embedding Dimension, Neuron Dim) (12 288,49 152) 603 979 776 params

(50 257, 12 288)

617 558016
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II.B.4. Feed Forward layer

GPT 3 dimension (96 layers):

Pauphine | PSL%

TUNIS

Embedding (Embedding Dimension, N words) (12 288, 50 257) 617 558 016 params

Key (Key size, Embedding Dimension) (128, 12 288) x 96 heads x 96 layers 14 495 514 624 params
Query (Query size, Embedding Dimension) (128, 12 288) x 96 heads x 96 layers 14 495 514 624 params
Value up (Value size, Embedding Dimension) (128, 12 288) x 96 heads x 96 layers 14 495 514 624 params
Value down (Embedding Dimension, Value size) (12 288, 128) x 96 heads x 96 layers 14 495 514 624 params

Up Projection

(Neuron Dim, Embedding Dimension)

(49 152,12 288) x 96 layers

57 982 058 496 params

Down Projection

(Embedding Dimension, Neuron Dim)

(12 288, 49 152) x 96 layers

57 982 058 496 params

Unembedding

(N words, Embedding Dimension)

(50257, 12 288)

617 558 016 params
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So far ...
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Figure 1: The Transformer - model architecture.
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11.B.
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11.B.5. Softmax Layer

“Similarly to other sequence transduction models, we use
learned embeddings to convert the input tokens and

output tokens to vectors of dimension d

We also use the usual learned linear transformation and
softmax function to convert the decoder output to

predicted next-token probabilities.

In our model, we share the same weight matrix between
the two embedding layers and the pre-softmax linear
transformation, similar to [30]. In the embedding layers,

we multiply those weights by v d "

model*®

Pauphi

odel *

Output
Probabilities

ne | PSLx

Add & Norm
Feed
Forward
Add & Norm

Multi-Head
Attention

Add & Norm

Feed
Forward

Nx

Add & Norm

Masked
Multti-Head
Attention

Nx

Add & Norm

Multi-Head
Attention

A 2
\ |
Positional o) A Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.
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II.B.5. Softmax Layer

- Theinputis he vector from the last word of the

sentence
- The output is the probability distribution over all
words in the dictionary (50k words for GPT 3-

0.09 — architectures

0.86 ——— models

0.001 —— apples

<end of
sentence>

0001 |

0.001 —— example

01297 ——— program

Pauphine | PSL%
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I.B.5. Softmax Layer Pauphine | PSL#

Q. Why don't we take all the previous representations of the other vectors
for the inference ?

0.1
0.1

0.2

e Fortraining, each word/token is
used for next word prediction.

0.3
e 2 08 N\ / The modelis trained Fo predict
P Sl next word from only its
01 0.3 S0 0:2 0.5 — .
- previous word.
0.1 0.8 -0.4 0.2 -0.3
02 05 05 |og [entsssrasee — e Of course, the last word
—& context is learned with
encoder 0 GO -0.1 0.2 -01 & \ .
\ attention
9 Context size o W : > -
decoder -05 : .
-0.1 o
0.2 W
0.2 — :
0.9 T '
0.2 4/ \ e — 136
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11.B.5 II.B.5. Softmax Layer - Temperature Pauphine | PSL*

Temperature
T=0.1

F architectures

— models

/ T e:/T\‘
—_ 3 apples

F <end of sentence>

Temperature
T=0.5

—31
0
—_—8
—_— 4

001 ——— architectures

0.03 > models

T
Z]I'\—l €T

— apples

o

AN

N

085 ——> <end of sentence>
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II.B.5. Softmax Layer

GPT 3 dimension (96 layers):
175 181 291 520 trainable parameters

Pauphine | PSL%

TUNIS

Embedding (Embedding Dimension, N words) (12 288, 50 257) 617 558 016 params

Key (Key size, Embedding Dimension) (128, 12 288) x 96 heads x 96 layers 14 495 514 624 params
Query (Query size, Embedding Dimension) (128, 12 288) x 96 heads x 96 layers 14 495 514 624 params
Value up (Value size, Embedding Dimension) (128, 12 288) x 96 heads x 96 layers 14 495 514 624 params
Value down (Embedding Dimension, Value size) (12 288, 128) x 96 heads x 96 layers 14 495 514 624 params

Up Projection

(Neuron Dim, Embedding Dimension)

(49 152,12 288) x 96 layers

57 982 058 496 params

Down Projection

(Embedding Dimension, Neuron Dim)

(12 288, 49 152) x 96 layers

57 982 058 496 params

Unembedding

(N words, Embedding Dimension)

(50 257, 12 288)

617 558 016 params
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So far ...

Output
Probabilities

| Add & Norm |
Forward
Add & Norm
Multi-Head

Add & Norm

-Feed Attention
Forward Nx
N
x Add & Norm T
Multi-Head Multi-Head
Attention Attention
1
(& =
Positional e d Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Figure 1: The Transformer - model architecture.

Pauphine | PSL*
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1I.B. Transformers Architecture

Output
Probabilities

Introduction
1. SelF Attention / Cross Attention

Add & Norm

Feed
2. Multi-Head Attention
Add & Norm
B || 3. Residual connection & Layer normalization
= 4., Feed forward layer
Nx orm
5. Softmax Layer
ention Attention
==l == 6. Positional Embeddings
Encoding (O {0 ey
I Input. Output l
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Pauphine | PSL*

TUNIS
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11.B.6. Positional Embeddings

“Since our model contains no recurrence and no convolution, in order for the Output
model to make use of the order of the sequence, we must inject some -
information about the relative or absolute position of the tokens in the
sequence.

To this end, we add "positional encodings” to the input embeddings at the
bottoms of the encoder and decoder stacks. The positional encodings have the
same dimension dmo e 95 the embeddings, so that the two can be summed.”

Add & Norm
Forward

Add & Norm

Multi-Head
Attention

Add & Norm
Forward

Add & Norm
Multi-Head
Attention

Nx

Add & Norm
Masked
Multi-Head

Attention

Nx

A J
\. | =
Positional b Positional
Encoding X Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Pauphine | PSL*

TUNIS
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Computations are not done sequentially (unlike RNN and LSTM)
« How to compare “ABC”and “CAB” ?

Beneficial to find a method that satisfy the following points:

Unambiguous (each position have its own value)

Deterministic
Allows to estimate distance between tokens

Works with longer sequence than seen during training

e\
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© Florian Bastin, 2024. Tous droits réservés.



Same size embedding to represent position

(computationnaly for efficient that concatenation and

model size increase)

Don’t want to allow the model to extract information
about positional informations only. Have to be coupled

with word meaning

PE(pos,2i) =

PE(pos,Zz'—i—l)

Where:

e Jisthe dimension =
e d

model

e posis the position {1, .

sin(pos 100002/ dmos)
cos(pos 100002/ dmoar)

., context length}
{1 dmod l}

is the embedding dlmen5|on (GPT 3 =12 288)

0.1

“Transformers” “Position 0”

-0.1
0.2

0

01

01 -0.4
-0.2

0

0.3
01

0.4
01

=l

0.2

o

1

0

1

0

0.1 1
-0.4 + 0 VS

=02 1

0

0.3 1

0

1

0

01

0.4

0O = 0 = 0 - 0 =0 = 0 =

01
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II.B.6. Positional Embeddings

Pauphine | PSL%

1 8
: 5--\/\/\/V\/VVVV\/\/\/\/\/WVVVVVV\/VVV\/\/V\/ “Transformers” “Position 0" =
1/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\ :
“Transformers” o NANANNNNNNNNNNNNNN 0.2
B AVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVA! d
“« . M 1 0.1
Position 07 d e g N N N N N N
YN DN OO O o 1 20
Y -011 0 S0
e . )
1 0.2 1 0.3
v 0 2 2 01
- position 04
“Position 0” 01 1 i
5 + VS 1
A VAN 0.8 MAMAAAAAAAAVAAVVAAAAMAAAA o ° 0
02, WA 0.2 1 1
=0.5
/\/\/\/\/\/--6-7---/\/\/\/\/\/\/\/\/\/\/\/\/\/\/\/VVVV\/\/\/\/ = . 0
W6 WWAWWAVAVVWV 1
are \/\/\/\0,91 03 1 ;
AVAVAVAVAVAVAVAVAVAVAVAVAVA
- d mode /\/0133/\/\/\/\/\/ 01 0 0
“Position 1” 06 1
012 \ N NN NN 0.4 1 0
e 1
B 0.1 0
0.01 0
0.99
VvV

“Position 1" position »

© Florian Bastin, 2024. Tous droits réservés.



Properties

The positional values are unique if at least one function has maximum size of this sequence
(context window) o)

The positional values are not random, created using two equations ¢

Looking at frequencies, we can estimate distance between positions. For positions near to each
other, we can use high frequency functions. For long distance position, we can use function with
larger periods. ¢

Since sin and cosine are periodic functions, the model can generalize for longer sequences ¢
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I.B.6. Positional Embeddings Pauphine | PSL#

“We chose this function because we hypothesized it would allow the model to easily
learn to attend by relative positions, since for any fixed offset k, PE . can be
represented as a linear function of PE "

k

For every sine-cosine pair corresponding to frequency wy, there is a linear
transformation M € R**? (independent of t) where the following equation
holds:

Proof:

Let Mbe a2 x 2 matrix, we want to find u1, vy, uz and vy so that:

. ] ‘ [sinm. z)] [ssnm. t +o>)]

sin(wg. t) sin(wg. (t + ¢)) = sHeal s
_ By applying the addition theorem, we can expand the right hand side as
— follows:
inn-t) ] _ [sin(u. ) cos(wn. ) + cos(un. &) sin(un. )
cos(wy. t) cos(wg. (t + @)) [ 2 - g ]
Which result in the following two equ S:

So the final transformation matrix M is:

M [ cos(wk- $) ,-m(w..w]
5= |~ sin(wr 8)  cos(w. 6)

Kazemnejads. 2019, Transformer Architecture: The Positional Encoding [Blog] 146
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https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

I.B.6. Positional Embeddings Pauphine | PSL%

100

075

050

+0.25

r0.00

Position

L -0.25
-0.50
-0.75
-1.00

80 100 120
Depth
Figure: Positional encoding representation
Each row represent a positional vector for a given token
Kazemnejads. 2019, Transformer Architecture: The Positional Encoding [Blog] 147
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https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

So far ...

Add & Norm

Output
Probabilities

| Add & Norm |
Multi-Head

Add & Norm

Forward

Forward Nx
N Add & Norm
x Add & Norm )
Multi-Head Multi-Head
Attention Attention
1
—
J
Positional e d Positional
Encoding Encoding
l Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Pauphine | PSL*
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Blogs:

e The lllustrated Transformer
o Transformers Explained Visually (Part 3): Multi-head Attention, deep dive

Papers:
o Attention is All You Need

Videos:

Visual introduction to Transformers (part 1)

Transformers visualized (part 2)

How might LLMs store fact (part 3)

Residual Network and skip connections

Stanford CS25: V2 | Introduction to Transformers w/ Andrej Karpathy

149
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https://jalammar.github.io/illustrated-transformer/
https://towardsdatascience.com/transformers-explained-visually-part-3-multi-head-attention-deep-dive-1c1ff1024853
https://arxiv.org/abs/1706.03762
https://www.youtube.com/watch?v=wjZofJX0v4M
https://www.youtube.com/watch?v=eMlx5fFNoYc&t=1102s
https://www.youtube.com/watch?v=9-Jl0dxWQs8&t=107s
https://www.youtube.com/watch?v=Q1JCrG1bJ-A
https://www.youtube.com/watch?v=XfpMkf4rD6E&t=1722s

Go to : https://kahoot.com/

Click Play
Enter code: XXX XXX
Enter your name
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https://kahoot.com/

lll. Retrieval Augmented Generation

Basic Architecture

Information retrieval

Vectorstore & Search optimization
RAG Techniques

Evaluation

Multimodal RAG

SOTA RAG architectures

Nounhkwnhz=

Pauphine | PSL*

TUNIS
151
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1. Introduction Pauphine | PSL#

TUNIS

LLM vs RAG

User %
/ \ question
Step 1

Prompt Generator > Answer
LLM

Step 3

- % GerLuEthor % R Documents ~——y Document —— Document —> Context —>

question Loader Retriever
Step 2

o /

LLM

RAG

152
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RAG Definition

Definition: Retrieval-Augmented Generation (RAG) is a framework that combines retrieval-based and
generation-based models. It enhances the capabilities of language models by providing them with access to
external knowledge bases or documents during the generation process. This allows the model to generate
more accurate and up-to-date information by retrieving relevant data instead of relying solely on its internal

parameters.

Benefits:
. Produces more informed and factual responses.
. Can handle queries about recent events not present in the training data.
. Reduces hallucinations common in language models.
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[11.1. Basic Architecture

RAG Architecture

Les données
(Confluence,
Notion) de mon
entreprise

N Notre CE est disponible
a l'adresse suivante:
https://mon-CE.fr

Pauphine | PSL*

TUNIS

-0.92
0.12
0.73
0.21

Les données
(Confluence,

Notion) de
mon
entreprise

Notre CE est
disponible & [
I'adresse suivante : L

" https:/imon-CE.fr sl o

n this text extracts:

Notre CE
est
disponible

hunk: "

Labase Les chunks des La base de données Vous:pourex
documents récupérer vos accés

La database documentaire constituant lo base vacheur CE en contactant par

N vecteur contenant
les embeddings de
mes chunks

wer with to the following question:

mail:
xxx@mon-ce.fr

Les chunks des documents

constituant la base La base de données vecteur

La base documentaire

1 ’ . : = N
FouEnose: ) Réponse: Pour accéder 4 votre Comité d'Entreprise (CE), vous pouvez suivre les
ses congés,
merci de les
renseigner ...

Notre CE est
disponible a
I'adresse
suivante ...

étapes suivantes

1 Rendez-vo

hitps://m

ur le site web du CE en utilisant I'adresse suivante
n-CE.fr

2. Une fois sur le site, recherchez et trouvez la section ou I'onglet permettant de

récupérer vos accés au CE

Le RAG est un

Vous pourrez
récupérer vos procédé

3. Pour obtenir vos accés, contactez par mail 'adresse suivante : xxx@mon-ce.fr

informat saires pour vérifier votre

Assurez-vous de fournir toute:

accés CE en
contactant

permettant de
retrouver

E

identité et votre affiliation au CE

En suivant ces instructions, vous devriez pouvoir accéder a votre Comité d'Entreprise /

et profiter de ses avantages et services

Step 1: Document ingestion Step 2: Contextualized answering

Construire son RAG (Retrieval Augmented Generation) grace a langchain: L'exemple de I'Helpdesk d’'OCTO 154
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https://blog.octo.com/le-chatbot-docto-langchain-rag-et-code-associe

[1.1. Basic Architecture Pauphine | PSL#

RAG Architecture
User %
question
Step 1
Prompt ) Generator > Answer
LLM
Step 3
WV
Documents % Document % Document % Context %
Loader Retriever

Step 2
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[1.1. Basic Architecture Pauphine | PSL#

RAG Architecture

Initialization step

Doc Reader

ihH(.pdf, .docx, ..) ———> Doc splitter 3 Vector

Database

GemBox.PDF

uuuuuu i ‘ ’ ) — 0.4
> EES=E > -0.3 pdf 1

SR 0.2

0.1

-01 pdf 2
0.2
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[1.1. Basic Architecture Pauphine | PSL#

TUNIS

How to ? How b

augment user
query?

How to Howto How toscale?
optimize ? learn? How to encode
user query ?

= User %

question
Step 1
How Prompt Generator % Answer
2 LLM
How to chunk to prompt ?
documents ? Jd Step 3 How to verify
answer ?
How to post
Documents % Document % Document % Context %
Loader Retriever process7 QOStVED
Step 2
How to load HO\{v -
retrieve
documents ? 5
documents?  How to
provide
context ?
When to
How to update retrieve ?

documents ?
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[11.2. Information retrieval Bauphine | PSL¥

t£(1,d)
How to idaf(1, D)
retrieve . a
number of times t appears in d e
documents ? TF(t, d) — f pp : Il 0o s o o o 0 1 13 X
total number of terms in d  IEEEEELE
4 L] 16 16 1/6 16 0 13 0
IDF (t) = log d « TF-IDF: Multiply TF and IDF scores,
1 f use to rank importance of words (o0t o o o o0 o151 0 o0
within documents
TF-IDF TF—.IDF(t’ d) — TF(t,d)*IDF(t) * 2 0 00417 O 0 0 0 0.0417 0201
* Most important word for each Ml 0 00417 0 0 0 ‘010000417 0
4

document is highlighted 0 00209 0100 0100 0100 0 00417 0

TF-IDF score computation. [Image Source]

Given a query Q, containing keywords {q,, ..., g _}, the BM25 score of a document D is:

BM 25 (@, D) - (ky +1) N —n(g)+0.5
score(D, Q) = ZIDF ) D . 0E + 1)
fgs, D) + (1—b+b gdl) n(gi) + 0.

IDF(g;) = ln<

e f(qi,D) is the number of times that the keyword qi occurs in the document D,
e |D|isthe length of the document Din words
e avgdlis the average document length in the text collection from which documents are drawn.
e K, and b are free parameters, usually chosen, in absence of an advanced optimization, as K, € [1.2,2.0] and b=0.75
® Nisthe total number of documents in the collection, and
e n(qi) s the number of documents containing q. Text Search using TF-IDF and Elasticsearch
158
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https://mallahyari.github.io/ml_tutorial/tfidf/

How to
retrieve
documents ?

i A;B;

Cosine Similarity cos(6) = “i“-“]B;” _ i
ﬁ A?\/i B
i=1 i=1

Euclidean distance d(p,q) = |p — q||-
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[11.2. Information retrieval Bauphine | PSL¥

How to

Jeree  Maximal Marginal Relevance
def ; ,
MMR = Arg max |A(Sim(D;,Q)—(1-)A) max Stmq(D;, D; ]
go,-en\s ( 1(Di, @)—( )D,'eS 2(Di, Dj))

The goal of this metric is to retrieve dissimilar documents and increase diversity

D is the set of all candidate documents, R is the set of already selected documents, q is the query
Sim, is the similarity function between a document and the query

Sim, is the similarity function between two documents.

di and dj are documents in D and R respectively

The parameter A (mmr_threshold) controls the trade-off between relevance (the first term) and diversity (the
second term). If mmr_threshold is close to 1, more emphasis is put on relevance, while a mmr_threshold close to 0
puts more emphasis on diversity.

The Use of MMR, Diversity-Based Reranking for Reordering Documents and
Producing Summaries

160
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https://www.cs.cmu.edu/~jgc/publication/The_Use_MMR_Diversity_Based_LTMIR_1998.pdf
https://www.cs.cmu.edu/~jgc/publication/The_Use_MMR_Diversity_Based_LTMIR_1998.pdf

[11.2. Information retrieval Bauphine | PSL¥

create dataset differnt features hello is james my name noteb python this to try trying vectorizer wor

HOW to bi coun’
retrieve
documents ?

0 0 0

o © - o o w
. © © o o|m

y ook of
1 0 0
1 1.0
0 0 0
0 [
0 0 1

& ® N = o
o o =1 5 o

0 1
0 0 0
0 0 0
1 0 0
0 1 0

© © o o =

0 0 0
1 1.0 0
0 O3] 0
0 0 1 1
0 0 0 0

- o © o o
o - o o o

1 1
0 1 1
1 0 1
0 0 1
0 0 0

Sparse vs Dense retrieval Sparse embedding
(lots of 0)

Sparse Retrieval (TF IDF, BM 25, ...) are methods to retrieve similar documents based on keywords only.
Dense Retrieval (Cos Sim, Euclidean distance) allows to retrieve document using semantic embedding
representation of documents and query.

Hybrid Search is a method involving both sparse and dense retrievers to provide both advantages of the two
approaches

Q. IfF I want to retrieve document based on the user query ‘LeCun Meta’, what kind of retriever do | use ?

Q. IfFI want to retrieve document based on the user query ‘What are the most wonderful shots of Lebron James ?, what
kind of retriever do | use ?

Q. IfFI want to retrieve document based on the user query ‘What is the capital city of the biggest city in the world 7, what
kind of retriever do | use ?

161
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[11.2. Information retrieval Bauphine | PSL¥

How to

eive  Sparse Lexical and Expansion (SPLADE)

documents ?

Vector database are super efficient compare to Splade at the moment
With sparse methods, you cannot get synonyms from a words.

SPLADE:
- Use Bert to get similar words like synonyms

- Provide these synonyms to a sparse methods

x laysi

gren t opes m‘t Wwe Mo ?Vs 2

orangutans | gorillas | lads  roinforest ° ' Tava
T B i e i T o

" = I[— . \ I I ﬁ "
Queﬁ./; do any larﬁe monken/s come From the Juuﬂles of Indonesia?

Doc: "Omgu‘to.ns are native to the rainforests of
oc: Indonesia ond Malaysia"

SPLADE for Sparse Vector Search Explained Formal & Al, 2021, SPLADE V2 162
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https://www.pinecone.io/learn/splade/
https://arxiv.org/pdf/2109.10086

Pauphine | PSL%

[11.2. InfFormation retrieval

How to
retrieve

documents ?
Deep Bidirectional Language-Knowledge Graph Pretraining (DRAGON)

Dense retriever

KG link prediction

Progressive Data Augmentation strategy for training sampling very difficult negatives
Step (3)

[

Step (1)
( \ Masked LM
Text corpus Knowledge graph Sell-;\fpentvised ar aipal toe Tomd brest Rt bals)
@ N Objective t t
MHead | [ LinkPredHead |
‘fih t t
e op_a”

= ‘ B@@-3 CE[\ Step (2)

) > o g

4 f f ———
M T T
— ( Fusion Layer
"node | c t { ntayer | (NN Gyer
@ w Encoder — : : .

e ] If it is not used R”’:ﬁval ’ LM Layer J m

r hade, @ cound etries
;nm 15 an e.xanple of @3 3 g;@ / @

ww If it 1s not used for H
Local KG j e e T e €D Pz 5
Pretrain
163

Yasunaga, 2023, DRAGON: Training a Foundation Model from Text and Knowledge Graph [Blo
© Florian Bastin, 2024. Tous droits réservés.

\ Text

Raw data

Lin & Al, 2023, How to Train Your DRAGON



https://arxiv.org/pdf/2302.07452
https://cs.stanford.edu/~myasu/blog/dragon/

[11.2. InfFormation retrieval Bauphine | PSL¥

TUNIS

How to

e Bast retrieval methods

documents ?

Leaderboard for best Information Retrieval methods:
https://eval.ai/web/challenges/challenge-page/1897/leaderboard/4475

- Baseline - Private - Verified
TREC- N TREC-
Avg NQ FiQA Signal- Touche-
Rank Participant ) COVID BioASQ NFCorpus ( HotpotQA M) NEWS Robust04 ArguAna 2020
$  team Som (s (1) s Somoe . (W) (1) = (1) = (1 -
nle
1 ((BM25+SPLADE) 0.553 0.839 0593  0.382 0637 0.769 0451 0337 0520 0.59% 0.554 0.361
RANKTS top 50)
0.546 0.846  0.595 0.385 0638 0.791 0.509 0308 0490 0632 0.369 0.291
(InParsv2)
(DRAGON+) 0474 0759 0433 0.339 0.537 0.662 0.356 0.301 0444 0479 0.469 0.263
Al
4 (SPLE) 0474 0711 0504  0.345 0.544 0.686 0351 0296 0394 0458 0.521 0.244
(BM25
5 multifield) 0429 0656  0.465 0.325 0.329 0.603 0236 0330 0398 0407 0414 0.367
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https://eval.ai/web/challenges/challenge-page/1897/leaderboard/4475

I11.3. Vectorstore & Search optimization Pauphine | PSL*

A comparison of leading vector databases

How to

retr | eve Pinecone Weaviate Milvus Qdrant Chroma Elasticsearch  PGvector
Jemee — \ector Database = -

Self-host X /]
:\I:nufﬂcmlnl = X )
oprrtogs x x

Definition: A vector database is a specialized database e S
Commenity page &events  slack aksiack  discord  discord 23k slack ekir b

designed to store, manage, and query high-dimensional B

vector embeddings of data such as text, images, or other — mims o
o) 1 *batched

content types. s 099 ; i : : ;

o . . IyGee- 250 SBER"’

These embeddings are numerical representations -

produced by machine learning models that capture the e - c . . - - :
(i.e. scalar V| V] V| Vi V| & v

semantic meaning of the data. -
samoRt x
s x x x x
Dynamic
;I.mm vs. ? Static sharding sDL::r;T:l Static sharding S;g":";‘:l Static sharding -
static data placement placemen t
sharding
Free hosted i o,
Pricing (80% $70 fr. $25 fr. $65 est. $9 Varies $95 Varies
vectors @1536)
Pricing (20M $227 ($2074 for o :;':3;0: (s229 L;(S"":B:‘ ($820 — S _—
‘::‘::’02?“ :g:mman“’ - pc';o?mancc) om!o?mancc)
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https://superlinked.com/vector-db-comparison?via=topaitools

I11.3. Vectorstore & Search optimization Pauphine | PSL*

Efficient similarity search

How to
optimize ?
10000 T T T T
e Scalable Nearest Neighbors (ScaNN) - Google 9000 | |
e Facebook Al Similarity Search (FAISS) = 8000 - =
. . N e nsw(faiss
e Hierarchical Navigable Small Worlds (HNSW) S e hnewi
§ 7000 - NGT-pg:mrr?gt —e— |
& 6000 - N e |
Q hnsw(nmslib)
Definition: § 5000 |- SW-graph(rrﬁ;:r?;Ieigg i B
. . . . caNN
ScaNN, FAISS and HNSW are methods for retrieving similar (":; 4000
embeddings based on vector quantization and ANN search 5 /.
. ()
instead of full scan search. Q
& 2000
entry point
1000
0 — LI} () -H——i\—; \:r\‘r—:-l—': =
0.86 0.88 0.9 0.92 0.94 0.96 0.98 1

Accuracy (Recall@10)

nearest neighbor e ;
Y vector
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How to Reciprocal Rank Fusion (RRF)

provide
context ?

Definition:
RRF allows to merge results of different retrievers

S
- 1
RRF(d) =S —
( ; k + ry(d)

RRF(d) : Denotes the RRF score for document d
s

E : Summation over all systems froms = 1 to S
s=1

1
k + ry(d)

: The reciprocal rank for document d in system s , adjusted by the constant k
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Bi-Encoder Cross-Encoder
How to Reranker t
provide Cosine-Similarity
context ? /\
N N 0.1
[y ) A
pooling pooling Classifier
A reranker ranks retrieved documents after a first similarity search * * *
BERT BERT BERT
Reranker type: Sentence A Sentence B Sentence A SentenceB
e Cross-Encoders

e Neural Rerankers

Benefits of Using a Reranker:

e Increased Accuracy: Improves the likelihood that the most relevant information is used in
generating the response.

e  Better Contextual Understanding: Helps the system understand subtle nuances in the
query.

Challenges:
e Computational Overhead: Additional processing can increase response time.
e Resource Intensive: Advanced models require significant computational resources.

Bi Encoder vs Cross Encoder
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How to Query augmentation

augment user
query ?

Definition: query augmentation refers to the process of enhancing or expanding the user’s original
query to improve the retrieval of relevant documents or information from a knowledge base.

By augmenting the query, the system aims to retrieve more comprehensive and pertinent data, which
can then be used to generate more accurate and informative responses.

HyDE: Generate a fake answer from a query to improve information retrieval

write a passage to answer the question How wisdom teeth are removed...

how long does it take to remove H D E Some . a few minutes, whereas
wisdom tooth y It usually takes between 30 7 others can take 20 minutes or
minutes and two hours to longer....

remove a wisdom tooth... '

write a scientific paper passage to answer

the question — depression and anxiety had . two studies investigating
How has the COVID-19 pandemic impacted  ° increased by 20% since the ontnever ———> coVID-19 patients ... significantly
mental health? start of the pandemic.. higher level of depressive
fiZto| #2 AlBE 7|22 %

write a passage in Korean to answer the / 8002HA FRE LIEILICE. ES N ABBAIEER
question in detail Dﬁ g;:)} A0HE 1428 W MO
A2 N #E ABREI? — —— 2 Mgt

instruction query generated document real document
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[11.4. RAG Techniques

How to Query rephrasing

augment user
query ?

Query rephrasing can be used to rephrase the query from the conversation history

-

LLM The capital city of France is Paris W

From the following history:
User: What is the capital city
of France ?

Al: The capital city of France is
Paris

Rephrase the query:
What about tunisia ? What is the capital city of Tunisia ?
oy P y

The capital city of Tunisia is Tunis @
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[11.4. RAG Techniques

How to Lost In the Middle

provide
context ?

Pauphine | PSL%

TUNIS

Retrieved context provided at the beginning or the end of the prompt have more impact on the answer

from langchain.chains import LLMChain, StuffDocumentsChain

from langchain_chroma import Chroma

from langchain_community.document_transformers import (
LongContextReorder,

)

from langchain_community.embeddings import HuggingFaceEmbeddings

from langchain_core.prompts import PromptTemplate

from langchain_openai import OpenAI

# Get embeddings.

embeddings = HuggingFaceEmbeddings (model_name="all-MinilM-L6-v2")

texts = [
“Basquetball is a great sport.",
“Fly me to the moon is one of my favourite songs.",
“The Celtics are my favourite team.",
“This is a document about the Boston Celtics",
“I simply love going to the movies",
“The Boston Celtics won the game by 20 points",
“This is just a random text.",
“Elden Ring is one of the best games in the last 15 years.",
“L. Kornet is one of the best Celtics players.",
“Larry Bird was an iconic NBA player.”,

# Create a retriever

retriever = Chroma.from_texts(texts, embedding=embeddings).as_retriever(
search_kwargs={"k": 10}

)

query = "What can you tell me about the Celtics?"

# Get relevant documents ordered by relevance score
docs = retriever.invoke(query)
docs

[Document (page_content="This is a document about the Boston Celtics'),
Docunent (page_content="The Celtics are my favourite team.'),
. Kornet is one of the best Celtics players.'),

asquetball is a great sport.'),

simply love going to the movies'),

Document (page_content="Fly me to the moon is one of my favourite songs.'),
Docunent (page_content="This is just a random text.')]

Lden Ring is one of the best games in the last 15 years.'),

# Reorder the documents:

# Less relevant document will be at the middle of the list and more
# relevant elements at beginning / end.

reordering = LongContextReorder ()

reordered_docs = reordering. transforn_documents (docs)

# Confirm that the 4 relevant documents are at beginning and end.
reordered_docs

LangChain, Long Context Reorder [Blog

[Document (page_content="The Celtics are my favourite tean.'),

sinply love going to the movies'),

his is just a randon text.'),

1y me to the moon is one of my favourite songs.'),
Document (page_content="Basquethall is a great sport.'),

. Kornet is one of the best Celtics players.'),

Document (page_content="This is a document about the Boston Celtics')]

20 Total Retrieved Documents (~4K tokens)

Accuracy
[*)] )]
o w

w
w

1st 5th 10th 15th 20th
Position of Document with the Answer

~®- gpt-3.5-turbo-0613
== gpt-3.5-turbo-0613 (closed-book)

F.Liu & Al, 2023, Lost in the Middle: How Language Models Use Long Contexts 171
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https://python.langchain.com/v0.1/docs/modules/data_connection/retrievers/long_context_reorder/
https://arxiv.org/pdf/2307.03172

l11.4. RAG Techniques Pauphine | PSL#

. Prompt Engineering

to prompt ?

Write clear instructions

Provide reference text

Split complex tasks into simpler subtasks
Give the model time to "think"

Use external tools (RAG)

Tactic:
e Ask the model to adopt a persona
e Use delimiters to clearly indicate distinct parts of the
input
e Specify the steps required to complete a task
e Provide examples
e Specify the desired length of the output
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https://platform.openai.com/docs/guides/prompt-engineering/strategy-give-models-time-to-think

et Document Loader

documents ?

Load any type of document (PDF, PPT(x), DOC(x), XLS(x)

Unstructured: https://unstructured.io/
LLama Parse: https://llamahub.ai/l/readers/llama-index-readers-llama-parse?from=readers
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Context

Definition: The context size refers to the maximum number of tokens (words or subword units) that
the model can process in a single input sequence. It determines how much textual information the
model can consider at once when generating responses or predictions.
- Alarger context size allows the model to capture longer dependencies and understand more
extensive context within the input, leading to more coherent and relevant outputs.
- A smaller context size limits the amount of information the model can utilize from the input text.

Claude (100K)

100000
75000

50000

GPT-4 (32K)

25000
GPT-4 (8K)

GPT-3 (2K) Codex (2K) PALM (2K) GPT-3.5 (4K)

0% - 7 . - . . . . - - "
July 2020 July 2021 January 2022 Dec 2022 January 2023 May 2023 June 2023
Year
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TUNIS

How to chunk Chunking

documents ?

To avoid context limitations, we can do document chunking:

e Chunk by document if the document is small
e Chunk by title or header if the document is big

langchain. text_splitter CharacterTextSplitter

text_splitter = CharacterTextSplitter(
separator =
chunk_size =
chunk_overlap
length_function = ;
is_separator_regex = False,
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-  RAG Frameworks in Python

W LangChain

Data [ & 3A
. > Structured
Embeddin o
Output Chat & .'} d Extraction
parser model
Tools Prompt Retriever [
LLMs % R Chat
s;ﬁ{(‘e, Embeddings Vector
Model Doctment Vectors ', U\ Semantic Search
-— 1
Evals =3 u Agents
Langchain Llamalndex 176
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— Cloud services

Cloud Services provide: amazon > salesforce
e ASecure environment # webservices-

e Enough compute to train big models
e Product as a Service (PaaS)

o LLMs APIs
o  Vector Store management AZ U re

o  Efficient Retrieval
e Monitoring tools

o ... _) \/

S
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How to verify Retriever Evaluation: Precision & Recall @ k

answer ?

. Number of relevant items in K
.. Precision at K = - -
Precision @k Total number of items in K
How many retrieved documents are relevant ?

Recall @k
How many relevant documents are retrieved ?

Number of relevant items in K
Total number of relevant items

Recall at K =

178
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How to verify Retriever Evaluation : NDCG

answer ?

NDCG can take values from O to 1. DCG@K = z logz(l )

e NDCG equals 1in the case of ideal ranking when

items are perfectly sorted by relevance.
e NDCG equals 0 when there are no relevant

objects in top-K.
e NDCG can be between 0 and 1 in all other cases.

The higher the NDCG, the better.

NDCG@K = 2K
IDCG@K
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How to verify Answer Evaluation: LLM As a judge

answer ?

Ask an LLM to evaluate answer quality:

) ragas score
e Does my answer answer to the question ?
e Does my answer used information from the context ? generation retrieval
e Does my answer give enough facts ?
o ..

faithfulness context precision

how factually acurate is the signal to noise ratio of retrieved
the generated answer context

BLEU, ROUGE, Perplexity are not ideal for RAG use case.
answer relevancy context recall

how relevant is the generated can it retrieve all the relevant information
answer to the question required to answer the question

Evaluating answers in RAG is not easy
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Multimodal

Multimodal LLM: LLM capable of processing and understanding multiple types (or “modes”) of input data, such as text,
images, audio, video, and other sensory inputs, in a unified manner.

Exemple: GPT 40, Gemini 1.5, Qwen2- VL

A Trained from scratch E‘;Q Pretrained and frozen

Surfing Surfing Surfing Surfing
4 4 -
g ) Frozen LLM 3
x
3 oo & A = Text Prompt
g 3 ' H Objects  Captions
8 6 Cm?"xallty 8 i 5 ] § Tags: surfing, surfer, pug, water dog, pug dog
3 — sd ¥ £ AR 00 e s U comed
- 58 - ul _
§ s # ? T T Input Image § Output text
£ ] ® x ) .
[4 | Visual 8 The dog is a pug and it
< 5 ® Descriptors 3 is wearing a blue shirt.
S e il et 5
t 4 4 1 &
e o i e g
Quesion:Whati the breac's dog? and Whatis e %
gty .
Q: What is the Q: What is the Q: What is the Q: What is the Answer
—";.g dog doing? Aﬂ..g dog doing? "“.g dog doing? r"‘*.,/a dog doing?
p—} —— P— P—
8 i video q >
c Y €OCO_ Visual Genome Maw  image- COCO_Visual Genome No additional
I BlEsrm) RE5E) RETEE )
0Old-Style Pretraining Flamingo % BLIP-2 LENS [ (Ours)
(a) Multimodal Pretraining (b) No Multimodal Pretraining
Berrios & Al. 2023, Towards Language Models That Can See: Computer Vision Through the LENS of Natural Language
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Qwen2-VL-72B GPT-40-0513 Claude3.5-Sonnet Other Best Model

s

Multimodal: Qwen2- VL | T

883
855

eeeee

Outperform GPT 40 on most of the benchmarks

Multimodal Rotary Position (M-ROPE): “By
deconstructing the original rotary embedding into
three parts representing temporal and spatial

(height and width) information, M-ROPE enables B BB B i 00 e DG DO OO0
LLM to concurrently capture and integrate 1D ‘ QwenlM Decoder

textual, 2D visual, and 3D video positional COOOOEE e STa TR Ta TR oooooooo
information.” R g " SRR s

( Vision Encoder )

[ Native Resolution Input
- = .V
{Y; Qwen2-VL
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Rotary Embedding (ROPE)

Rotary Position Embedding, or RoPE, is a type of position embedding which

encodes absolute positional information with rotation matrix and naturally (1] x:
incorporates explicit relative position dependency in self-attention : (X1, X;) ’ L]
formulation. : - X7 X (X' Xy) |
Unlike traditional position embeddings, which add fixed vectors to represent Postion - o
positions, ROPE encodes positional information directly into the attention 1 g
mechanism by rotating the query and key vectors in the Transformer ovonces|CHE - CEBE T i - e
architecture. This approach allows the model to better handle long-range ronsormer [T -+ O~ 2 N - .
dependencies while maintaining the flexibility of the attention mechanism. %% e E ::E
Properties: Embedding [T --- (1M 6 0 o R |

e Flexibility of being expand to any sequence lengths Snidhec i Samnshaintans

e Decaying inter-token dependency with increasing relative distances

e Capability of equipping the linear self-attention with relative position

encoding.
183
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ion 1:
Multi-Vector Retriever Retrieve raw image

Multimodal RAG

Multimodal Embedding

Option 1: Store raw image using multimodal embedding. Retrieve images based on
multimodal embedding similarity. Provide the raw image to the generator.

Option 2: Store the summary of the image using a multimodal LLM. Retrieve images
based on its summary embedding. Provide the summary to the generator.

Option 3: Store the image and its summary using a multimodal LLM. Retrieve images
based on its summary embedding. Provide the image to the generator.
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Pauphine | PSL%

TUNIS

Multimodal RAG

Michihiro Yasunaga,!* Armen Aghajanyan,” Weijia Shi,> Rich James,” Jure Leskovec,'

Percy Liang !
Mike Lewis,” Luke Zettlemoyer,’> Wen-tau Yih 2

(a) Overview of Retrieval-Augmented Multimodal Model

(b) Dense Multimodal Retriever Labrador sitting on

bench near water.

Generator

(c) Retrieval-Augmented Generator
(Multimodal Model)

f(query, memory) — score

Loss for the retrieved docs Loss for the main doc
E.g. Extension of CLIP —_—
score
Retriever
1 Transformer
- /
b Retrieved Doc 1 Retrieved Doc 2 Main Document
Mixed-modal Mixed-modal
Encoder

Labrador sitting on
| bench near water.

4 =
s Labrador retriever b Labrador retriever sitting on [
v Sitting on bench. anch. .
= - |
rape w’lvr:r—s:mv-\ Input document Memory

Labradse retriever sitting by [
(Multimodal documents) water

Query
irrage r e ze mtire)

Figure 1. Our approach, retrieval-augmented multimodal modeling. (a) Overview: given an input multimodal document, we use a
retriever to retrieve relevant multimodal documents from an external memory, and use the generator to refer to the retrieved documents
and make predictions for the input (e.g., generate the continuation). (b) The multimodal retriever is a dense retriever with a mixed-modal

encoder that can encode mixture of text and images (§3.2). (¢) The retrieval-augmented generator uses the CM3 Transformer architecture,
and we prepend the retrieved documents to the main input document that we feed into the model (§3.3).
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Self-RAG

(RAG) Ours: Self-r ive Retri

Generation (Self-RAG)

Prompt How did US states get their names? Prompt How did US states get their names? Step 1: Retrieve on demand

Step 1: Retrieve K documents % —> US states got their names from a variety of sources, | Retrieve |

Step 2: Generate segment in parallel o o o

@ 0fthe ity states, eleven are named
after an individual person.

e Generates multiple possible response segments in QO Iy e = é R
ope o . Emma is a popular baby name. o Prompt + +
parallel, utilizing the retrieved documents as = o %, o
context.

[F8555] 11 of 50 state names
California's name has its
Step 2: Prompt LM with K docs and generate E"’"‘E lexas is named @ o

e The model ranks the generated segments based on prompt i s st et e s+ QO mm“m:mmnm . e
their critique scores, selecting the most accurate and %ﬁ“”m (o==) > 0 mm > 0=
relevant segment as the final output. i it G oo s %’; ] > o U 0ot e e b e o s 10

e This selection process ensures that the response is ey e e
both Factually correct and contextually appropriate. S e e | Sl

Q 000 > & v % ([ererra | My best summer vacation s when my famiy and | embrked on a road rp along

Asai & Al, 2023, Self-RAG: Learning to Retrieve, Generate, and Critique through Self-Reflection
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RAPTOR Tree Formation of one tree layer Contents of a node
RAPTOR 6 7 8 Cl\ \ e

Root layer * ® 2. Summarization "t \ Child Nodes: 2,3
i by LLM \ —
. \ P ~ N Text: summary of

% 220 N nodes 2 and 3
‘t\ - p yZ

Text Embedding

Leaf layer 1 2l (73] (A2 5 [?]
e RAPTOR recursively summarizes retrieved Agrdir
documents. Instead of processing the full text of
multiple documents directly, it creates concise
summaries that retain the most important = = E] e
information at each recursive step. ‘
e This hierarchy of summaries reduces the amount of _: EEIES
information that needs to be processed while
preserving the context and key facts from the :
original documents. e G il ) G ) G2 G G B G ) & B &
1t Mt
RAPTOR retrieved for Question 1 DPR retrieved for Question 1
D RAPTOR retrieved for Question 2 mm) DPR retrieved for Question 2

Sarthi & AL, 2024, RAPTOR: Recursive Abstractive Processing for Tree-Organized Retrieval
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Corrective RAG (CRAQG)

Ask: If retrieved
documents are

Knowledge Refinement

=E.Z=E>5?m.

Retrieval
Evaluator

e Add aretrieval evaluator based on the quality of

retrieved sources Knowledge
e Ifsources are considered as incorrect, or ambiguous, Correction [ Knowledge Searching w
augment or replace the context by a Web Search

query

i
------------------- ' web Selact
stuin [ ]

Generation l@ : | | @ : @

Generator
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GraphRAG

e TheLLM processes the entire private dataset, creating references to all entities and ‘
relationships within the source data, which are then used to create an LLM-generated ' ‘
knowledge graph. % L e et

e This graphis then used to create a bottom-up clustering that organizes the data s t -
hierarchically into semantic clusters. This partitioning allows for pre-summarization of . o sy
semantic concepts and themes, which aids in holistic understanding of the dataset. I I

e  Atquerytime, both of these structures are used to provide materials for the LLM context

window when answering a question.
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Conclusion

Simple RAG: Encodes document content into a vector store, enabling quick retrieval of relevant information to enhance model
responses.

Context Enrichment: Adds surrounding context to each retrieved chunk, improving the coherence and completeness of the returned
information.

Multi-Faceted Filtering: Applies various filtering techniques (metadata, similarity thresholds etc.) to refine and improve the quality
of retrieved results.

Fusion Retrieval: Combines vector-based similarity search with keyword-based retrieval to improve document retrieval.

Intelligent Reranking: Reassesses and reorders initially retrieved documents to ensure that the most pertinent information is
prioritized for subsequent processing.

Query Transformation: Modifies or expands the original query with query rewriting, step-back prompting and sub-query
decomposition.

Hierarchical Indices: First identifies relevant document sections through summaries, then drills down to specific details within those
sections.

Hypothetical Questions: HyDE transforms queries into hypothetical documents that contain answers, bridging the gap between
query and document distributions in vector space.

Choose Chunk Size: Selects an appropriate fixed size for text chunks to balance context preservation and retrieval efficiency.

Semantic Chunking: Unlike traditional methods that split text by fixed character/word counts, semantic chunking creates more
meaningful, context-aware segments.

Context Compression: Compresses and extracts the most pertinent parts of documents in the context of a given query.

Explainable Retrieval: Not only retrieves relevant documents based on a query but also provides explanations for why each
retrieved document is relevant.

Retrieval w/ Feedback: Utilizes user feedback on the relevance and quality of retrieved documents and generated responses to
fine-tune retrieval and ranking models.
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Conclusion

Adaptive Retrieval: Classifies queries into different categories and uses tailored retrieval strategies (factual,
analytical, contextual etc.) for each, considering query context and preferences.

Iterative Retrieval: Analyzes initial results and generates follow-up queries to fill in gaps or clarify information.

Ensemble Retrieval: Applies different embedding models or retrieval algorithms and uses voting or weighting
mechanisms to determine the final set of retrieved documents.

Graph RAG= Retrieves entities and their relationships from a knowledge graph relevant to the query,
combining with unstructured text for more informative responses.

Multimodal: Integrates models that can retrieve and understand different data modalities, combining insights
from text, images, and more.

RAPTOR: Uses abstractive summarization to recursively process and summarize retrieved documents,
organizing the information in a tree structure for hierarchical context.

Self RAG: Multi-step process integrating decision, document retrieval, relevance filtering and generative
feedback For more powerful model responses.

Corrective RAG: Dynamically evaluates and corrects the retrieval process, combining vector databases,
feedback, and models to improve responses.

Few shot examples: Provides a few examples in the prompt to help the LLM understand the desired output
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Go to : https://kahoot.com/

Click Play
Enter code: XXX XXX
Enter your name
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IV. Beyond LLM, Tools and (Multi)-Agents

Short-term memory Long-term memory

[} [}
[
Calendar() [+« Memory [ —---- e ——————— 5
A. BeyondLLMs " | {
Calculator () [« ! Reflecti
B. Agents & Tools ' erecton
C. Multi Agents SyStems Codelnterpreter ()i i+ T°I°|$ < Agent [ Planning —»| Self-critics
Search () [« : ! Chain of thoughts
I
..more R > Action Subgoal decomposition

Pauphine | PSL*

TUNIS
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Short-term memory Long-term memory

4 [}
I

Calendar() |+« Memory f-=-==-=-==-==-====-- 3

A. BeyondLLMs i

Calculator() [« Reflection
B. Agents & Tools Y r
C. MUlti Agents Sy St ems CodeInterpreter () [« Tolols < Agent [ Planning —»{ Self-critics
Search () |« : ’ Chain of thoughts
I
I
_.more «—] | - > Action Subgoal decomposition

Pauphine | PSL*
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IV.A. Beyond LLMs

Back in the past

Emergent abilities definition:
An ability is emergent if it is present in
larger but no smaller models

Performance is near random until a
certain critic threshold

—e— LaMDA

(A) Mod. arithmetic

—a— GPT-3

(B) IPA transliterate

50 50
~ 40 40
IS —~
~ X
. 30 S 30
3 =
520 = 2
3 m
< 10 10
0 o =i 0F i

1018 1020 1022 1024

(E) TruthfulQA

—4— Gopher —4A— Chinchilla —@— PaLM

(C) Word unscramble
50

N W s
o © o

Exact match (%)
S

1018 1020 1022 1024

(F) Grounded mappings

1018 1020 1022 1024

(G) Multi-task NLU
70

3]
o

Exact match (%)
S

0

[
(==}

IS
(=]

Pauphine | PSL%
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- == Random

(D) Persian QA

1018 1020 1022 1024

(H) Word in context

70 70 70
" oy e " 60 60 60 60
Know as “phase transition % 5 S 50 £ 50 S50} 4
> 40 > 40 > 40 > 40
2 i 3 2 )
530 i §30 530 - 530
é 20 <<.:> 20 <<.:> 20 <<.:> 20
10 10 10 10
0 0 0 0
1020 1022 1024 1020 1022 1024 1020 1022 1024 1020 1022 1024

Model scale (training FLOPs)

Wei & Al, 2022, Emergent Abilities of Large Language Models
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Table 1: List of emergent abilities of large language models and the scale (both training FLOPs and number
of model parameters) at which the abilities emerge.

Emergent scale

Train. FLOPs Params. Model  Reference
Few-shot prompting abilities
¢ Addition/subtraction (3 digit) 2.3E+22 13B GPT-3  Brown et al. (2020)
¢ Addition/subtraction (4-5 digit) 3.1E423 175B
e MMLU Benchmark (57 topic avg.) 3.1E+23 175B GPT-3  Hendrycks et al. (2021a)
e Toxicity classification (CivilComments) 1.3E4-22 7.1B Gopher  Rae et al. (2021)
e Truthfulness (Truthful QA) 5.0E+23 280B
e MMLU Benchmark (26 topics) 5.0E+23 280B
e Grounded conceptual mappings 3.1E+23 175B GPT-3  Patel & Pavlick (2022)
e MMLU Benchmark (30 topics) 5.0E423 70B  Chinchilla Hoffmann et al. (2022)
e Word in Context (WiC) benchmark 2.5E+24 540B PaLM  Chowdhery et al. (2022)
¢ Many BIG-Bench tasks (see Appendix E) Many Many Many  BIG-Bench (2022)
Augmented prompting abilities
e Instruction following (finetuning) 1.3E+23 68B FLAN  Wei et al. (2022a)
e Scratchpad: 8-digit addition (finetuning) 8.9E+19 40M LaMDA Nye et al. (2021)
e Using open-book knowledge for fact checking 1.3E+22 7.1B Gopher  Rae et al. (2021)
¢ Chain-of-thought: Math word problems 1.3E+23 68B LaMDA  Wei et al. (2022b)
e Chain-of-thought: StrategyQA 2.9E+23 62B PaLM  Chowdhery et al. (2022)
¢ Differentiable search index 3.3E422 11B T5 Tay et al. (2022b)
e Self-consistency decoding 1.3E+423 68B LaMDA  Wang et al. (2022b)
¢ Leveraging explanations in prompting 5.0E+23 280B Gopher  Lampinen et al. (2022)
o Least-to-most prompting 3.1E+23 175B GPT-3  Zhou et al. (2022)
e Zero-shot chain-of-thought reasoning 3.1E+23 175B GPT-3 Kojima et al. (2022)
¢ Calibration via P(True) 2.6E+423 52B  Anthropic Kadavath et al. (2022)
e Multilingual chain-of-thought reasoning 2.9E+23 62B PaLM  Shi et al. (2022)

Wei & Al, 2022, Emergent Abilities of Large Language Models
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Increase model abilities

e Further scaling to train larger model with new emergent
abilities

e New architecture, higher quality data, new training procedure
could enable emergent abilities

e Further research to make the abilities available for small models
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Emergent Abilities
limitations

e Societal risk with toxicity, bias and
truthfulness

e Limitations with scaling LLM: Training
data memorization (“overfitting”),
toxicity and bias

e Other limitations we don’t have
discovered yet

Sociological limitations

e Adoption of LLM, use of these models
e LLMused for alarge range of tasks

o O O O O

Text

Image

Audio
Classification
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IV.A. Beyond LLMs

The Future of Large Language Models:

Generalist Agents
Longer video understanding and generation
Incredibly long sequence modeling (GPT authors a novel)
Domain specific foundation models (Doctor GPT, Lawyer GPT)
Real world impacts

o Personalized education and tutoring systems

o  Advanced healthcare diagnostics

o Real time multilingual communication

Shick & Al, 2023, Toolformer: Language Models Can Teach Themselves to Use Tools

Pauphine | PSL%

TUNIS

The New England Journal of Medicine is a registered
trademark of [QA("Who is the publisher of The New
England Journal of Medicine?") — Massachusetts
Medical Society] the MMS.

Qut of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga”, the Spanish word for
[MT("tortuga”™) — turtle] turtle.

The Brown Act is Califomia’s law [WikiSearch("Brow:
: ve Ralph M. Brown Act is an a
fornia State Legisiatur 1at guarantees the public’s
participate in meetings of loca

legisiative bodies. | that requires legislative bodies, like
city councils, to hold their meetings open to the public
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The Future (What is missing):

Missing fonctionnalites to Artificial General Intelligence (AGI)

Reducing computation complexity

Enhance human controllability

Adaptive Learning

Infinite external memory

Long horizon decision making

Multi-sensory embodiment (physics and commonsense)

Shick & Al, 2023, Toolformer: Language Models Can Teach Themselves to Use Tools

Pauphine | PSL%

TUNIS

The New England Journal of Medicine is a registered
trademark of [QA("Who is the publisher of The New
England Journal of Medicine?") — Massachusetts
Medical Society] the MMS.

Qut of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga”, the Spanish word for
[MT("tortuga”™) — turtle] turtle.

The Brown Act is Califomia’s law [WikiSearch("Brow:
fornia State Legisiatur 1at guarantees the public’s
participate in meetings of loca

legisiative bodies. | that requires legislative bodies, like
city councils, to hold their meetings open to the public
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IV.A. Beyond LLMs

Chain-of-Thought (CoT)

Definition: ‘a series of intermediate reasoning
steps significantly improves the ability of large
language models to perform complex reasoning’

Example with one shot prompting:

“If Alice has 5 apples, and she buys 3 more, how
many apples does she have in total?”

Without Chain-of-Thought (direct answer):
l18"

With Chain-of-Thought:

“Alice starts with 5 apples. She buys 3 more apples.
So, 5 + 3 equals 8. Therefore, Alice has 8 apples.”

Wei & Al, 2023, Chain-of-Thought Prompting Elicits Reasoning in Large Language Models

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

¥

A: The answer is 27. x )

Pauphine | PSL%

TUNIS

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

he answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have? J

answeris 9. ¢/ )
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Chain-of-Thought (CoT)

CoT results in performance gains for larger LMs, but still have a non negligible fraction of errors

CoT works For 100B + params models

CoT fail for smaller models: “one step missing” or “semantic understanding” CoT errors are the most
commons on smaller models

3 potentials reasons:
e  Weaker arithmetic abilities
e Logical loopholes and do not arrive at final answer

New research area: Generalizing CoT for small models
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Tree of Thought (ToT)

paths and self-evaluation choices to decide the next
course of action, as well as looking ahead or
backtracking when necessary to make global

choices’
O O
Majonty vote

(a) Input-Output () Chain oFThought (c) Self Consistency
Prompting (1) Prompting (CoT. with CoT (CoT-SC)

Inpu
Definition: ‘Consider multiple different reasoning @ @ @
[ ]

l l l

e

(d) Tree of Thoughts (ToT)
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Program-Aided Language Model (PAL)

Chain-of-Thought (Wei et al., 2022) Program-aided Language models (this work)

: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis balls does he have now?
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? A: Roger started with 5 tennis balls.
tennis_balls = 5
A: Roger started with 5 tennis balls. 2 cans of 3 tennis 2 cans of 3 tennis balls each is
balls each is 6 tennis balls. 5 + 6 = 11. The answer is 11. bought _balls = 2 * 3
tennis balls. The answer is
. . . Q: The bakers at the Beverly Hills Bakery baked 200 answer = tennis balls + bought balls
PAL add an |nte rmEdlate reasonlng Step tO loaves of bread on Monday morning. They sold 93 loaves - -
. in the morning and 39 loaves in the afternoon. A grocery Q: The bakers at the Beverly Hills Bakery baked 200
tra ns FO rma p ro b le min tO Pyth on COd e. store returned 6 unsold loaves. How many loaves of loaves of bread on Monday morning. They sold 93 loaves
bread did they have left? in the morning and 39 loaves in the afternoon. A grocery

store returned 6 unsold loaves. How many loaves of bread

L / \ did they have left? J

. L. . . . .
PAL distinguishes reasoning and solving in two gm0 T
se p ara t es t e p S A: The bakers started with 200 loaves. They sold 93 in \ A: The bakers started with 200 loaves

the morning and 39 in the afternoon. So they sold 93 + loaves_baked = 200

39 = 132 loaves. The grocery store returned 6 loaves. So They sold 93 in the morning and 39 in the afternoon

they had 200 - 132 - 6 = 62 loaves left. loaves_sold morning = 93

The answer is 62. loaves_sold afternoon = 39

x The grocery store returned 6 loaves.
\ / loaves_returned = 6

The answer is
answer = loaves baked - loaves_sold morning
- loaves_sold afternoon + loaves_returned

“

Figure 1: A diagram illustrating PAL: Given a mathematical reasoning question, Chain-of-thought (left) generates interme-
diate reasoning steps of free-form text. In contrast, Program-aided Language models (PAL, right) generate intermediate
steps and Python code. This shifts the role of running the reasoning steps from the language model to the Python interpreter.
The final answer is obtained by running the generated reasoning chain. Chain-of-thought reasoning is highlighted in blue ;
PAL steps are highlighted in gray and pink;the Python interpreter run is [N Y COErT e,

Gao & Al, 2022, PAL: Program-aided Language Models
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Program-Aided Language Model (PAL)

Q: Jane was born on the last day of Feburary in 2001. Today is her 1l6-year-old
< birthday. What is the date 24 hours later in MM/DD/YYYY?

A: The last day of February is the 28th, so Jane was born on 02/28/2001. Today is her
< 16-year old birthday, so today is 02/28/2017. So 24 hours later is 02/29/2017. So
< the answer is 02/29/2017.

# Q: Jane was born on the last day of Feburary in 2001. Today is her l6-year-old
birthday. What is the date 24 hours later in MM/DD/YYYY?

# If Jane was born on the last day of Feburary in 2001 and today is her lé6-year-old
birthday, then today is 16 years later.

today = datetime (2001, 2, 28) + relativedelta(years=16)

# 24 hours later,

later = today + relativedelta (hours=24)

# The answer formatted with $%m/%$d/%Y is

later.strftime ('$m/%d/%Y")

Figure 25: Example model generation on Date Understanding.

Gao & Al, 2022, PAL: Program-aided Language Models
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Baby LM: Children vs LLMs

- ALMsees 10> more words than a 4 years old child

- Children learn in a smarter, more explicit compositional/hierarchical manners learning
abstraction/generalization and reasoning more easily

- Baby LM Challenge: train a powerful model with just a limited amount of data

- LM on device (edge computing, i.e smartphones

200 1.4
Billion Trillion
3 30
\ o @
13y.0. BERT RoBERTa  GPT-3 Chinchilla
Human (2018) (2019) (2020) (2022)
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https://babylm.github.io/

Baby LM: Children vs LLMs

Developmentally plausible pre training dataset inspired by the input to children

e Under 100M words: Children are exposed to 2M-7M words per year (Gilkerson et
al., 2017). Choosing the beginning of adolescence (age 13) as a cutoff, children
are exposed to at maximum 91M words, which they round up to 100M.

e Mostly transcribed speech: Most of the input to children is spoken; thus, the
dataset fFocuses on transcribed speech.

e Mixed domain, consisting of the following sources: CHILDES (child-directed
speech), OpenSubtitles (speech), BNC (speech), TED talks (speech), children’s
books (simple written language), Wikipedia, and Simple Wikipedia.
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Mixture of Expert (MoE) model

Gating Weights
e Combination of multiple small (Bxpert1) [(Expert2] (Expert3) «-e-s
Neural networks knowns as expert
which are trained and capable of Router MOoE Layer
handling particular data and
performing specialised task [ Sel-Atjefiiton Layer ]

e Gatin network predicts which
. . Aduio-Language Speech-Language Vision-Language
responseis best suited to address [ Connector J[ Connector ][ Connector ]

h r l 9 1 l 9 1)
the request Audio Speech |
Encoder Encoder

Word
Embedding

Visual
Encoder

i Textual :

i i i g 1

s SU E. {_Instruction |
Audio Speech Image Video Text
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What is
Dauphine Tunis
User

Request ‘ latest course ?
A. Beyond LLMs l
B. Agents & Tools
C. Multi Agents Systems Tools Agent Planning

Memory

Pauphine | PSL*
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Example

- . - LR - .
AR, IZIANILE . [
- L" i e nye
iga' W\Mi
-
A > ‘e 3 - 1ye -
am.iar -
-~ . R - - e - - - .
P -
- - e -
Y. L. -
,‘ L L - et L S roge
- - Ll
4 —h

https://www.youtube.com/watch?v=Ubr7FWmelyM&t=75s

210

© Florian Bastin, 2024. Tous droits réservés.


http://www.youtube.com/watch?v=Ubr7FWmeIyM
https://www.youtube.com/watch?v=Ubr7FWmeIyM&t=75s

Why Agents ?

1. Why ? A single LLM call is not enough to do complex tasks
2. How ? Using model chaining, reflection, chain of thought ...

3. Tools ? Memory, context length, personalization, actions, internet access...
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Agents example

What is the
latest course
at Dauphine
) IASD Master ?
User
Request
~__
Tools Planning
)
Memory
~__
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Agents example

What is the
latest course
at Dauphine

IASD Master ?

A

Tools

( ) .. @ Step 1: WebSearch(Dauphine IASD

N program)
Memory ~| Step 2: Download PDF program
Step 3: Read Program
\ J Step 4: Order courses

Step 5: Answer
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IV.B. Agents & Tools

Agents example

Download |
PDF
J
4 )
LLM
o
( )
Math Tool
o J
4 )
3 | WebSearch
o J

Tools

A

Pauphine | PSL%

What is the
latest course
at Dauphine

IASD Master ?

Step 1: WebSearch(Dauphine IASD
program)

Step 2: Download PDF program
Step 3: Read Program

Step 4: Order courses

Step 5: Answer
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Agents example

What is the
latest course
at Dauphine

IASD Master ?

Download ) !

PDF
Select the ~ -
good links o ) N J
@ LLM
h Tools |-
p ~ ools <
Math Tool
_ J ( AR @ Step 1: WebSearch(Dauphine IASD
S program)
( h Memory “~| Step 2: Download PDF program
Step 3: Read Program
@ WebseaFCh \. J Step 4: Order courses
\_ Y, Step 5: Answer
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Agents example

What is the
latest course

’ at Dauphine
@ Download ) “| 1ASD Master?
PDF
Select the N~ -
good links o ( M \ )
@ LLM
h Tools |-
p ~ ools <
Math Tool
_ J ( AR @ Step 1: WebSearch(Dauphine IASD
S program)
( h Memory “~| Step 2: Download PDF program
Step 3: Read Program
@ WebseaFCh \. J Step 4: Order courses
\_ Y, Step 5: Answer
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Agents example

What is the
latest course
at Dauphine

@ Download ) “| 1ASD Master?
- \ PDF
Select the ~ ~
good links N ) N J
/N
@, LLM
s N L
Read and order |-’ Tools <
the courses @ 4 h
N\ J
Math Tool
_ Y, ( NS @ Step 1: WebSearch(Dauphine IASD
S program)
( h Memory “~| Step 2: Download PDF program
Step 3: Read Program
@ Websea FCh . J Step 4: Order courses
\_ Y, Step 5: Answer
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Agents example

“The latest course a Dauphine
IASD is Data Science Project”

What is the

p N @ K @ latest course
K /| atDauphine
@ Download J ) “| 1ASD Master?
- v | PDF
Select the /
good links N ) N J
/N
@, LLM
- N L
Read and order |-’ Tools <
the courses @ 4 h
\_ Y,
Math Tool
_ Y, ( NS @ Step 1: WebSearch(Dauphine IASD
S program)
( h Memory “~| Step 2: Download PDF program
Step 3: Read Program
@ WebseaFCh . J Step 4: Order courses
\_ Y, Step 5: Answer
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Agents example

“The latest course a Dauphine
IASD is Data Science Project”

What is the

@ / @ latest course
D l d h K ’ at Dauphine
@ owntoa ( \ “| 1ASD Master?
- ~¥ | PDF
Select the
good links o
J s
@, LLM
e N 7L )
Read and order |- NN
the courses @ a Sl )
N Y, Sed] e
Math Tool-.

Step 1: WebSearch(Dauphine IASD
program)

- J

( ) Step 2: Download PDF program
Step 3: Read Program
@ WebseaFCh Step 4: Order courses
\_ Y, Step 5: Answer
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Agents example

“The latest course a Dauphine

IASD is Data Science Project” User
What is the
Tt~ @ latest course
Tl - at Dauphine
® Download ! IASD Master ?

- N PDF You are a
Select the ~ J platrr\]nert.. Plan
good links o N € steps

J
@, LLM Tools
e N L )
Read and order |-’
the courses @ 4 )
\ Y, .
Math Tool \\@ Step 1: WebSearch(Dauphine IASD
L ) AN program)
*\| Step 2: Download PDF program
e N\ Step 3: Read Program
Step 4: Order courses
@ WebSearch Memory Step 5: Answer
& J
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Short-term memory

Long-term memory

A

A

3

)

Memory

\
\
A I
\
v
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Y

A

Agents
Calendar ()
Calculator ()
CodeInterpreter ()
Search ()
...more

Agent » Planning

Reflection

Action

Self-critics

Y

Chain of thoughts

Subgoal decomposition
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Human like Al Agents

Building agents with LLM (large language model) as its core controlleris a end of 2023 concept.

Several proof-of-concepts demos, such as:
AutoGPT, 167K

GPT-Engineer, 52K

ChatDev, 25K

BabyAGlI, 20K

are Agent example.
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Chat Dev O;i% Software

Coding

(A
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==
" 75, el ¢
Nt

o (3

ChatDev, 25K - | 993
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Human like Agents

1. Capable of using human-designed interfaces: Able to work with existing interfaces meant
for humans, transcending typical programmatic limitations.

2. Acts as a digital extension: Functions as an extension of the user, taking actions on their
behalf.

3. Fewer restrictions: Can manage logins, payments, and interact with services without being
limited by API constraints.

4, Simple actions required: Operates using basic action primitives, such as clicking and typing.
5. Learns and improves: Continuously learns from user interactions and enhances its
performance over time.
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Artificial general intelligence (AGI)

Definition: type of artificial intelligence (Al) that matches or surpasses human cognitive capabilities
across a wide range of cognitive tasks.

To create an AGI, Al systems have to perform better than human.

Q. How to make performance comparison ?

Leaderboard
Submission made by our team are labelled "GAIA authors". While we report average scores over different runs when possible in our paper, we only report the best run in the leaderboard.

See below for submissions.
¥ citation

Results: Test

Agent name Average score (%) Level 1 score (%) Level 2 score (%) Level 3 score (%) organisation Model family Submission date
Multi Agent 38.87 53.76 37.74 14.29 2024-10-10
das_agent. v0.4 38.21 51.61 36.48 18.37 NA GPT-40 2024-10-04
Trase Agent vo.1 35.55 50.54 33.33 14.29 Trase Systems Fine-tuned GPT-40 2024-09-04
Sibyl. System v@.2 34.55 47.31 32.7 16.33 Baichuan Inc. GPT-40 2023-11-03
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IV.B. Agents & Tools

General Al Assistant benchmark (GAIA)

Pauphi

We evaluate the systems by their capacity of solving tasks that requires reasoning

We don't evaluate if they reason like humans

GAIA:
A Benchmark for General Al Assistants

Grégoire Mialon!, Clémentine Fourrier?, Craig Swift®, Thomas Wolf?, Yann LeCun!, Thomas
Scialom?

LFAIR, Meta, 2HuggingFace, 3AutoGPT, *GenAl, Meta

We introduce GAIA, a benchmark for General AI Assistants that, if solved, would represent a
milestone in AI research. GAIA proposes real-world questions that require a set of fundamental
abilities such as reasoning, multi-modality handling, web browsing, and generally tool-use proficiency.
GAIA questions are conceptually simple for humans yet challenging for most advanced Als: we
show that human respondents obtain 92% vs. 15% for GPT-4 equipped with plugins. This notable
performance disparity contrasts with the recent trend of LLMs outperforming humans on tasks
requiring professional skills in e.g. law or chemistry. GAIA’s philosophy departs from the current
trend in AI benchmarks suggesting to target tasks that are ever more difficult for humans. We posit
that the advent of Artificial General Intelligence (AGI) hinges on a system’s capability to exhibit
similar robustness as the average human does on such questions. Using GAIA’s methodology, we
devise 466 questions and their answer. We release our questions while retaining answers to 300 of
them to power a leader-board hereby accessible.

Date: November 23, 2023
Correspondence: {gmialon,tscialom}@meta.com, clementine@huggingface.co
Code: https://huggingface.co/gaia-benchmark

(7]

LeCun, Wolf & AL, 2023, GAIA: A Benchmark for General Al Assistants

ne | PSL%

TUNIS

Question: What was the actual enrollment count of the clinical trial on H. pylori in acne vulgaris
patients from Jan-May 2018 as listed on the NIH website?
Ground truth: 90

Level 2

Question: If this whole pint is made up of ice cream, how many percent above
or below the US federal standards for butterfat content is it when using the
standards as reported by Wikipedia in 20207 Answer as + or - a number rounded
to one decimal place.
Ground truth: +4.6

Level 3

Question: In NASA’s Astronomy Picture of the Day on 2006 January 21, two astronauts are visible,
with one appearing much smaller than the other. As of August 2023, out of the astronauts in the
NASA Astronaut Group that the smaller astronaut was a member of, which one spent the least time
in space, and how many minutes did he spend in space, rounded to the nearest minute? Exclude any
astronauts who did not spend any time in space. Give the last name of the astronaut, separated from
the number of minutes by a semicolon. Use commas as thousands separators in the number of minutes.
Ground truth: White; 5876
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IV.B. Agents & Tools

Will Al Systems become AGI ?

Pauphine | PSL%

GAIA paper

Auto Gen

“Multi Agent”

AGI?

Human: 92%

Al System: 13%

Human: 92%

Al System: 34%

Human: 92%

Al System: 38.87%

Human: 92%

Al System: ?
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IV.B. Agents & Tools

Reasoning tasks challenges

Arithmetic Reasoning
Geometry Reasoning
Theorem Proving
Scientific Reasoning

B B
AN

Mathematical
Reasoning

Commonsense QA
Physical Commonsense
Spatial Commonsense

Propositional Logic
Predicate Logic

Commonsense Causal
_‘: m r' Reasoning . Reasoning
- Reasoning
Theory of Mind Tasks
Weather Prediction Other Visual
Abstract Reasoning
Defeasible Reasoning et Ressoning

Medical Reasoning
Long-Chain Reasoning
Bioinformatics Reasoning
Audio Reasoning

®
&=

Embodied
Reasoning

Introspective Reasoning

P
Muti-agent Reasoning
For Autonomous Driving

g

Sun & Al, 2023, Reasoning with Language Model Prompting: A Survey

Generation
Multimodal Understanding

LY

Policy Optimization
Decision Making
Explanation

Scientific Discovery
Counterfactual Reasoning

o)
Ll

2D Reasoning
3D Reasoning

a o

Support

L

Pauphine | PSL%
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Reasoning
Techniques

Pre-Training

Fine-tuning

Mixture of Experts (MoE)

Alignment Training

In-Context Learning

Autonomous Agent

¥

228

© Florian Bastin, 2024. Tous droits réservés.


https://arxiv.org/pdf/2212.09597

IV.B. Agents & Tools

Pauphine | PSL%
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Automation Levels

5 °
For on-road vehicles Human driver E Automated system

Steeringand Monitoring Fallback when Automated
acceleration/ ofdriving  automation  systemisin

deceleration environment fails control
NO N/A
AUTOMATION
b
5 8
= 0
E s DRIVER Di?V“IAhEG
w
g § ASSISTANCE MODES
£5
g
PARTIAL D%?\xﬁe
AUTOMATION MODES
. CONDITIONAL Di?\%'ﬁG
g AUTOMATION MODES
k)
» 8
by =
£Q HIGH SOME
'% ; AUTOMATION DRIVING
S MODES
£3
E o
s E FULL
g AUTOMATION
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IV.B. Agents & Tools

Automation Levels

Performance (rows) x
Generality (columns)

Narrow
clearly scoped task or set of tasks

General

wide range of non-physical tasks, includ-
ing metacognitive tasks like learning new
skills

Level 0: No AI

Narrow Non-Al
calculator software; compiler

General Non-Al
human-in-the-loop computing, e.g., Ama-
zon Mechanical Turk

Level 1: Emerging
equal to or somewhat better than an un-
skilled human

Emerging Narrow Al
GOFAI (Boden, 2014); simple rule-based
systems, e.g., SHRDLU (Winograd, 1971)

Emerging AGI

ChatGPT  (OpenAl, 2023), Bard
(Anil et al., 2023), Llama 2
(Touvron et al., 2023), Gemini
(Pichai & Hassabis, 2023)

Level 2: Competent
at least 50th percentile of skilled adults

Competent Narrow Al

toxicity detectors such as Jigsaw
(Dasetal, 2022); Smart Speakers
such as Siri (Apple), Alexa (Amazon), or
Google Assistant (Google); VQA systems
such as PaLlI (Chen et al., 2023); Watson
(IBM); SOTA LLMs for a subset of tasks
(e.g., short essay writing, simple coding)

Competent AGI
not yet achieved

Level 3: Expert
at least 90th percentile of skilled adults

Expert Narrow Al
spelling & grammar checkers such as
Grammarly (Grammarly, 2023); gen-
erative image models such as Ima-
gen (Sahariaetal.,, 2022) or Dall-E 2
(Ramesh et al., 2022)

Expert AGI
not yet achieved

Level 4: Virtuoso
at least 99th percentile of skilled adults

Virtuoso Narrow Al
Deep Blue (Campbell etal., 2002), Al-
phaGo (Silver et al., 2016; 2017)

Virtuoso AGI
not yet achieved

Level 5: Superhuman
outperforms 100% of humans

Superhuman Narrow Al

AlphaFold (Jumper et al., 2021;
Varadi et al., 2021), AlphaZero
(Silver et al., 2018), StockFish (Stockfish,
2023)

Artificial Superintelligence (ASI)
not yet achieved

Morris & Al. 2024, Position: Levels of AGI for Operationalizing Progress on the Path to AGI

Pauphine | PSL%
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Agent components

Generally speaking, an LLM agent framework can
consist of the following core components:

User Request: a user question or request
Agent/Brain: the agent core acting as coordinator
Planning: assists the agent in planning future
actions

Memory: manages the agent's past behaviors

Wang & Al, 2024, A Survey on Large Language Model based Autonomous Agents

User

Request

v

:E Tools

P Agent

Memory

[i-{i]-i

v

\ Planning
%
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IV.B. Agents & Tools

Planning strategies

CoT , Zero-shot Cot ReWOO , HuggingGPT CoT-SC ToT , LMZSP , RAP
(T
Prompts Prompts \ : Prompts Prompts
———— | -
- - i - =
um [ | LLM | LLM LLM
= O : - 501
' m P~
Reasoning Step-1 Reasoning Step-1 : Step-1 Step-1 Step-1 :)
Y y Y L2 (3
Reasoning Step-2 LLM | Step-2 Step-2 ot il —I -l
¥ Reasoning Step-2 ' ¥ v T Step-2 Step-2 Step-2
Reasoning Step-n : ; Step-n Step-n Step-n v —
(i s 61 5]
Single-Path .' : Multi-Path & >
Reasoning Reasoning Step-n ! Reasoning Step-3 Step-3 Step-3 Step-3
Wang & Al. 2024, A Survey on Large Language Model based Autonomous Agents 232
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Planning feedback

Planning module have no feedback
The plan is provided at the beginning of the execution and will fail if any of the step fails

Q. How to address this challenge ?

User
Request

| Agent
A
v
Tools Memory A Planning

Wang & Al, 2024, A Survey on Large Language Model based Autonomous Agents 233
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IV.B. Agents & Tools

Synergizing Reasoning and Acting in Language Models (ReAct)

designed to interact with?

(1) Hotspot QA
Question: Aside from the Apple RémoEe, what other device
can control the program Apple Remote was originally

Answer: iPod x
Y

f{ (1b) CoT (Reason Only) }\
Thought: Let's think step
by step. Apple Remote was
originally designed to
interact with Apple TV.
Apple TV can be controlled
by iPhone, iPad, and iPod
Touch.
iPhone, iPad, and iPod
Touch.

So the answer is

Answer: iPhone, iPad, iPod

\Touch

Act 1: Search[Apple Remote]
Obs 1: The Apple Remote is a
remote control ..

Act 2: Search([Front Row]
Obs 2: Could not find [Front
Row]. Similar: ..

Act 3: Search FLORCIROW
(sottuare)])

Obs 3: Front Row is a
discontinued media center
software ..

Act 4: Finish[yes|

Y { (1d) ReAct (Reason + Act) ]—\

Thought 1: I need to search Apple Remote and find the

program it was originally designed to interact with.

Act 1: Search([Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in

October 2005 by Apple .. originally designed to control the
j program ..

Thought 2: Apple Remote was originally designed to con
the Front Row media center program. I need to search
Roﬂ next and find what other device can control it.
Act 2: Search[Front Row]

Obs 2: Could not find [Front Row]. Similargl ['Front Row
to Ea‘rth', 'Front Row Motorsports',' EEom Rolﬂ
Y,

f.ljhought § Front Row is not found. I need to search E‘:I:ont.‘

Row (software)
Act 3: Search|

Pauphi

ne | PSL*
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Prompt Method”

HotpotQA
(EM)

Fever
(Acc)

Standard
CoT (Wei et al., 2022)
CoT—SC (Wang et al., 2022a)

28.7
294
334

57.1
56.3
60.4

Act

ReAct

CoT-SC — ReAct
ReAct— CoT-SC

25.7
274
34.2
35.1

58.9
60.9
64.6
62.0

Supervised SoTA?

67.5

| 89.5

Yao & Al, 2023, Synergizing Reasoning and Acting in Language Models (ReAct)
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Memory

Definition: The memory module is essential for storing an agent'’s internal logs, including previous
thoughts, actions, and observations from interactions with the environment and users. In the literature on
LLM agents, two primary types of memory have been identified:

e Short-term memory: This contains context about the agent’s current situation, often implemented
through in-context learning. It is limited and short-lived due to the constraints of the context window.

e Long-term memory: This stores the agent’s past behaviors and thoughts that must be retained and
accessed over longer periods. It typically relies on an external vector store, enabling fast and scalable
retrieval of relevant information when needed.

A hybrid memory system combines both short-term and long-term memory to enhance the agent’s
capacity for long-range reasoning and accumulating experience.

Both the planning and memory modules allow the agent to operate in a dynamic environment and enable it
to effectively recall past behaviors and plan future actions.
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Tools

Definition: Tools refer to a set of utilities that enable the LLM agent to interact with external
environments, such as the Wikipedia Search API, Code Interpreter, or Math Engine.

These tools can also include:
e databases
e knowledge bases
e external models.

When the agent uses these external tools, it carries out tasks through workflows designed to help
the agent gather observations or relevant information needed to complete subtasks and fulfFill
user requests.

Example:
In a health-related query, a code interpreter serves as a tool that executes code and generates

the chart information requested by the user.
236
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Reflexion: Language Agents with Verbal Reinforcement Learning

—I 1. Decision making } [ 2. Programming ] [ 3. Reasoning ]—

You are in the middle of a room Task: You are given a list of two Task: What profession does John
(a) Task [...] Task: clean some pan and put strings [...] of open '(' or close Lanchester and Alan Dean Foster
it in countertop. ') ' parentheses only [...] have in common?
l [ def match parens(lst): Think: [...] novelist, journalist,
(b) Action:take panl from stoveburnerl if sl.count('("') + critic [...] novelist,

Trajectory Obs:Nothing happens.| [...] s2.count('(') == sl.count(')"') + screenwriter [...] common is
Action:clean panl with sinkbasinl s2. connt i ys Gkl novelist and Screenwriter.
Obs:Nothing happens. [...] return 'No' Action: “novelist, screenwriter”

Evaﬁiﬂon {Rule/nu Heuristic: Self-generated unit tests fail: Environment Binary Reward:
Hallucination. assert match parens(...) 0

(internal / external )

[...] failed because I incorrectly =)

assumed that they both had the
same multiple profess;ons | SRS

[...] wrong because it only checks
if the ‘total ‘count| of open and
close parentheses *s equal el

[...] EECOEEONpRe up the pan m
(d) stoveburner 1 [... |
Reflection was not in

|

(e) Next ebuz
Trajectory [...] Obs: You put the pan 1 in
countertop 1.

Action: “novelist”
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Reflexion: Language Agents with Verbal Reinforcement Learning

Agent

External feedback
{ Self-reflection (LM)

Internal Reflective
feedback text
| Evaluator (M) Evpenience
(long-term memory)
Trajectory [ ]
(short-term memory) o) J
—Obs / Reward — Environment ~— Action ——
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Reflexion: Language Agents with Verbal Reinforcement Learning

(a) ALFWorld Success Rate (a) ALFWorld Success Rate

-+-- ReAct only ReAct only - hallucination

—e— ReAct + Reflexion (Heuristic) / -+-- ReAct only - inefficient planning

—— ReAct + Reflexion (GPT) ReAct + Reflexion - hallucination
ReAct + Reflexion - inefficient planning
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8(a) HotPotQA Success Rate

--+-- CoT only
ReAct only
0.6 —* CoT + Reflexion
—+— ReAct + Reflexion —+—

(b) HotPotQA CoT (GT) (c) HotPotQA Episodic Memory
CoT (GT) only .0
—+— CoT (GT) + Reflexion

e
o

o

=

CoT (GT) only
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—— CoT (GT) EPM + Reflexion
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©

o
»
o

()]

o
N
o
»

Proportion of Solved Tasks
o
o

Proportion of Solved Tasks

e o e 9o 9
~

Proportion of Solved Tasks
w

0 1 2 3 4 5 6 7
Trial Number Trial Number Trial Number
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Reflexion: Language Agents with Verbal Reinforcement Learning

Definition: Reflexion is a framework designed to enhance language-based
agents by using linguistic Feedback.

Reflexion introduces a novel approach to verbal reinforcement, where the
policy is defined by the agent’s memory encoding combined with selected LLM
parameters.

e Atits core, Reflexion transforms feedback whether in the form of free
language or numeric scores from the environment into linguistic feedback,
also known as self-reflection.

e This feedback is then incorporated as contextual information for the LLM
agent in subsequent interactions.

e This process enables the agent to quickly learn from past errors, leading to
improved performance across various complex tasks.

Shinn & Al, 2023, Reflexion: Language Agents with Verbal Reinforcement Learning

Agent
External feedback
L Self-reflection (LM)

Internal

feedback text

Evaluator (LM) Experience

(long-term memory)
T srotiemmenony [—(__Acor@n ]

(short-term memory) Actor (LM)
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Code Actions Elicit Better LLM Agents

Instruction: Determine the most cost-effective country to purchase the Available APIs (3] estimate_final_price(converted_price: float, shipping_cost: float) -> float
smartphone model "CodeAct 1". The countries to consider are the USA, [1]lookup__rates(country: str) -> (float, float) (4] lookup_ phone_ price(model: str, country: str) -> float
Japan, Germany, and India. [2] convert_and__tax(price: float, exchange_rate: float, tax_ rate: float) -> float (5] estimate_ shipping_cost(destination_ country: str) -> float
LLM Agent using [Text/JSON] as Action CodeAct: LLM Agent using [Code] as Action
. I should calculate the phone price in USD for each country, then find the . I should calculate the phone price in USD for each country, then find the
) Think 5} Think

most cost-effective country. most cost-effective country.

Text: lookup_rates, Germany

==
</>| Action : e -
N IO ki 7] o Action
JSO {"tool lookup_rates”, "country Germany" } ——

= ['USA', 'Japan', 'Germany', 'India'] control & DataFlow of Code

@ Environment 1.1, 6.19 Final. pricesi= £ Simplifies Complex Operations

for country in countries:

o . Text: lookup_phone_price, CodeAct 1, Germany exchange_rate, tax_rate = lookup_rates(country)
</>| Action > local_price = lookup_phone_price("xAct 1", country)

JSON: {"tool": "lookup_phone_price", "model”: "CodeAct 1", "country”: "Germany"}
converted_price = convert_and_tax(

@ Environment 700 Fewer Actions Required! ! local_price, exchange_rate, tax_rate
shipping_cost = estimate_shipping_cost(country)
Action Text: convert_and_tax, 708, 1.1, 0.19 final_price = estimate_final_price(converted_price, shipping_cost)
JSON: {"tool": "convert_and_tax", "price": 700, "exchange_rate": 1.1, "tax_rate": 0.19}) final_prices[country] = final_price
@ Environment 916.3 most_cost_effective_country = min(final_prices, key=final_prices.get)

most_cost_effective_price = final_prices[most_cost_effective_country]

print(most_cost_effective_country, most_cost_effective_price)
[... interactions omitted (look up shipping cost and calculate final price) ...]

Text: lookup_rates, Japan Re-use ‘min’ Function from Existing
JSON: {"tool": "lookup_rates"”, "country": "Japan"} @ Environment [ 10019 Software Infrastructures (Python library)

[... interactions omitted (calculate final price for all other countries)...]

Action

@ R o The most cost-effective country to purchase the smartphone model is Japan
€SPONSE€ it price 984.00 in USD.

Wang & Al, 2024, Executable Code Actions Elicit Better LLM Agents

R o The most cost-effective country to purchase the smartphone model is Japan
€2} Response with price 904.88 in USD.
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Available APIs
\

oat, tax_rate loat) > flat

CodeAct: LLM Agent using [Code] as Action
T should caloulate the phons price in USD for each country, then find the
ol ry.

Code Actions Elicit Better LLM Agents

(] "dia'1 " Control & Data Flow of Code
simplifies Complex Operations

Text: Looky
5 Action X
JSON: (“to0

Code actions are more concise than JSON actions.

@ Erviroment 700
Efficiency in Running Parallel Actions:
To run 4 parallel streams of 5 consecutive actions:
° In JSON: Requires generating 20 separate JSON blobs in multiple steps.
° In Code: Achieved in a single step.

e-usemin’ Function from Existing
Software Infrastructures (Python library)

untry to purchase the smartphone model is Japan

Reduced Steps and Cost:
° Code actions require 30% fewer steps than JSON actions on average.

° Fewer steps mean 30% fewer tokens generated, making LLM calls and thus agent system runs approximately 30%
cheaper.

Reusability with Common Libraries:
° Code allows the reuse of tools from existing libraries, enhancing functionality and efficiency.

Improved Benchmark Performance with Code:
° Intuitive Expression: Code is a more natural way to express actions.
e LLM Proficiency: LLMs are extensively trained on code, making them more fluent in writing code than JSON.
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Challenges

e Collecting user data & preferences:
o Actively asking for preferences
o Passive learning from interactions
e Learning from user preferences: Supervised fine-tuning vs
human-feedback
e On-fly adaptation
e Privacy
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IV.C. Multi S
.C. Multi Agents Systems
MetaGPT Agents Collaboration with Developing SOP

1/5 ) | One-line requirement

3

Planning Define Write a classic and
" simple Flappy Bird
A B eyo n d L L M s Requirement Analysis B game.
B A . ) Architect Deszi;i ‘\\
. g en ts & To (o] ls Architectural Design

®-

Boss makes acceptance
check and payment

Meta Programming

C. Multi Agents Systems

3/5
%, ! Plan&Code Pretty good ! I can
% 1 directly use the
%0 X Engineer . _ interface and
©, 2 1 Y™ keyboard to play

e . = X Flappy Bird
2 = ppy Bird.

0'9;0 K @ . Test

A
d‘Od) .t QA Engineer ¥V
‘\4 Acceptance Check 5/5 —

Pauphine | PSL*

Hong & Al, 2023.11, Meta GPT TUNIS
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Multi Agent Systems

Definition: LLM-based multi-agent systems refer to frameworks where multiple autonomous agents, each
potentially powered by a Large Language Model, interact within a shared environment. These agents can
cooperate, compete, or operate independently, aiming to achieve individual or shared goals.

e Autonomy: Each agent operates independently and can make decisions based on its objectives, knowledge,
and the perceived state of the environment.

e Scalability: LLMs enable these agents to handle complex tasks and large amounts of data, making the
system scalable to various applications and scenarios.

e Interoperability: Agents can communicate and negotiate with each other, using natural language or other
forms of structured data facilitated by their underlying LLM capabilities.

e Adaptability: These systems are capable of adapting to new information or changes in the environment,
learning from interactions and refining their strategies over time.
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Why Multi Agent Systems

e Parallelization is possible for Multi Agents systems

e Task specialization: A agent can be the intermediate between the user and services
(spreadsheet, slides, internet expert, coder)

e Challenges:
o  Agent to Agent Communication

e How to exchange informations (natural languages) ?
o  Like human, there are misunderstanding
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Agent to agent communication

Agent 1
Business
Expert

Agents can communicate between each other
Hierarchy notion like manager
Worker can run on different GPU Manager Agent 2

Create failover mechanism Human _— Al Developer
Agent expert

Agent 3
Environmental
Expert

247

© Florian Bastin, 2024. Tous droits réservés.



IV.C. Multi Agents Systems Pauphine | PSL#

Limitations

e Reliability: Ensuring that the autonomous agent consistently performs its tasks without failure or errors.
e Looping and Plan Divergence: Addressing scenarios where the agent’s decision-making process leads to
infinite loops or deviates from the original plan.
e Testing and Benchmarking: Developing robust methods to evaluate and benchmark the performance of
autonomous agents across different tasks and environments.
e Real-World Deployment and Observability:
o  Trust: How do we ensure trust in Fully autonomous Al systems, especially in high-stakes
environments?
o Human Overrides: How can we integrate mechanisms for human intervention or overrides in the
event of unforeseen circumstances or errors ?
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Limitations

Auto GPT used $1000 of Open Al API calls to order a $15 pizza

G ; rubberjesus A, &
-

| used Auto GPT to order me a pepperoni and sausage pizza from Pizza
Hut and it was mind-blowing.

Only took 1 hour and ~$1,000 in Open Al credits

Usage this month
$1034.08 / $120.00
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Survey of progresses and challenges

Science Debate B Society W Game

W Science Experiments B Psychology Economy
M Embodied Agents B Recommender System Wl Policy Making
W Software Development M Disease Propagation

4

2023-12

2023-09

2023-06

2023-03

Agents
Capabilities
gdisition

td
Similation

Data§éts and

Framework
N Bepémarks

LLM-Based Multi-Agents

Guo & al, 2024, Large Language Model based Multi-Agents: A Survey of Progress and Challenges
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https://arxiv.org/pdf/2402.01680

Y Combinator, 2024, October, Why Vertical LLM Agents Are The New $1 Billion SaaS Opportunities
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https://www.youtube.com/watch?v=eBVi_sLaYsc&t=17s
http://www.youtube.com/watch?v=eBVi_sLaYsc

Go to : https://kahoot.com/

Click Play
Enter code: XXX XXX
Enter your name

252

© Florian Bastin, 2024. Tous droits réservés.


https://kahoot.com/

. Fine tuning & optimizations techniques

A. Pretraining a Large Language Model
Introduction

Cross entropy loss

Tokenization

Evaluation

Data preprocessing

Scaling laws

Training process
Cost and optimization

N AEWN=

B. Fine tuning a Large Lanquage Model

1. Supervised Fine Tuning
2. RLHF

3. Reward model

4., PPO & DPO

5.

Evaluation & Challenges

Pauphine | PSL*
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https://www.cloudskillsboost.google/focuse

s/104686?catalog rank=%7B%22rank%22%

3A1%2C%22num_Ffilters%22%3A0%2C%22h

as_search%22%3Atrue%7D&parent=catalog
&search id=40177754
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Module Overview:

1. Rappels
a. méthodes de similarités, Cos, MMR, RREF,
b. HNSW, SCANN
C. RNN LSTM
2. L’histoire des Transformers
a. Transformer & Foundations models: Alexandre Allauzen, Anna Pappa
b. LLM
i. RLHF & alignment
ii. PPO
3. Utilisation des LLMs — LANGCHAIN
Context & Tokens
Prompt Engineering
Approches RAG, CRAG, GraphRAG
HyDE, CrossEncoder, Reranker,
Agents
Les processus d’évaluations
4, Approches de fine tuning, LORA, Quantization, HF Hub
5. Ouverture modeles de diffusions
TGl has many SOTA techniques for decoding: Paged Attention, KV Caching and Flash Attention...

https://Inkd.in/e7BpXDgW

~P 00T

Projet chatbot, vidéo summarizer, agent, ...
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https://lnkd.in/e7BpXDqW

Session 1: Understanding Large Language Models
o What are Large Language Models (LLMs)
o Overview of applications: natural language
processing tasks, code generation, proof generation
o Challenges and limitations of LLMs
Session 2: Working with Text Data
o Data preprocessing techniques for text data
o Tokenization and vocabulary building
Session 3: Attention Mechanisms
o Types of attention mechanisms (self-attention,
multi-head attention)
o Efficient implementations
Session 4: Implementing a GPT Model from scratch
o Overview of Generative Pre-trained Transformers
(GPT)
o Architecture of GPT models (normalisation layers,
residual connections, positional embedding)
o Pretraining on Unlabeled Data: scaling laws,
evaluation metrics
Session 5: Fine Tuning
o Fine tuning for text classification
o Fine tuning with human feedback and reward
models
Session 6: Retrieval Augmented Generation
o Using retrieval mechanisms to enhance generation
tasks
o Language agents
Session 7: LLMs for code generation
o Code generation tasks (code completion, code
summarization, code repair)
o Learning from code-related feedback
o Inference algorithms for code
Session 8: LLMs and formal code
o LLMs for mathematics
o Neural theorem proving
o Verified code synthesis

Transformers

uphi

ne | PSL

TUNIS
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Output Tokens Throughput (tokens/s)

The output tokens throughput is measured as the average number of output tokens returned per second. We
collect results by sending 150 requests to each LLM inference provider, and calculate the mean output tokens
throughput based on 150 requests. A higher output tokens throughput indicates a higher throughput of the LLM
inference provider.

708 Models

6

o —
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https://arog.com/arog-lpu-inference-engine-crushes-first-public-llm-benchmark/
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https://groq.com/groq-lpu-inference-engine-crushes-first-public-llm-benchmark/

LLM Optimization

Pauphine | PSL%

TUNIS

Si vous utilisez des

hashtag
#LLM Open-Source en production, ce poste vous intéressera probablement.

Il'y a 2 semaines est sorti le papier présentant SageAttention, une implémentation du mécanisme
d'attention optimisée pour l'inférence des transformers.

=] Cette approche est trés prometteuse pour plusieurs raisons:

* Elle déclare accélérer grandement l'inférence (x1.7-2.1 par rapport a Flash Attention 2 sur une RTX4090)
- Elle est totalement plug-and-play, ce qui la rends tres facile a incorporer dans vos modeéles (cf I'image
ci-dessous)

L'ayant testé, je peux vous faire quelques retours:

« L'accélération d'inférence n'est pas vérifiée sur n'importe quel type de GPU. Avec un GPU L4 dans Google
Cloud (https:/Inkd.in/gWphsXhr), je n'ai pas noté d'amélioration démesurée (7% plus rapide sur I'exemple
donné dans leur repository Github)

« Et pour cause, les auteurs spécifient dans le package que leur algo est actuellement supporté par les
cartes graphiques RTX4090 and RTX3090: pour les autres architectures GPU, nada. 258
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https://www.linkedin.com/feed/hashtag/?keywords=llm&highlightedUpdateUrns=urn%3Ali%3Aactivity%3A7252204138078351363
https://www.linkedin.com/feed/hashtag/?keywords=llm&highlightedUpdateUrns=urn%3Ali%3Aactivity%3A7252204138078351363
https://lnkd.in/gWphsXhr

- Flash Attention
- Sage Attention https://arxiv.org/pdf/2410.02367
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https://arxiv.org/pdf/2410.02367

Closed-source vs. open-weight modeils

Llama 3.1 405B closes the gap with closed-source models for the first time in history.

MMLU (5-shot)
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