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Chatbots like ChatGPT rely on LLMs

Q

Research  Products  Safety  Company

@ openal

ChatGPT

Overview  Team  Enterprise  Education  Pricing

ChatGPT

Get answers. Find inspiration.
Be more productive.

Free to use. Easy to try. Just ask and ChatGPT can
help with writing, learning, brainstorming, and more.

<D

Help me stuc

Give me ideas for what to do with my kids'
entrance exz

Improve my essay writing ask me to outline Tell me a fun fact about the Roman Empire Write a text inviting my neighbors toa
barbecue 7 art»

Write a text asking a friend to be my plus-
my thoughts

one atawedding 7
Give me ideas about how to pla

Plan a'mental health day' to help me relax »
Years resolutions 7

Create amorning routine to boost my

Create a personal webpage for me after
productivity »

Write a Python script to automate sending
‘asking me three questions 7

eacharter tostartafilm club »
daily email reports »

Make up a story about Sharky, a tooth- Explain nostalg

Design a programming game teach basics in
brushing shark superhero 2

Quiz me on world capitals to enhance my

geography skills 7 afunway »

Make a sandwich using ingredients from my

Suggest fun activities to help me make
kitchen »

friends in a new city »
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LLMs rely on Attention and Transformer
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<
RNN limit 3: Parallelization

Forward and backward passes have O(sequence length) unparallelizable operations
GPUs can perform many independent computations (like addition) at once!

But future RNN hidden states can’t be computed in full before past RNN hidden
states have been computed.

Training and inference are slow; inhibits on very large datasets!
——000 o000 —
——000 000 —-

hT

Numbers indicate min # of steps before a state can be computed

h h h

7 2 3
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L paria ]
"Attention is all you need": Transformers

Keeps only the attention mechanism, removes RNN

Attention treats each token’s representation as a query to access and incorporate
information from a set of values.

Number of unparallelizable operations does NOT increase with sequence length.
, H H H H E E H H Maximum interaction distance:
attention O(1), since all tokens interact
at every layer!

attention n ' n F n n i n All tokens attend to all tokens in

previous layer; most arrows

embedding n n n n n n n n here are omitted
h, h, b, h,

Paul Lerner — November 2025 aiVanC ity
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Recurrence vs. Attention

e Number of unparallelizable operations
does not increase with sequence length.

RNN-Based Encoder-Decoder
Model with Attention

e Each "word" interacts with each other, so
maximum interaction distance is O(1).

Transformer-Based
Encoder-Decoder Model

Paul Lerner — November 2025 aivanc il«y
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Deep Learning is made out of GPUs

Zuckerberg's Meta Is Spending Billions to
Buy 350,000 Nvidia H100 GPUs

In total, Meta will have the compute power equivalent to 600,000 Nvidia H100 GPUs to help it
develop next-generation Al, says CEO Mark Zuckerberg.

"Bymichaelkan January 18,2024 f X & -e-

Wi

m //// Y
- |
e A

(David Paul Morris/Bloomberg via Getty Images)
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Deep Learning is made out of GPUs

Nvidia

115,59 $ 1288875,00 % +115,55 MAX

Aprés la cléture: 115,45$ (v 0,12%) -0,14

Fermé : 17 sept., 19:59:58 UTC-4 - USD - NASDAQ - Clause de non-responsabilité

1 5] 1m ém YD 1a 5a  MAX

8 copies of the model are trained in parallel
on a total of 384 GPUs (data parallelism = 8)

DP (data parallelism)

030USD §
140 7 déc. 2012
Volume : 58 M
120 ©
100 .
80 :
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40 :
20 g
0 T T T é
2000 2005 2010 2015

+38,400% in 12 years

Paul Lerner — November 2025
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()= 1GPU - NVIDIA A100 with 80GB of memory

PP (pipeline parallelism)

TP (tensor parallelism)

~ Model parameters

are divided across 4 GPUs
(tensor parallelism = 4)

U
O
W)
O

The layers of the model
are spread across

12 groups of GPUs
(pipeline parallelism = 12)

One full copy («replica»)
of the model takes

48 GPUs
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Attention as a soft, averaging lookup table

We can think of attention as performing fuzzy lookup in a key-value store.

In a lookup table, we have a table of keys
that map to values. The query matches one
of the keys, returning its value.

keys values

e v

query LB 2
d - v3 output
v4 % v4

e v

Paul Lerner — November 2025

In attention, the query matches all keys softly,
to a weight between 0 and 1. The keys’ values
are multiplied by the weights and summed.

keys values Weighted

Sum
vl

v2
query output

: o B3 [
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Self-Attention: Basic Concepts

“cat”

Each vector receives three representations (“roles”) D D D D D
]X: Query: vector from which e

the attention is looking
Hey there, do you have this information?”

w

Key: vector at which the query
looks to compute weights

;

“Hi, I hav
O]  Value: their weighted sumis
[¢]

x |
attention output

“Heres the information I have!”

(009]
Il
(co9)

®
-
=3
(2]

information - give me a large weight!”

(00 9]
Il

9 BuAen KOTHO Ha MmaTe <eos>

® “w
Paul Lerner — November 2025 "I"  “saw” “cat” “on" “mat" alvanc lt:’
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s
Self-Attention: Walk-through

Can be either input or a hidden layer

Paul Lerner — November 2025 aiVanC ity »
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Self-Attention: Walk-through

: Howrelevantare a,,a3,a,to a,?

We denote the level

of relevance as o

-------------------------------------------------------------------------------------

Paul Lerner — November 2025 aivanc ity
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s
Self-Attention: Walk-through

attention scores A 2=4q;" X3=4q1" ks A4=4q - ky

3 m
ky, = Wy a, ky = Wy a3 ky = Wy ay
q1 = WQ a

Paul Lerner — November 2025 atvanc lty
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Self-Attention: Walk-through

’ eal‘i
;=
) Z a
ety
i , (j , ,
ap () a3 A4
a=q, -k Xp=4," a3 =4, ks a4 =qky

ky =Wy a, ky = Wy a, ky = Wy a3 ky =Wy ay
q1 = WQ ay

Paul Lerner — November 2025
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s
Self-Attention: Walk-through

Use attention scores to extract information
by = Z i Vi
i

! .

0‘1 1—».

Paul Lerner — November 2025

avanc tty

PARIS-CACHAN



s
Self-Attention: Walk-through

In practice this is done in parallel:
the computation of b_1 is
independent of b_2

Repeat the same calculation for all ¢; to obtain b,

(%) —» X 4 —p %

Paul Lerner — November 2025 aiVanC ity
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Self-Attention: in parallel

— =X
— ~

I

I

V5
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in para

Self-Attention

by .

awvalcCl
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in parallel

Self-Attention

al-11

t},19

awvalcCl
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Self-Attention: in parallel

K=1Wy = K &8 I V ISR [
V=IW,
A=0QKT"

; Softmax -
A=IWy(d Wl =1W, Wi I A — A -
A" = softmax(A)
0=A/V H =

aivancity
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L paria ]
Self-Attention: formally

0=1IW, I={a,,...,a,} € R where q, € R?
K=1Wy Wy, Wy, Wy, € R4

V=IW, 0,K,V e R™

A=QKT _

A=IW, W =IW, Wi IT o A,AeR™

A’ = softmax(A) -

O0=AV — 0 € R™d

aivancity
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Permutation-invariant:
Transformer = Bag of Word?

b_2 sums over all a_i, does not
matter if @_1 comes before/after a_2, = Za/z,,- v,

l
=: |
%) —>

Paul Lerner — Noveer 2025 ) | aivanc ity
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o
Position Encoding

Most basic method: At the 1st layer,
add an embedding of the position to the
word embedding (BERT, GPT-3)

Typically initialized randomly and
learned like any other parameter of the
model

Despite adding position, several papers
argue that Transformer models are
permutation invariant / do not model
the order of words

More recent methods we won't cover
modify self-attention (RoPE, ALiBi)

Paul Lerner — November 2025

Transformer Block

X = Composite @
Embeddings
(word + position) &

Word
Embeddings

Position
Embeddings

C
QO
=
[¢"]
—

Janet

D,

3

back bill
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(aw)
./»Q—m—

avanc tty

PARIS-CACHAN



Attention is almost all you need

Since there are no element-wise

non-linearities, self-attention is simply
performing a re-averaging of the value
vectors

Apply a feedforward layer to the output
of attention, providing non-linear

power)

Self-Attention

activation (and additional expressive [
Nec

[y

S i s

Thinking

Paul Lerner — November 2025

E-.

X2

Machines

avancity

PARIS-CACHAN 24



Self-attention? What about causality?

b_1 depends on a_2 and a_3... but
the goal is the generate a_2 and

a3

Mask attention scores of future

Am bn mcmmmi i mmeam e TR
wor

a. = qtkjvjsl
E —00,j>i

[ [START]

The
For encoding
these words ™|

chef

L who

We can look at these (not
greyed out) words

i

d\e‘\ &©

<X

Paul Lerner — November 2025
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Putting the pieces together

Positional Encoding: otherwise
permutation-invariant

(Multi-head) Self-attention: essential part
to model relations between words

o masked for causality

Residual Connection: for stable
training/deeper networks

Feedforward for
nonlinearity/expressiveness

Linear/softmax: output layer back to
vocabulary dimension

Paul Lerner — November 2025

Repeat for number
of encoder blocks

Output Pr:babilities

¢

Add & Norm
Feed-Fbrward
Add & Norm

Masked Multi-head

Attention

aivancity
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s
Why Multi-Head Attention?

What if we want to look in multiple places Lave“ﬂ“temm\wl
in the sentence at once? The.

) w ” animal_
For word i, self-attention “looks” where didn

x_i Q_i K_jis high, but maybe we want
to focus on different j for different

—

Cross

reasons? the_
n street_

orange head for the coreference "The ey
animal” it_
was_

green head for the object "tired" too_

Paul Lerner — November 2025

The_
animal_
didn_

avancity
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o
Multi-Head Attention: Walk-through

:
(A

a
—
gj2

i,
Multi-head Attention Y

Paul Lerner — November 2025 alvanc lty
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o
Multi-Head Attention: Walk-through

—
Concatenation
é

Some
transformation

Y Multi-head Attention

Paul Lerner — November 2025 alVanC lty
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Multi-Head Attention: formally

Q'=1W,
K'=1W,
Vi=1Ww,
AlelKlT

Al/ = softmax(4’)
Ol — Al/ Vl

o=[0....0MY

Paul Lerner — November 2025

f—‘—\l—‘—u—l—w_l_\

I={ay...,a,} € R™ where a;, € RY

W, Wk, Wi, € R Multiple attention “heads” can be

J defined via multiple W* matrices
Ql, Kl, Vl c Rnxﬁ

Al/,Al c Rmxn
o' e p<¢ Each attention head performs attention independently

Y € R
[0':...;0" e R™d Their results are concatenated

0 € R

aivancity
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L paria ]
Multi-Head Attention: in parallel (as always)

d
compute I W, € R"™4 and then reshape to R

Then we transpose to R’*n%7- now the head axis is like a batch axis

III c RthXn

B0

Paul Lerner — November 2025 aivanc ity
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s
Residual Connections for stable training

® Residual connections are a trick to help models train better. Remember the Cell state in LSTM
e Instead of X = Layer(X'~D) (where i represents the layer)

e We let X = XD 4 | ayer(XU~Y) (so we only have to learn “the residual” from
the previous layer)

® Gradient is great through the residual

connection: its 1! [no residuals] [residuals]
® Bias towards the identity function! [Loss landscape visualization,
Lietal., 2018, on a ResNet]
3 @
Paul Lerner — November 2025 alvanc lt ’
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Linear

[ Concatenate ]

Scaled Dot-Product Attention

|

[ l (
Linear J.J [ Lin

| [{I_inear].] [
N ¢

K

Paul Lerner — November 2025

¥

ear ].]
Y

v Q

Output
Probabilities

Linear

—| Add & Norm

Feed Forward
N x

Add & Norm

Multi-Head
Self-Attention

. .

Positional ey
Embedding
Input Embedding

f

inputs
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[ perc1
Transformer for Machine Translation

Source: An admitting privilege is the right of a doctor to admit a patient to a hospital or a
medical centre to carry out a diagnosis or a procedure, based on his status as a health care
worker at a hospital.

Reference: Le privilége d’admission est le droit d’'un médecin, en vertu de son statut de
membre soignant d’un hépital, d’admettre un patient dans un hépital ou un centre médical
afin d’y délivrer un diagnostic ou un traitement.

RNNsearch-50: Un privilege d’admission est le droit d’'un médecin d’admettre un patient a un
hopital ou un centre médical pour effectuer un diagnostic ou une procédure, selon son statut
de travailleur des soins de santé a I'hdpital.

Transformer (fairseq wmt14.en-fr): Un privilége d'admission est le droit d'un médecin
d'admettre un patient dans un hépital ou un centre médical pour y effectuer un diagnostic ou
une intervention, en fonction de son statut de travailleur de la santé dans un hépital.

Paul Lerner — November 2025 Vaswani et al. 2017 alvanc llvy
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Scaling Transformers (the bitter lesson)

"The biggest lesson that can be read from 70
years of Al research is that general methods
that leverage computation are ultimately
the most effective, and by a large margin"

Rich Sutton

"ideas matter"

Paul Lerner — November 2025

Moore's law describes the empirical regularity that the number of transistors on integrated circuits doubles approximately every two years.
This advancement is important for other aspects of technological progress in computing - such as processing speed or the price of computers.
Transistor count
50,000,000,000

Moore’s Law: The number of transistors on microchips doubles every two years
in Data
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r count) Year in wlwh the microchip was first introduced
make progress against the world's largest problems, Licensed under CC-BY by the authors Hannah Ritchie and Max Roser
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Scaling Transformers (the bitter lesson)

1.0

0.8

0.6

Accuracy

0.4

0.2

Pythia
Pythia (Deduplicated)

0.0 —
107 108

10° 1019

Size (Parameters)

(a) LAMBADA (OpenAl)

Paul Lerner — November 2025

There seems to be no limit, from millions to
billions to trillions of parameters

85

Micro accuracy
~ [ee)
w =}

~
o

65

Llama 3 8B Llama 3 70B Llama 3 405B

aivancity
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s
Scaling Transformers: buy more GPUs

1.0

0.8

P
g 0.6
5
3
< 04

0.2 — Pythia
——— Pythia (Deduplicated)
0'0 L | 11111l [N | L 111111
107 10® 10° 10'°

Size (Parameters)

(a) LAMBADA (OpenAl)

Paul Lerner — November 2025

From 8 x 32GB V100 GPUs (ROBERTa) to
16,384 x 94GB H100 GPUs (Llama 3)

8 copies of the model are trained in parallel
on a total of 384 GPUs (data parallelism = 8)

DP (data parallelism)

5

: } 2]
1ooo 1 oo, 10 0O I
\oooogh 7o'y, ooooh o
0o0ooi,00001, 00001 I
'oooo,'cooo,'ooog,'o
\oooo, looog, '0000 10
\oooo!yoooo! ooooho
,00001,00001,0000h0
10, 0,'oooog,'o
loooo,'ooog,'oooo, o
oooohoooo'hiooooh
,00o001,00001,0000h0
0ooo, ooog; 0000, 0 oooo

~

NNVt

(o) (] (o) (o) () () o) ()|

()= 1GPU - NVIDIA A100 with 80GB of memory

PP (pipeline parallelism)

TP (tensor parallelism)

E D O D O _é.\‘ Model parameters

are divided across 4 GPUs
(tensor parallelism = 4)

The layers of the model
are spread across

12 groups of GPUs
(pipeline parallelism = 12)

-E\’ One full copy («replica»)
of the model takes
48 GPUs

avancity
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N
Limit: Teacher Forcing

The 3% think 11 % to the 29 % | bathroom 3 % | 21 %
When 2,5% was 5% back a 9% It 6
They 2% went 2% into see 5% The 3%
am 1% through my 3% There 3%
I 1% will 1% out bed 2%
like 0,5 % on school 1% STOP 1%

Banana 0,1 %

Paul Lerner — November 2025
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Train-test mismatch: exposure bias

The 3 % think 11 % the 29 % [ | bathroom 3 % and 14 % I 21 %
When 2,5% was 5% a 9% with 9 It 6
They 2% went 2% see 5% , 8 % The 3%
am 1% my 3% to 7% There 3%
I 1% will 1% bed 2%
like 0,5 % school 1% 6 % STOP 1%
Banana 0,1 %

Paul Lerner — November 2025
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L paria ]
Not easily solved, unlike for RNN

The 3% man 11 % to 35 % the 29 % . . .
e Because computation is done in
When 2,5% was 5% back 8 % a 9 % lel nnot ss the
They 2% went 2% into 5% see 5% para et’_ we Cfath © afjcei
am 1% through 4 % my 3% genera 'on o € mode
! Tl wn 1% out 3% ] bed 2% e Teacher forcing is done
ke 05%pf on 2% ff school 1% systematically, model are subject to
Banana 0,1 % % exposure blas

Mihaylova, T., & Martins, A. F. T. (2019).
Scheduled Sampling for Transformers.

awvancity

Paul Lerner — November 2025
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Limit: Quadratic complexity

MatMul

Paul Lerner — November 2025

Concatenate

Scaled Dot-Product Attention

A i

[ Linear ].] [ Linear]_] [ Linear ].]

% i %

K \ Q

Output
Probabilities

Linear

—| Add & Norm

Feed Forward

Add & Norm

Multi-Head
Self-Attention

%

Positional
Embedding

D

I Input Embedding I

f

inputs

aivancity
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Limit: Quadratic complexity

Computational
and Memory
Complexity

O(n?)

MatMul

Paul Lerner — November 2025

Computing all pairs of interactions means our computation
grows quadratically with the sequence length!

for recurrent models, it only grew linearly

Large body of work on this question (Tay et al., 2020)
"Efficient Transformers: A Survey"

But vanilla Transformer still used in state-of-the-art LLMs

aivancity
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&
Tra nSformer A: Output Pr:babilities

(Autoregressive) Decoder/ causam“

- - - - A od & N
Described previously: main architecture for LLMs bk
(GPT-3, Llama-*, and many many many more) 23 Feed-Forward

E o
Causal/unidirectional mask: g2 e
can only see past words <3
©
. . QG Masked Multi-head
First purpose: Language Modeling / § y T
autoregressive generation

But now every task of NLP is cast as Language

Modeling, even classification +_|:_

Inputs

Paul Lerner — November 2025 aivanc ity
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D
Causal Language Modeling

p(z|START) p(x|START D)p(x| - - - went) p(z|---to) p(x|---the) p(z|---park) p(xz|START I went to the park.)

The 3% think 11 % to 35 % the 29 % [ | bathroom 3 % and 14 % I 21 %
When 2,5% was 5% back 8 % a 9% doctor 2% with 9 It 6
They 2% went 2% into 5% see 5% hospital 2 % , 8 % The 3%
.. am 1% through 4 % my 3% store 1,5% to 7% There 3%
| 1% will 1% out 3% bed 2%
. like 0,5 % on 2% school 1% park 0,5 % . 6 % STOP 1%
Banana 0,1 % .. %

Transformer Decoder

aivancily

Paul Lerner — March 2025
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Decoder for: Language Modeling /
autoregressive generation

Title: United Methodists Agree to Historic Split

Subtitle: Those who oppose gay marriage will form their own denomination
Article: After two days of intense debate, the United Methodist Church
has agreed to a historic split - one that is expected to end in the
creation of a new denomination, one that will be "theologically and
socially conservative," according to The Washington Post. The majority of
delegates attending the church’s annual General Conference in May voted to
strengthen a ban on the ordination of LGBTQ clergy and to write new rules
that will "discipline" clergy who officiate at same-sex weddings. But

those who opposed these measures have a new plan: They say they will form a

separate denomination by 2020, calling their church the Christian Methodist
denomination.

Paul Lerner — March 2025 GPT-3 (2020) aivanc il«y
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Decoder for: Actually everything
(but we'll come back to that)

e C(lassification: "I like this movie"

— "I like this movie, it was {good/bad}"

e Question Answering: "When was Dante born?"
— "Dante was born in

e Translation: "I like pasta"

— "The translation of 'I like pasta' in French is

Paul Lerner — March 2025 aiVanC ity
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Transformer B:
(Bidirectional) Encoder/non-causal —.'.q_

Output Pr:babilities

e Removes the mask from self-attention: now every word

Feed-Fc
can see future and past eed-Forward

e Use for classification (but now words have a better
context, unlike bag of words) ,
Multi-head

Layer:| 5 4| Attention:| Input - Input 3| Rttention

Repeat for number
of encoder blocks

e Famous examples: The_ The_
BERT, mBERT, I ey
ROBERT3, - ¢
DeBERTa , C“t’::- ::zss_
CamemBERT, ... be:r:Z Z:ce::];e

- Encoder Inputs

was_

it

g8

too,

avanc tty
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ez
Masked Language Modeling

® How to encode information from both bidirectional contexts?

® General Idea: text reconstruction! went store
S
Encoder
hy, ..., hy = Encoder(w,, ..., wy)
.~ Aw: + b T T T T T
T I [M] to the [M]

Only add loss terms from the masked tokens. If X is the masked version
of x, we’re learning py(x | X). Called Masked Language model (MLM).

aivancity

Paul Lerner — March 2025
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oz
Masked Language Modeling

/ hyperparameter

e Choose a random 15% of tokens to [Predict these!]

predict.
hyperparameter
e For each chosen token: /

o Replace it with [MASK] 80% of the

time. hyperparameter T
V'

o Replace it with a random token 10%

went to store

bt

pizza to the [M]

of the Fime. A’hyperloal.lré“meter / / T

o Leave it unchanged 10% of the time
(but still predict it!) [Replaced]

e Only learns from 15% of tokens per step

Paul Lerner — March 2025

[Not replaced] [Masked]
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Fine-tuning Encoder for: Sentiment Analysis

Class
Label

P I just loved every minute of this film. i%

| c |[ T, }{ T, J A strangely compelling and brilliantly acted psycho- ié

logical drama.

Preaches to two completely different choirs at the
BERT . o . . /

same time, which is a pretty amazing accomplish-
ment.

E[CLS] E1 Ez EN

T = 1T An instant candidate for the worst movie of the year. %

. T°r1 Tok2 Tolk "] The film seems a dead weight. :%

! I found it slow, drab, and melodramatic.
Single Sentence \
Paul Lerner — March 2025 alvanc ll‘y
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@& Fine-tuning Encoder for:
Natural Language Inference

BERT
ElCLSl E1 EN E[SEP] E1 ' EM,
fr gy g e I e B gy

Sentence 1

Paul Lerner — March 2025

Sentence 2

| didn’t meet my first

Met my first girlfriend that way. X girlfriend until later

At 8:34, the Boston Center
controller received a third

transmission from American
11

/ The Boston Center
controller got a
third transmission
from American 11.

someone else noticed it and |
said well i guess that’s true and
it was somewhat melodious in
other words it wasn’t just you
know it was really funny

No one noticed and it
wasn’t funny at all.

aivancity
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@&» Fine-tuning Encoder for:
Named Entity Recognition

@)

B-PER

T i

BERT
E[CLS] E1 Ez EN
i 0 s O s i
[CLS] Tok 1 Tok 2 Tok N

Single Sentence

Paul Lerner — March 2025

Washington is the capital of the USA. It
hosts the White House.

atvancuy
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Note on Bidirectional RNNs

RNNs could also
be bidirectional
but you then
needed two!

— long sequential
(unparallelizable)
operations,
although still O(n)
theoretically

Paul Lerner — November 2025

Concatenated
hidden states

Backward RNN

Forward RNN

00000000)]

This contextual representation of “terribly”
has both left and right context!

EE;ﬂoooooooo]
K

........]\

00000000)]

(e

o000}

s

the

ecoe) —

movie

X

was

oo )
00009

<<i§§§§i;;;;;ﬂ........]

terribly  exciting
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Transformer C: Encoder-Decoder

|
Add & Norm
Feed-Forward

Multi-head
Attention

Encoder Inputs

Paul Lerner — November 2025

]

Masked Multi-head

Attention

Masked Multi-head
Attention

Decoder Inputs

|

e Famous examples:
T5, BART,

m BARThez, ...

Output Probabilities

Actually the first variant proposed for
Translation by Vaswani et al. (2017)

Like an RNN Encoder-Decoder, use for
sequence-to-sequence tasks like
Machine Translation

aivancity
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Cross-Attention in Encoder-Decoder

|
Add & Norm
Feed-Forward

Multi-head
Attention

Encoder Inputs

Paul Lerner — November 2025

Masked Multi-head
Attention

Masked Multi-head
Attention

Decoder Inputs

Output Probabilities

e Self-attention: queries, keys, and
values come from the same source

e Cross-Attention: keys and values are
from Encoder (like a memory);
queries are from Decoder

aivancity
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oz
Text Denoising

Targets

e Text span corruption (denoising): Replace <X>for inviting <v> last <z>
different-length spans from the input with
unique placeholders (e.g., <extra_id_0>);

decode out the masked spans. %%7’

® Done during text preprocessing:

training uses language modeling m
objective at the decoder side

Original text Inputs /
Thank you fef inviting me to your party Ia/si week. Thank you <x> me to your party <v> week.
Paul Lerner — March 2025 a tvanc ll‘y
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oz
Encoder-Decoder Training

Encoder builds a representation of the
source and gives it to the decoder

Decoder uses the source
representation to generate the target
sentence

The encoder portion benefits from
bidirectional context; the decoder
portion is used to train the whole
model through language modeling hy,....h, =Encoder(wy,...,w,)

htl+1, e ht2 = Decoder(w,IH, oy W hy,... ,htl)

Paul Lerner — March 2025 aivanc ity

PARIS-CACHAN 57



Encoder-Decoder for: Translation

translate English to French: This
image section from an infrared
recording by the Spitzer telescope
shows a "family portrait" of
countless generations of stars: the
oldest stars are seen as blue dots,
while more difficult to identify are
the pink-coloured "new-borns" in the
star delivery room.

T5 (2020)

Paul Lerner — March 2025

Ce détail d’une photographie
infrarouge prise par le
télescope Spitzer montre un
"portrait de famille" des
innombrables générations d’
étoiles: les plus vieilles
étoiles sont en bleu et les
points roses, plus
difficiles a identifier,
sont les "nouveau-nés" dans
la salle d’accouchement de
1’univers.

awvancity
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Encoder-Decoder for: Summarization

summarize: marouane fellaini and adnan januzaj
continue to show the world they are not just
teammates but also best mates. the manchester
united and belgium duo both posted pictures of
themselves out at a restaurant on monday night
ahead of their game against newcastle on
wednesday . januzaj poses in the middle of
fellaini and a friend looking like somebody who
failed to receive the memo about it being a
jackson 5 themed night. [...]

T5 (2020)

Paul Lerner — March 2025

the belgian duo took to the
dance floor on monday night
with some friends .
manchester united face
newcastle in the premier
league on wednesday . [...]

aivancity
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oz
3 main objectives for 3 architectures

® | anguage modeling; can only
- condition on the past context

® Bidirectional;: can condition
on the future context

rr; Za7 ® Map two sequences of
- - different length together

Paul Lerner — March 2025 aivanc ity
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&k
Fine-Tuning
Step 1: * Step 2:

Pre-training Fine-tuning

are composed of tiny water droplet EOS

Decoder Decoder

(Transformers, LSTM, ...) (Transformers, LSTM, ...)

Clouds are composed of tiny water droplet ... the movie was ...
Abundant data; learn general language Limited data; adapt to the task
[ [ ]
Paul Lerner — March 2025 alvanc lty
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e
Parameter-Efficient Fine-Tuning (PEFT)

Instead of updating all parameters in the massive neural network (up to many
billions of parameters), can we make fine-tuning more efficient?

0-Q 0-Q

Decoder
(Transformers, LSTM, ...)

Decoder
(Transformers, LSTM, ...)

... the movie was ... ... the movie was ...
Full Fine-tuning Parameter-Efficient Fine-tuning
Updating all parameters Updating a few existing or new parameters

Paul Lerner — March 2025 aiVanC ity
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e
Parameter-Efficient Fine-Tuning (PEFT)

0-Q

Decoder e More efficient at fine-tuning &
(Transformers, LSTM, ...) . &
inference time

e Less overfitting by keeping the
... the movie was ... majority of parameters learned
Parameter-Efficient Fine-tuning during pre-training

Updating a few existing or new parameters

Paul Lerner — March 2025 aivanc ity
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PEFT v1: Adapters

________________

Transformer
Layer

2

Feed-forward layer

Multi-headed
attention

___________________

Paul Lerner — March 2025

Updated

/ Adapter N
Layer

[OOOOOO]

Feedforward
up-project

Feedforward
down-project

1
1
1
I
1
1
I
]
1
1
1
]
1
Nonlinearity i
1
1
1
I
1
1
1
1
1
1
I
1
1
1
I

[OOO0O0O0O]|

Rebuffi et al. (2017); Houlsby et al. (2019)

Injecting new layers
(randomly initialized)
into the original
network, keeping
other parameters
frozen

only learn the
Residual

aivancity
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PEFT v2: Low-Rank Adaptation (LoRA)

3 N °

A R

Pretrained B € R™
Weights
M A € R™>

N 4 <
xI:l

where rank r < min(d, k)
Updated

Frozen — o

Paul Lerner — March 2025 Hu et al. (2022)

Like Adapter but "low-rank" (r) and
combined with pretrained weights

After training, weights are combined —
same inference speed as pretrained model

h = Wyx + BAx
h = (W() + BA).CU

avanc tty
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fome
Summarizing

e Transformer leverages attention in a parallelized way:
scales as long as you buy enough GPUs

e Language Modeling is a powerful self-supervised pretraining method,
which scales well (did not find limit yet)

e Every NLP task can be framed as Language Modeling but:
o (Bidirectional) Encoders are better suited for classification

o Encoder-Decoders are better suited for sequence-to-sequence
(Translation)

e We do not need to fine-tune the entire model (LORA/PEFT)

Paul Lerner — November 2025 aiVanC ity
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Voila

Concatenate

c
Scaled Dot-Product Attention
A AR A
[ Linear ]_] [ Linear ]J [ Linear ]_]
i Y |4
K \ Q

Paul Lerner — November 2025

—t

—| Add & Norm

Output
Probabilities

Linear

Add & Norm

Feed Forward

Add & Norm

Multi-Head
Cross-Attention

Positional D

Embedding

Feed Forward

Multi-Head
Self-Attention

Masked
Multi-Head
Self-Attention

J

| Input Embedding |

f

inputs

f

inputs

xN

@ Positional
Embedding

I Input Embedding l

awvancity
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etz
Next class: Ethical, social, and
environmental issues + perspectives

“AGI”
Chat about any topic Answer all your burning questions
Generate realistic images Do your homework for you
False and misleading information Gather your data to improve models
Propaganda and deception Exploitation of underpaid workers
Blates ania hlucindtions Erosion of rich human practises
Homogeneity and misrepresentation of
language/culture Raising the barrier to entry in Al

Harmful and violent content : Tonnes of carbon emissions

Privateinformation Huge quantities of energy/water

Copyright infringement Rare metals for manufacturing hardware

Paul Lerner — March 2025 aivanc ity
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{oma
Perplexity

® How "hard” is the task of recognizing digits '0,1,2,..,9" uniformly at random?
d ~ Uniform(0,9)
i 1 N\ — N~ 1 -1
PP(dhadN):p(dla7dN)_ﬁ:<E ) = == =10

* Perplexity: 10
e Using entropy (replacing the estimated distribution with the known true dist.):

H(D,D) = - p(d)logp(d Zp ) log p(7) i 1101 <1_10) — (11())

deD
PP(D) _ eH(D,D) _ e—log(l—lo) _ ( log(lo))—l _ <1i0)—1 1
Same result!
Paul Lerner — March 2025 alvanc ll«y
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o
LSTM with Attention: formally

We have encoder hidden states h1,...,hy € R"
On timestep t, we have decoder hidden state s; € R"
We get the attention scores e' for this step:

e! =[sThy,...,sThy] € RY

We take softmax to get the attention distribution a! for this step (this is a probability distribution and
sums to 1)

af = softmax(e’) € RY

We use o totake a weighted sum of the encoder hidden states to get the attention output a;
N
a; = Z ath; € R"
i=1

Finally we concatenate the attention output a; with the decoder hidden
state St and proceed as in the non-attention seq2seq model

[at; St] S th

Paul Lerner — November 2025 aivanc ily
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L paria ]
Sequence-to-Sequence (Translation)

I'd like a beer stor

[e0o00] [0@00] [00O@O] [0OO@] [000 O]
IIII a, a, a; a,’ a;’

lch mochte ein Bier
Paul Lerner — November 2025 alVaHClty -
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s
Why Sequence Models? and Attention?

Machine
Learning
omput
cience

Speech
Processing

NLP  Linguistics

mnation
Retrieval

e Close to Speech Processing (Automatic Speech Recognition etc.)
e Close to Information Retrieval (Search engines like Google)

e Driven by Statistical/Machine Learning methods since the 90S swown, ». ¥, velia pictra, s. 4,

Della Pietra, V. J., & Mercer, R. L. (1993). The Mathematics of Statistical Machine Translation : Parameter Estimation. Computational Linguistics, 19(2), 263-311.)

o Driven by Deep Learni ng since 2013 (Mikolov, T., Sutskever, L., Chen, K., Corrado, G. S., & Dean, J. (2013). Distributed

Representations of Words and Phrases and their Compositionality. Advances in Neural Information Processing Systems)
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Masked Language Modeling: Transfer

@3 Mask LM Mask LM \ /m /@ SQuAD
= * *

Start/End Spam

Question Paragraph
. 5 . .
Unlabeled Sentence A and B Pair Question Answer Pair

200

o e ) B BEEmE iR

s a|s = = = & .’.

TR . .»

BERT s = 2 2 & & & .......’ BERT
ale]. EllEllE]- G el ). EllEmll=]. [&]
! [TokN 1[ [SEP] ][Tok1 ] {TokM] [cLs) Tok1 | ... [TokN]{ [SEP] ][ Tok 1 ] (TokM )
Masked Sentence A Masked Sentence B

*

Pre-training
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Fine-Tuning
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