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Chatbots like ChatGPT rely on LLMs
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LLMs rely on Attention and Transformer
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RNN limit 3: Parallelization
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● 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!

Numbers indicate min # of steps before a state can be computed
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"Attention is all you need": Transformers
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● 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.

All tokens attend to all tokens in 
previous layer; most arrows 
here are omitted0 0 0 0 0 0 0 0
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Maximum interaction distance: 
O(1), since all tokens interact 
at every layer!



Recurrence vs. Attention
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● Number of unparallelizable operations 
does not increase with sequence length.

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



Deep Learning is made out of GPUs
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Deep Learning is made out of GPUs
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+38,400% in 12 years



Attention as a soft, averaging lookup table
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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.

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.



Self-Attention: Basic Concepts
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Self-Attention: Walk-through
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Self-Attention: Walk-through
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Self-Attention: Walk-through
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Self-Attention: Walk-through
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Self-Attention: Walk-through
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In practice this is done in parallel: 
the computation of b_1 is 
independent of b_2

Self-Attention: Walk-through
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Self-Attention: in parallel
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Self-Attention: in parallel
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Self-Attention: in parallel
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Self-Attention: in parallel
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Self-Attention: formally
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Permutation-invariant:                           
Transformer = Bag of Word?
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b_2 sums over all a_i, does not 
matter if a_1 comes before/after a_2



Position Encoding
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● 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)



Attention is almost all you need
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● 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 
activation (and additional expressive 
power)



Self-attention? What about causality?

Part 1

Paul Lerner – November 2025
25

● b_1 depends on a_2 and a_3… but 
the goal is the generate a_2 and 
a_3

● Mask attention scores of future 
words to preserve causality



Putting the pieces together
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● Positional Encoding: otherwise 
permutation-invariant

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

○ masked for causality

● Residual Connection: for stable 
training/deeper networks

● Feedforward for 
nonlinearity/expressiveness

● Linear/softmax: output layer back to 
vocabulary dimension



Why Multi-Head Attention?
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● What if we want to look in multiple places 
in the sentence at once?

● For word 𝑖, self-attention “looks” where           
x_i Q_i K_j is high, but maybe we want 
to focus on different 𝑗 for different 
reasons?

● orange head for the coreference "The 
animal"

● green head for the object "tired"



Multi-Head Attention: Walk-through
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Multi-Head Attention: Walk-through
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Multi-Head Attention: formally
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Multiple attention “heads” can be 
defined via multiple W* matrices

Each attention head performs attention independently

Their results are concatenated
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Multi-Head Attention: in parallel (as always)
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Residual Connections for stable training
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Remember the Cell state in LSTM



Voilà
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Transformer for Machine Translation
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Vaswani et al. 2017

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 privilège d’admission est le droit d’un médecin, en vertu de son statut de 
membre soignant d’un hôpital, d’admettre un patient dans un hôpital ou un centre médical 
afin d’y délivrer un diagnostic ou un traitement. 

RNNsearch-50: Un privilège d’admission est le droit d’un médecin d’admettre un patient  à un 
hôpital ou un centre médical pour effectuer un diagnostic ou une procédure, selon son statut 
de travailleur des soins de santé à l’hôpital.

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



Scaling Transformers (the bitter lesson)

Part 1

Paul Lerner – November 2025
35

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

Rich Sutton



Scaling Transformers (the bitter lesson)
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There seems to be no limit, from millions to 
billions to trillions of parameters



Scaling Transformers: buy more GPUs
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From 8 × 32GB V100 GPUs (RoBERTa)           to 
16,384 × 94GB H100 GPUs (Llama 3)



Limit: Teacher Forcing
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Train-test mismatch: exposure bias
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Not easily solved, unlike for RNN
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Transformer

● Because computation is done in 
parallel, we cannot access the 
generation of the model

● Teacher forcing is done 
systematically, model are subject to 
exposure bias

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

https://doi.org/10.18653/v1/P19-2049


Limit: Quadratic complexity
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Limit: Quadratic complexity
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● 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
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● Described previously: main architecture for LLMs 
(GPT-3, Llama-*, and many many many more)

● Causal/unidirectional mask:                                
can only see past words

● First purpose: Language Modeling / 
autoregressive generation

● But now every task of NLP is cast as Language 
Modeling, even classification

Transformer A:                              
(Autoregressive) Decoder/Causal
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Decoder for: Language Modeling / 
autoregressive generation 

GPT-3 (2020)
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Decoder for: Actually everything 
(but we'll come back to that)
● Classification: "I like this movie" 

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

● Question Answering: "When was Dante born?" 

      → "Dante was born in ____"

● Translation: "I like pasta" 

         → "The translation of 'I like pasta' in French is ____"
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Transformer B:                                       
(Bidirectional) Encoder/non-causal

● Removes the mask from self-attention: now every word 
can see future and past

● Use for classification (but now words have a better 
context, unlike bag of words)

● Famous examples: 
BERT, mBERT, 
RoBERTa, 
DeBERTa, 
CamemBERT, ...



Masked Language Modeling

Part 2

Paul Lerner – March 2025
48

went

Encoder

[M]the[M] toI

store



Masked Language Modeling
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went

Encoder

to[Predict these!]

[Masked][Not replaced][Replaced]

[M]thepizza toI

store● Choose a random 15% of tokens to 
predict.

● For each chosen token:

○ Replace it with [MASK] 80% of the 
time.

○ Replace it with a random token 10% 
of the time.

○ Leave it unchanged 10% of the time 
(but still predict it!)

● Only learns from 15% of tokens per step

hyperparameter

hyperparameter

hyperparameter

hyperparameter



Fine-tuning Encoder for: Sentiment Analysis
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👍
👍
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Fine-tuning Encoder for: 
Natural Language Inference
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Met my first girlfriend that way. I didn’t meet my first 
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 i 
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.



Fine-tuning Encoder for: 
Named Entity Recognition

Part 2
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Washington is the capital of the USA. It 
hosts the White House.
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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
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Transformer C: Encoder-Decoder

● 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

● Famous examples: 
T5, BART, 
BARThez, … 
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Cross-Attention in Encoder-Decoder

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

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

Encoder-Decoder Training
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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)

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 à identifier, 
sont les "nouveau-nés" dans 
la salle d’accouchement de 
l’univers.
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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. [...]

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

T5 (2020)



3 main objectives for 3 architectures
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Fine-Tuning
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Parameter-Efficient Fine-Tuning (PEFT) 
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Parameter-Efficient Fine-Tuning (PEFT) 
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PEFT v1: Adapters

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

● only learn the 
Residual

Updated

Rebuffi et al. (2017); Houlsby et al. (2019)
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PEFT v2: Low-Rank Adaptation (LoRA)

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

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

Hu et al. (2022)



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

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

● Every NLP task can be framed as Language Modeling but:

○ (Bidirectional) Encoders are better suited for classification

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

● We do not need to fine-tune the entire model (LoRA/PEFT)



Voilà
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Next class: Ethical, social, and 
environmental issues + perspectives
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LSTM with Attention: formally
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Sequence-to-Sequence (Translation)
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Linguistics

Why Sequence Models? and Attention?

Part 1

● Close to Speech Processing (Automatic Speech Recognition etc.)

● Close to Information Retrieval (Search engines like Google)

● Driven by Statistical/Machine Learning methods since the 90s (Brown, P. F., Della Pietra, S. A., 
Della Pietra, V. J., & Mercer, R. L. (1993). The Mathematics of Statistical Machine Translation : Parameter Estimation. Computational Linguistics, 19(2), 263‑311.)

● Driven by Deep Learning since 2013 (Mikolov, T., Sutskever, I., 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
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