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Chatbots like ChatGPT rely on LLMs
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Language Modeling
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START I went to the park . STOP

How to model this?

The 3 %

When 2,5 %

They 2 %

… …

I 1 %

… …

Banana 0,1 %

think 11 %

was 5 %

went 2 %

am 1 %

will 1 %

like 0,5 %

… …

to 35 %

back 8 %

into 5 %

through 4 %

out 3 %

on 2 %

… …%

the 29 %

a 9 %

see 5 %

my 3 %

bed 2 %

school 1 %

… …

bathroom 3 %

doctor 2%

hospital 2 %

store 1,5 %

… …

park 0,5 %

… …

and 14 %

with 9

, 8 %

to 7 %

… …

. 6 %

… …

I 21 %

It 6

The 3 %

There 3 %

… …

STOP 1 %

… …



v0: sliding window
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● Sliding window of size N, like CBOW or n-grams:                                               
(N − 1)th-order Markov assumption (prediction only depends on N-1 last)

START I went to the park . STOP

Perceptron

Perceptron

…

Perceptron



v1: Recurrent Neural Networks (RNN)

Part 1

Paul Lerner – November 2025
5

● One RNN is applied recursively to the sequence

● Inputs: previous hidden state h_t-1, observation x_t

● Outputs: next hidden state h_t, (optionally) output y_t

● Memory about history is passed through hidden states

START I went to the park . STOP

RNN RNN RNN RNN RNN RNN RNN RNN



v1: Recurrent Neural Networks (RNN)
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Generation as a Sequence of Classifications
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Teacher Forcing
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START I went to the park . STOP

RNN

The 3 %

When 2,5 %

They 2 %

… …

I 1 %

… …

Banana 0,1 %

think 11 %

was 5 %

went 2 %

am 1 %

will 1 %

like 0,5 %

… …

to 35 %

back 8 %

into 5 %

through 4 %

out 3 %

on 2 %

… …%

the 29 %

a 9 %

see 5 %

my 3 %

bed 2 %

school 1 %

… …

bathroom 3 %

doctor 2%

hospital 2 %

store 1,5 %

… …

park 0,5 %

… …

and 14 %

with 9

, 8 %

to 7 %

… …

. 6 %

… …

I 21 %

It 6

The 3 %

There 3 %

… …

STOP 1 %

… …



Train-test mismatch: exposure bias
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Train-test mismatch: exposure bias
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START The man

The 3 %

When 2,5 %

They 2 %

… …

I 1 %

… …

Banana 0,1 %

man 11 %

was 5 %

went 2 %

am 1 %

will 1 %

like 0,5 %

… …

to 35 %

back 8 %

into 5 %

through 4 %

out 3 %

on 2 %

… …%

the 29 %

a 9 %

see 5 %

my 3 %

bed 2 %

school 1 %

… …

RNN

?

● Keep in mind: with RNN its trivial to 
train the model with its own 
generation instead of teacher forcing

● reduces exposure bias



RNN limit 1: vanishing gradients
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● What word is likely to come next for this sequence?

Anne said, “Hi! My name is

● Need relevant information to flow across many time steps

● When we backpropagate, we want to allow the relevant information to flow



RNN limit 1: vanishing gradients
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However, when we backprop, it involves 
multiplying a chain of computations from 
time    to time  

If any of the terms are close to zero, the 
whole gradient goes to zero (vanishes!)



RNN limit 1: vanishing gradients
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Danger 
Zone

● If any of the terms are close to zero, the 
whole gradient goes to zero (vanishes!)

● This happens often for many activation 
functions… the gradient is close to zero 
when outputs get very large or small

● The more time steps back, the more 
chances for a vanishing gradient



v1.1: Long-Short Term Memory (LSTM)
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(Hochreiter & Schmidhuber, 1997)

1
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v1.1: Long-Short Term Memory (LSTM)
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(Hochreiter & Schmidhuber, 1997)



v1.1: Long-Short Term Memory (LSTM)
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(Hochreiter & Schmidhuber, 1997)

Cell state (long-term memory): allows information to 
flow with only small, linear interactions (good for 
gradients!)



v1.1: Long-Short Term Memory (LSTM)
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Input Gate Layer: Decide what information to “forget”

(Gers et al., 2000)



v1.1: Long-Short Term Memory (LSTM)
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Candidate state values: Extract candidate information 
to put into the cell vector: "remember"



v1.1: Long-Short Term Memory (LSTM)
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Update cell: “Forget” the information we decided to 
forget and update with new candidate information

If f_t is:
● High: we 

remember 
more 
previous 
info

● Low: we 
“forget” 
more info

If i_t is:

● High: we 
add more 
new info

● Low: we 
add less 
new info



v1.1: Long-Short Term Memory (LSTM)
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Output/Short-term Memory (as in RNN):
Pass information onto the next state/for use in output 
(e.g., probabilities)



LSTM for Machine Translation
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Sutskever et al. (2014)



Gated Recurrent Units (GRU)
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Cho et al. (2014)
https://colah.github.io/posts/2015-08-Understanding-LSTMs/ 

https://colah.github.io/posts/2015-08-Understanding-LSTMs/


RNN limit 2: Linear Interaction Distance
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● RNNs are unrolled left-to-right.

● Linear locality is a useful heuristic: nearby 
words often affect each other’s meaning!

● Better with LSTM then RNN, but still:

○ Failing to capture long-term 
dependencies

○ Vanishing gradient 



Why Attention?
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LSTM with Attention
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On each step of the 
decoder, use direct 
connection to the 
encoder to focus on 
a particular part of 
the source sequence
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On each step of the 
decoder, use direct 
connection to the 
encoder to focus on 
a particular part of 
the source sequence
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On each step of the 
decoder, use direct 
connection to the 
encoder to focus on 
a particular part of 
the source sequence

 



LSTM with Attention
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On each step of the 
decoder, use direct 
connection to the 
encoder to focus on 
a particular part of 
the source sequence

 



GRU+Attention for Machine Translation
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Bahdanau et al. 2015

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. 

RNNenc-50: Un privilège d’admission est le droit d’un médecin de reconnaître un patient  à 
l’hôpital ou un centre médical d’un diagnostic ou de prendre un diagnostic en fonction de son 
état de santé. 

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.



Why Attention?
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● Attention significantly improves Translation performance:                                                                 
It’s very useful to allow decoder to focus on certain parts of the source

● Attention provides a more “human-like” model of the MT process:                                        
You can look back at the source sentence while translating, rather than needing to 
remember it all

● Attention solves the bottleneck problem:                                                                       
allows decoder to look directly at source

● Attention helps with the vanishing gradient problem:                                          
Provides shortcut to faraway states



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

1

0

h1

N

hT

2 3

1 2

h2 h3



Summarizing
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● Recurrent Neural Networks allow to process variable-length 
input/model language without Markov assumption

● Limited by vanishing gradients → LSTM

● Attention was invented for RNNs and Translation, to focus on parts of 
the source sentence: relieves information bottleneck

● Limited by parallelization → Transformers (next class)



Next class: Transformers
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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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