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Link

https://git.ecdf.ed.ac.uk/anlp/course_materials/-/tree/main/2023/slides
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Probabilistic Model of Language

● Given a sequence of words, compute the probability distribution of the 
next word:

This is what the LM provides



Neural Network Model of Language

● A neural probabilistic language model (Y. Bengio, et al.)
● Fixed window is small
● No window is large enough



Recurrent Neural Networks

● Apply the same weights W repeatedly
● Input can be of any length!



Recurrent Neural Networks



Recurrent Neural Networks

● Advantages
○ The process any length!
○ Can use information from previous 

steps
○ Model size does not increase for 

longer input context
○ Same weights applied on every 

timestep
● Disadvantages

○ Slow
○ Difficult to access information from 

many steps back



Recurrent Neural Networks

● Get a big corpus of text, i.e., sequence of 
● Feed into RNN, compute output distribution

○ Predict probability dist of every word, given words so far
● Loss function is cross-entropy between predicted probability         , and the 

true next word
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Recurrent Neural Networks

● Backpropagation through time



Sequence 2 Sequence Modeling Using RNNs

● The general notion here is an encoder-decoder model
○ One neural network takes input and produces a neural representation
○ Another network produces output based on that neural representation

● Many NLP tasks can be phrased as sequence-to-sequence:
○ Summarization
○ Dialogue
○ Code generation
○ Translation



Neural Machine Translation using RNNs



Vanishing Gradients in RNNs



Vanishing Gradients in RNNs



Bottleneck Problem in RNNs



Lack of Parallelizability in RNNs

● O(sequence length) steps for distant word pairs to interact means:
○ Hard to learn long-distance dependencies (because gradient problems!)
○ Linear order of words is “baked in”; we already know linear order isn’t the right way to think 

about sentences…



Lack of Parallelizability in RNNs

● Forward and backward passes have O(sequence length) non parallelizable 
operations

● GPUs can perform a bunch of independent operations at once!
● BUT! future RNN hidden states can’t be computed in full before past RNN 

hidden states have been computed



Attention is a solution!

● Attention provides a solution to the bottleneck problem!
● Core idea: on each step of the decoder, use direct connection to the 

encoder to focus on a particular part of the source sequence!
● In attention, the query matches all keys softly, to a weight between 0 and 1. 

The key’s values are multiplied by the weights and summed!



Attention in RNNs

● 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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Attention in RNNs



Is Recurrent Necessary at All?

● Abstractly: Attention is a way to pass information from a sequence (𝑥) to a 
neural network input. (ℎ𝑡)

● This is also exactly what RNNs are used for – to pass information!
● Can we just get rid of the RNN entirely? Maybe attention is just a better 

way to pass information!
● The building block we need is self Attention!
● So far we saw cross-attention!



Attention in RNNs



Self-attention: Keys, Queries, and Values



Positional Embedding in Self-Attention

● Since self-attention doesn’t build in order information, we need to encode 
the order of the sentence in our keys, queries, and values

● Consider representing each sequence index as a vector



Sinusoida Positional Embedding

● Sinusoidal position representations: concatenate sinusoidal functions of 
varying periods

● Periodicity indicates that maybe “absolute position” isn’t as important
● It can extrapolate to longer sequences as periods restart!



Non-Linearity in Self-Attention

● Easy fix: add a feed-forward network to post-process each output vector.



Causal Masking in Self-Attention

● For causality, we need to ensure 
not to peek at the future.

● At each timestep, we could 
change the set of keys and 
queries to only include past 
words!



Multi-Head Self-Attention Layer

● The Attention module splits its 
Query, Key, and Value parameters 
N-ways and passes each split 
independently through a separate 
head.

● Calculations are combined 
together to produce a final 
attention score.

● Greater power to encode multiple 
relationships and nuances for 
each word.



Residual Connections

● A trick to help models learn better!
● Gradient is 1 through residual connection
● Bias toward identity function.



Layer Normalization

● A trick to help models train faster.
● Cut down on uninformative variation in hidden vectors by normalizing to 

unit mean and standard deviation within each layer.



Transformer Encoder

● Position representation
○ Specify the sequence order, since 

self-attention is an unordered function 
of its inputs.

● Nonlinearities
○ Frequently implemented as a simple 

feedforward network.
● Masking

○ Keep information about the future 
from “leaking” to the past.



Transformer Decoder



Cross Attention

● Self-attention:
○ Keys, queries, and values from same 

source
● Cross-attention

○ The keys and values are from encoder 
(like a memory)

○ The queries are from the decoder



http://www.youtube.com/watch?v=wjZofJX0v4M


Vision-Language Models






