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Recap

* Language modeling
* Recurrent Neural Network and Implementation
* Applications of Recurrent Neural Network

* Language modeling using Long Short-term Memory
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Problem- Bottleneck in Encoder-decoder
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Problems with Sequence to Sequence models

* fixed-length context vector design
o incapability of remembering long sentences

Imagine the whole universe in all its beauty - try to visualize everything you can
find there and how you can describe it in words. Then imagine all of it is
compressed into a single vector of size e.g. 512. Do you feel that the universe is

still ok?

Not only it is hard for the encoder to put all information into a single vector - this is
also hard for the decoder.

The decoder sees only one representation of source. However, at each generation
step, different parts of source can be more useful than others.

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html 5
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Solution to bottleneck problem: Attention

Allow the decoder to getinformation from all the hidden states of
the encoder, not just the last hidden state.
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DT Al The attention mechanism allows each hidden state of the decoder to see a
different. dynamic, context, which is a function of all the encoder hidden states.

Image Reference: Speech and Language Processing by Daniel Jurafsky and James H. Martin



Issues with Recurrent models: Linear interaction distance

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 sequential structure%
doesn't tell the whole story...
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Info of chef has gone through l
O(sequence length) many layers!



https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1244/slides/cs224n-2024-lecture08-transformers.pdf

Lack of Parallelizability in RNN

-

* Forward and backward passes have O(seq length) unparallelizable operations

* GPUs (and TPUs) can perform many independent computations at once!

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

* |Inhibits training on very large datasets!

 Particularly problematic as sequence Iength increases, as we can no longer batch
many examples to

Numbers indicate min # of steps before a state can be computed
A ted from c¢s224n-2024-lectur -transformer f (stanfor
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Attention

A Shiba Inu in a men’s outfit. The credit of the original photo goes to Instagram @mensweardog.

Source: https://lilianweng.github.io/posts/2018-06-24-attention/
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Attention

high attention

' low attention ﬁ

She is eating a green apple.




Attention Visuals/Animated

* Refer to separately uploaded Attention slides
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Key, Value and Query

* The major componentin the transformer is the unit of multi-head
self-attention mechanism.
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