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Recurrent Neural Networks
(with LSTM cells)
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Recurrent Neural Networks
(with LSTM cells) /‘\
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Option O: average word
embeddings

But we lose all
notions of order
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But this is overly
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from later tokens
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*you can have this with LSTM,
I'm just leaving it out to save
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Bidirectional RNN /]

*you can have this with LSTM,
I'm just leaving it out to save
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Bidirectional RNN

*you can have this with LSTM,
I'm just leaving it out to save
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Bidirectional RNN

*you can have this with LSTM,
I'm just leaving it out to save
space
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Bidirectional RNN

*you can have this with LSTM,
I'm just leaving it out to save
space
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Aside:
Contextual Word Embeddings /\\

*you can have this with LSTM, These hidden
I'm just leaving it out to save
space states can be

interpreted as
“context-aware”
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Aside:
Contextual Word Embeddings /‘\

*you can have this with LSTM, Tagging tasks:
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Text Classification /]\

e Let's say we have some embedding function (aka encoder)

. + n Note: Enc = ¢
EHC ) V — R is the notation we’ll use
e And we want to learn to classify text for encoding sequences

e E.g.: spam vs. not spam

e We want to learn the optimal parameters of some function
f@ . R" A{Spam,not spam }

such that for some labeled dataset D = {Z;, y; }

M
0" = arg m@axil;[l f(y; | Enc(z;);0)

M
1=1



Text Classification /]\

e Our classifier might just look like a linear transformation or
MLP, e.q.,

fo(T) = o(WEnc(F) + b)
0 = {W,b)

e And we can train this classifier by fixing the parameters of
the Encoder

e Or, we could also backpropagate into the encoder itself

0 = {W, b} U HRNN



