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Recurrent Neural Networks (RNN)

CNN: parameter sharing in space
RNN: parameter sharing in time (suitable for sequences, in particular sequences with variable lengths)



Basics




BPTT

iBackprop thru time t=T, T-1 U 2, X U
1The weight variables w are shares across all time steps.

1So in backprop, they need to be imcremented when the grad flows
back each time step
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Bi-directional RNN

fort=1to T do
Output Layer Forward pass for the forward hidden layer, storing activations at each
timestep
fort =T to 1 do
wb wb WE . . . . .
Forward pass for the backward hidden layer, storing activations at each
e e —— s timestep
e for all ¢, in any order do
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Algorithm 3.1: BRNN Forward Pass

for all £, in any order do
Backward pass for the output layer, storing 0 terms at each timestep
Far + — T +n An

BPTT backward pass for the forward hidden layer, using the stored ¢ terms
from the output layer

fort=1to T do
BPTT backward pass for the backward hidden layer, using the stored &
terms from the output layer

Algorithm 3.2: BRNN Backward Pass

Figure from Graves. Supervised Sequence Labelling with Recurrent Neural Networks



Gradient Vanishing/Exploding problem



Gradient Vanishing/Exploding problem

* Analyzing the norms of the Jacobians, yields:
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Long Short Term Memory (LSTM)



Overview
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In many papers, it looks like this
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net-input: x(t) + h(t-1)

http://christianherta.de/lehre/dataScience/machinelLearning/neuralNetworks/LSTM.php



http://christianherta.de/lehre/dataScience/machineLearning/neuralNetworks/LSTM.php
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More compact
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An LSTM Network




Visualizing LSTM




GRU (Gated Recurrent Unit)

Yy = Qigm( WXYX-L t W;\r }hc_, 1H::qr)
2= Sgn (Wie X+ Wy hy, +13)

Re = ok (Mg % 40 (1 @ he) 1)
he = 2e0 byt (FRO0k




Application tlmage Captioning

Deep Visual-Semantic Alignments for Generating Image Descriptions, Karpathy, Li
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TAwesome RNN: a lot of useful references
Thttps://github.com/kjw0612/awesome-rnn

1Some slides borrowed from ¢s231n, cs224d at Stanford
http://cs231n.stanford.edu/syllabus.nhtml
http://cs224d.stanford.edu/index.html



