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Recurrent Nearal Network

Proposed in [13] is a NN capable of
analyzing stream of data

Useful in applications where the
output depends on the previous
computations

Shares the same weights across all
sleps

Pros:
« Can memorize sequential events
+ Can model time dependencies
+ Has shown great success in many Natural Lan-
guage Processing applications
Cons:
+ Learning issues are frequent due to the vanishing
gradient and exploding gradient problems
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Convolutional Neural Network

Proposed in [14], it is well suited for
2D data such as images

Every hidden convolutional filter
transforms its input to a 3D output
volume of neuron activations

Inspired by the neurobiological
model of the visual cortex [15]

Pros:
+ Few neuron connections required with respect to
a typical NN
e Many  variants have been  proposed:

AlexNet [16], Clarifai [17], and GoogLeNet [18]
Cons:
e It may require many layers to find an entire
hierarchy of visual features
+ It usually requires a large dataset of labelled
images
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