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Whny CoNVNETS?
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Source:https://docs.gimp.org/2.6/en/plug-in-convmatrix.html
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BUILDING BLOCKS | Dis CONVOLUTION

Discrete Convolution
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BUIiLDING BLOCKS

Image source: A guide to convolution arithmetic for deep learning.
blue: input feature map, shaded blue: kernel, green: output feature map.
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BUIiLDING BLOCKS

Image source: A guide to convolution arithmetic for deep learning.

blue: input feature map, shaded blue: max pooling kernel, green: output feature map.
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Depth

@T University of Colorado Boulder



HYPER PARAMETERS

Stride
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HYPER PARAMETERS

Padding
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HYPER PARAMETERS

Output Size
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HYPER PARAMETERS
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Image source: A guide to convolution arithmetic for deep learning.
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CONVOLUTION ARITHMETIC

Setup
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CONVOLUTION ARITHMETIC

® [n this case the kernel just slides across every position of the
input (i.e. s=1and p=0).

For any 7, k and s =1,

o= (i—k)+1

1=4,k=3,s=1,p=0
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CONVOLUTION ARITHMETIC

Zero padding, unit strides

@T University of Colorado Boulder



CONVOLUTION ARITHMETIC

m Having the output size be the same as the input size (i.e., 0 = i)
can be a desirable property.
For any 7and odd k (k=2n+1, n€ N), s=1and p = |k/2] = n,

o=1i+2|k/2] —(k—1)=1i




CONVOLUTION ARITHMETIC

® While convolving a kernel generally decreases the output size
with respect to the input size, sometimes the opposite is
required. This can be achieved with proper zero padding.
For any 7and &k, s=1and for p=%k—1, s=1,

o=i+2(k—1)— (k—1) =i+ (k—1)




CONVOLUTION ARITHMETIC

No zero padding, non-unit strides
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CONVOLUTION ARITHMETIC

Zero padding, non-unit strides
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Transposed Convolution
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THER CONVOLUTIONAL LAYERS

Dilated Convolution

@T University of Colorado Boulder
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OTHER CONVOLUTIONAL LAYERS

Image Source: https://eli.thegreenplace.net
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OTHER CONVOLUTIONAL LAYERS
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Left: Convolutional Neural Networks with local receptive fields and tied weights.
Right: Partially untied local receptive field networks — Tiled CNNs.

Image Source:

Tiled convolutional neural networks.
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CONVNET ARCHITECTURES
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AlexNet N Architecture

Image source: https://www.oreilly.com/library/view/tensorflow-for-deep/9781491980446/ch01.html.
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CONVNET ARCHITECTURES

Generator
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Project and reshape

Discriminator

Image source:
https://www.oreilly.com /ideas/deep-convolutional-generative-adversarial-networks-with-tensorflow
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CONVNET ARCHITECTURES

Convolutional Encoder-Decoder Output

Pooling Indices

RGB Image Segmentation
5S¢

Image source: SegNet - A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation.
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