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Outline
1. Convolutional layer structure.
2. Pooling layers.
3. Top architectures overview.



CNN

3

[LeNet-5, LeCun 1998]
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Convolutional layer
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source

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Сonvolutional layer
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Сonvolutional layer
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Filters extend the depth of 
the original image

source

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Сonvolutional layer
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Сonvolutional layer
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convolve (slide) over all 
spatial locations

source

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Сonvolutional layer
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https://github.com/vdumoulin/conv_arithmetic


Convolutional layer
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convolve (slide) over all 
spatial locations

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Сonvolutional layer
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Сonvolutional layer
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Сonvolutional layer
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source[From Yann LeCun slides]

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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Convolutional layer and visual cortex

[From Yann LeCun slides]



Convolutional layer and visual cortex
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source

https://habr.com/ru/post/370541/
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CIFAR-10 online demo: 
https://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

https://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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No padding, no strides

Strides, padding in convolutional layer

No padding, with strides

source

https://github.com/vdumoulin/conv_arithmetic
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With padding, no strides

Strides, padding in convolutional layer

No padding, with strides

source

https://github.com/vdumoulin/conv_arithmetic
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


1x1 convolutions
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Pooling layer
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● Makes the representations 
smaller and more 
manageable 

● Operates over each activation 
map independently

source

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Architectures overview
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LeNet-5
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[LeNet-5, LeCun 1998]
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[Krizhevsky et al. 2012]

source

AlexNet

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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[Krizhevsky et al. 2012]

source

AlexNet

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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[Krizhevsky et al. 2012]

source

AlexNet

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


ZFNet
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[Zeiler and Fergus, 2013]

source

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


VGGNet
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41

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


VGGNet
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42

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


GoogLeNet
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[Szegedy et al., 2014]



GoogLeNet
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[Szegedy et al., 2014]



GoogLeNet
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[Szegedy et al., 2014]



Once again: 1x1 convolutions
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


GoogLeNet
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[Szegedy et al., 2014]
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http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


Residual Block
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https://icml.cc/2016/tutorials/icml2016_tutorial_deep_residual_networks_kaiminghe.pdf


Residual Block
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https://towardsdatascience.com/understanding-and-visualizing-resnets-442284831be8


Residual Block
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https://towardsdatascience.com/understanding-and-visualizing-resnets-442284831be8


Residual Block
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https://icml.cc/2016/tutorials/icml2016_tutorial_deep_residual_networks_kaiminghe.pdf


Residual Block
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source NeurIPS 2018

https://papers.nips.cc/paper/7875-visualizing-the-loss-landscape-of-neural-nets.pdf


ResNet

54

[He et al., 2015]

source

● Batch Normalization after every CONV 
layer 

● Xavier/2 initialization from He et al. 
● SGD + Momentum (0.9) 
● Learning rate: 0.1, divided by 10 when 

validation error plateaus 
● Mini-batch size 256 
● Weight decay of 1e-5 
● No dropout used

http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf


ResNet
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https://icml.cc/2016/tutorials/icml2016_tutorial_deep_residual_networks_kaiminghe.pdf


Vanishing gradient in non-RNN
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Vanishing gradient is present in all 
deep neural network architectures.

● Due to chain rule / choice of 
nonlinearity function, gradient can 
become vanishingly small during 
backpropagation

● Lower levels are hard to train and 
are trained slower

● Potential solution: direct (or skip-) 
connections (just like in ResNet)

image source

https://arxiv.org/pdf/1512.03385.pdf


Vanishing gradient in non-RNN
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Vanishing gradient is present in all 
deep neural network architectures.

● Due to chain rule / choice of 
nonlinearity function, gradient can 
become vanishingly small during 
backpropagation

● Lower levels are hard to train and 
are trained slower

● Potential solution: dense 
connections (just like in DenseNet)

image source

https://arxiv.org/pdf/1608.06993.pdf


Recap: data augmentation
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source

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Summary
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● ConvNets stack convolutional, pooling and dense layers
● Trend towards smaller filters and deeper architectures
● 1x1 convolutions are meaningful
● Humanity is already beaten on ImageNet.



Revise
1. Convolutional layer structure.
2. Pooling layers.
3. Top architectures overview.



Thanks for attention!
Questions?


