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Focusing on Two Papers

* Gradient-Based Learning Applied to Document Recognition [1]

* ImageNet Classification with Deep Convolutional Neural
Networks [11]




Outline

* Motivation
* Neuron Recap
e Generative vs Discriminative Models

* Convolutional Neural Network Components
e Convolution
* Pooling

Fully Connected Layers

* Dropout

e Alexnet
* Generative Models
* Conclusion




Motivation

* Most real world problems are nonlinear in nature
* Reliable feature representations
* Hand crafted features require extreme domain knowledge and

are expensive to acquire
* Neural Networks learn feature representation from the data

directly



Motivation and Inspiring Results
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Neuron Recap

Xl —— > Y

Output of neuron =Y= f(wl. X1 +w2.X2 + b)



Activation Function
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Feedforward Neural Network
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Backpropagation

* Used in conjunction with
gradient descent
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Discriminative Models

* Learn a conditional probability distribution P(y|x)
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Generative Models

* A form of unsupervised learning
e Autoencoders
e Generative Adversarial Networks
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Convolution

* Primary use is to extract features from an image.
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Convolution Parameters

e Kernel Size

e Stride s
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Convolutional Neural Networks (CNNs)

e Combine three main ideas
* Local Receptive Fields

. vAy
* Shared Weights ) g
e Spatial sub-sampling




Local Receptive Fields

* Allow neurons to extract local visual features, which are used
in subsequent layers to detect higher level features.
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LeNet-5

* The set of output units is called a feature map

Input Feature maps Feature maps Feature maps Feature maps Output
24x24 4@20x20 4@10x10 8@8x8 8@4x4 20@1x1

Convolution Subsampling Convolution Subsampling Convolution



Pooling Layers

* Downsample the input

Single depth slice

% 111124
max pool with 2x2 filters
oNmeNl 7 | 8 and stride 2 6| 8
3 | 2 [EilNE 3| 4
1 | 2 S

>

y



Fully Connected Layers

* Flattens the feature map
e Outputs class labels, numbers, etc.
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Dropout

* Prevents overfitting

 Randomly sets activations to zero
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Alexnet

* Achieved incredible results on the ImageNet dataset
* Top-1 error: 37.5%
* Top-5 error: 17.0%

* Kicked off the deep learning craze
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Alexnet Training Details

* Stochastic Gradient Descent

* Batch size of 128

* Momentum

* Weight decay of 0.0005

* Learning rate of 0.01 and reduced throughout training
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Data Augmentation

* Reduces overfitting
* Provides more data samples
* How?

* Mirror/flip image

» Contrast/brightness change
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Visualization

* Filters from the first convolutional layer




Generative Models




Image to Image Translation

* How can we output an image?

Labels to Street Scene Labels to Facade BW to Color

output
Edges to Photo

input output




Upsampling

e How do we upsample?
e Transpose (strided) convolution
e Upconvolution




U-Net

» Skip connections for preserving local structure.
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Popular Architectures
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Interesting Architectures

e Network in Network




Deep Learning in Practice
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Conclusion

e Feedforward Networks
e Convolutional Neural Networks

* Discriminative Models
 Alexnet

e Generative Models
* Popular Architectures




Thank You
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