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Application

Image recognition
Completely dominated the machine vision space
One of the hottest topics in Al today

Tricky to understana



Why not Regular Neural Nets

 They don't scale well to full iImages.

* |In CIFAR-10

e Images of size 32x32x3 = 3072 weights per
neuron

e Larger images
e 200x200x3 = 120,000 weights
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Why not Regular Neural Nets

* |nput consists of Images
 Neurons in layers arranged in three dimension:

o Width, height, depth



Why not Regular Neural Nets




Historical Overview

 CNN’s are inspired by organization of animals visual cortex
* In 1998, Yann LeCun et al. presented first CNN

 Between 10 thousands of images, it gave only 82 case errors




lmageNet Challenge

* ImageNet Large Scale Visual Recognition
challenge(ILSVRC)

* As of 2016, over ten million of Images have been
hand-annotated

* Every year error rates fell to a few precent(25%,
16% ...)




ConvNet Architecture

Convolution Layer
RelLU Layer

Pooling Layer
Fully-Connected Layer

Softmax



Convolution Layer

* Neurons are not fully-connected

 Compute dot product




Convolution Layer




Convolution Layer

e Several filters
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Convolution Layer

 Weights = Learnable Filter
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Convolution Layer

o Slide the filter over the width and height
» Like Convolution Operation

 Produces a 2-dimensional activation map
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Convolution Layer

 Example
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Convolution Layer
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Convolution
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Pooling Layer

* Performs a downsampling operation

* Progressively reduces the spatial size of activation maps
® Shrinks the number of parameters & computation
e Control overfitting

* Max pool with filters of size 2 and stride of 2

® reduces the spatial extent by half
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Fully-Connected Layer

e Fully-Connected
* No parameter sharing

e Using RelU activation function instead of Sigmoid is common
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Fully-Connected Layer




Softmax

 Normalized exponential function

e (Generalization of the logistic function

Yi
softmax
gI'OU p
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this is called the “logit”




CNN Architecture

e Stack Conv/RelLU

o Periodically use Pool layers
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CNN in Practice



VGGNet (Simonyan and
Zisserman 2014)

3x3 filters
zero-padding of 1
stride of 2

2x2 MAX POOLING with
stride of 2

/.3% top five error

r3-512
r3-512

3-512
'3-512
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INPUT: [224x224x3] memory: 224*224*3=150K params: O (not counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)"64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3 2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOLZ2: [66x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [66x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28"28*512=400K params: (3*3"512)"512 = 2,359,296
CONV3-512: [28x28x512] memaoary: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14%x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memary: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 40961000 = 4_096,000




| eNet

e 5 x5 filter with stride of

e 2%2 MAX POOLING with stride of 2

C3: 1. maps 16@10x10
C1: feature maps S4:f. maps 16@5x5

6@28x28 2 §
6@1;1211&405 C5 layer F6 layer OUTPUT

ITTT- \\

Full conr ecluon ‘ Gaussuan connections
Convolutions Subsampling Convolutnons Subsamplnng Full connection
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Other Examples

GoogleNet
MSRA(Microsoft Research Asia)
SqueezeNet

And ...
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Toolbox and frameworks

o Caffe
e Jensorflow

« CNTK(Microsoft)

e Theano

e and ...



Showtime

e http://cs.stanford.edu/people/karpathy/
convnetjs/demo/cifar10.html

» http://demo.caffe.berkeleyvision.org/
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http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
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DenseCap

Fei-Fei Li

Andre| Karpathy

Justin Johnson

Dense Captioning

a Convolutional Network
a dense localization layer

Recurrent Neural Network language
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DenseCap

%\\Ve introduce the dense captioning task, which requires a
computer vision system to both localize and describe salient
regions in images in natural language.®

Classfication Captioning Dense'Captioning

| | Orange spotied cat

| ’Skateboard wi‘.h'
| red wheels

Cat riding a
Skateboard
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a Slice of meat, vellow aric white chease




Other Researches and
Applications

e FaceApp

* JibJab

e Soccer Activity Recognition

e and ...
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I'hanks everyone!



Any Question??!|



