CSE 152: Computer Vision
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Convolutional Neural Network




Images as input to neural networks

33

Ranzaton




Images as input to neural networks

Example: 200x200 image

40K hidden units
m) ~2B parameters!!!
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Images as input to neural networks

Example: 200x200 image
40K hidden units
m) ~2B parameters!!!

- Spatial correlation is local
- Waste of resources + we have not enough

- 33
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Convolutional Neural Networks

« CNN = a multi-layer neural network with

— Local connectivity:

e Neurons in a layer are only connected to a small region
of the layer before it

— Share weight parameters across spatial positions:

« Learning shift-invariant filter kernels
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Image credit: A. Karpathy

Jia-Bin Huang and Derek Hoiem, UIUC




Share the same parameters across
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Convolutional Layer
















Convolutional Layer
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Convolutional Layer
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Convolutional Layer






















Convolutional Layer
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2D spatial filters

o If images are 2-D, parameters should also be organized in 2-D
> That way they can learn the local correlations between input variables
> That way they can “exploit” the spatial nature of images

Grayscale

Filters



k-D spatial filters

o Similarly, if images are k-D, parameters should also be k-D

Grayscale RGB Multiple channels

k dims

Filters




Dimensions of convolution

image Convolutional layer

Slide: Lazebnik



Dimensions of convolution

feature map
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image Convolutional layer

Slide: Lazebnik



Dimensions of convolution
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image Convolutional layer

Slide: Lazebnik



Dimensions of convolution

next layer
image Convolutional layer

Slide: Lazebnik



Number of weights

RGB

2 dims X
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How many weights for this neuron?
7-7-3 =147



Number of weights

O O O ‘ ¢pth=5 dims
20000

How many weights for these 5 neurons?
5:7:-7:-3=735



Pooling: Downsample feature maps

o Aggregate multiple values into a single value

Single depth slice

max pool with 2x2 filters
and stride 2
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Pooling: Downsample feature maps

Aggregate multiple values into a single value

Invariance to small transformations
o Keep only most important information for next layer

Reduces the size of the next layer
« Fewer parameters, faster computations

Observe larger receptive field in next layer
« Hierarchically extract more abstract features

Single depth slice

y 1111124
max pool with 2x2 filters
516 |7 8 and stride 2 6 | 8
31210 ] 3| 4
1 21 3| 4

\




Yann LeCun’s MNIST CNN architecture

G331 maps 16@10x10

ggg % ngﬂtare maps S4: 1. maps 16@5x5
S52:f. maps Co:layer .
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Full connection Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection oo nzato




AlexNet for ImageNet

params AlexNet FLOPs

am  [[TRCH000 T 4M
1M [ FC4096/RelU | 16M

Layers 442K 74M
- Kernel sizes
. Strides 1.3M 112M
- #channels 884K 149M
- #kernels
- Max pooling

307K 223M




[Krizhevsky et al. 2012]

AlexNet diagram (simplified)
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Convolutional Neural Networks

o Question: Spatial structure?
o Answer: Convolutional filters

o Question: Huge input dimensionalities?
> Answer: Parameters are shared between filters

o Question: Local variances?
> Answer: Pooling

[Slides credit: Efstratios Gavves]



What's going on inside ConvNets?

e ><:><_ "™ Class Scores:
1000 numbers
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Krizhevsky et al, “ImageNet Classification with Deep Convolutional Neural Networks”, NIPS 2012. Figure reproduced with permission.


https://pixabay.com/p-1246693/?no_redirect
https://pixabay.com/p-1246693/?no_redirect
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en

First Layer: Visualize Filters
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Krizhevsky, “One weird trick for parallelizing convolutional neural networks”, arXiv 2014

He et al, “Deep Residual Learning for Image Recognition”, CVPR 2016
Huang et al, “Densely Connected Convolutional Networks”, CVPR 2017
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Visualize the filters/kernels (raw weights)

layer 1 weights

Weights:
BENCENEN SRS 16 X3 X7 X7
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Last Layer

FC7
layer

4096-dimensional feature vector for an image
(layer immediately before the classifier)

Run the network on many images, collect the
feature vectors




Last Layer: Nearest Neighbors

4096-dim vector s——p
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Krizhevsky et al, “ImageNet Classification with Deep Convolutional Neural Networks”, NIPS 2012. Figures reproduced with permission.



Last Layer: Dimensionality Reduction
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Simple algorithm: Principal BN

Component Analysis (PCA)

More complex: t-SNE

Van der Maaten and Hinton, “Visualizing Data using t-SNE”, JMLR 2008

Figure copyright Laurens van der Maaten and Geoff Hinton, 2008. Reproduced with permission.



Which pixels matter: Saliency vs Occlusion

Mask part of the image before feeding to CNN,

check how much predicted probabilities change

P(elephant) =0.95

P(elephant) =0.75

Boat image is CCO public domain Elephant image is CC0O

Zeiler and Fergus, “Visualizing and Understanding Convolutional Networks”, ECCV 2014 lic domain. Go-Karts image is lic domain


https://pixabay.com/en/sailboat-ship-sailing-greenland-459794/
https://pixabay.com/en/sailboat-ship-sailing-greenland-459794/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://pixabay.com/en/elephant-african-bush-elephant-114543/
https://pixabay.com/en/elephant-african-bush-elephant-114543/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://pixabay.com/en/gokart-fun-car-go-kart-racing-1089893/
https://pixabay.com/en/gokart-fun-car-go-kart-racing-1089893/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Which pixels matter: Saliency vs Occlusion

schooner
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Mask part of the image before feeding to CNN,
check how much predicted probabilities change
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Boat image is CCO public domain Elephant image is CC0O

Zeiler and Fergus, “Visualizing and Understanding Convolutional Networks”, ECCV 2014 lic domain. Go-Karts image is lic domain


https://pixabay.com/en/sailboat-ship-sailing-greenland-459794/
https://pixabay.com/en/sailboat-ship-sailing-greenland-459794/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://pixabay.com/en/elephant-african-bush-elephant-114543/
https://pixabay.com/en/elephant-african-bush-elephant-114543/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://pixabay.com/en/gokart-fun-car-go-kart-racing-1089893/
https://pixabay.com/en/gokart-fun-car-go-kart-racing-1089893/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Which pixels matter: Saliency via Backprop

Forward pass: Compute probabilities
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Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps”, ICLR Workshop 2014.
Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman, 2014; reproduced with permission.



Which pixels matter: Saliency via Backprop

Forward pass: Compute probabilities

Compute gradient of (unnormalized) class
score with respect to image pixels, take
absolute value and max over RGB channels

Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps”, ICLR Workshop 2014.
Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman, 2014; reproduced with permission.



Saliency Maps

Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps”, ICLR Workshop 2014.
Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman, 2014; reproduced with permission.



Fooling Images / Adversarial Examples

African elephant

Difference 10x Difference

iPod Difference 10x Difference

Boat image is CCO public domain Elephant image is CCO public domain


https://pixabay.com/en/sailboat-ship-sailing-greenland-459794/
https://pixabay.com/en/sailboat-ship-sailing-greenland-459794/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://pixabay.com/en/elephant-african-bush-elephant-114543/
https://pixabay.com/en/elephant-african-bush-elephant-114543/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Fooling Images / Adversarial Examples

Start from an arbitrary image

(1)

(2) Pick an arbitrary class

(3) Modify the image to maximize the class
(4) Repeat until network is fooled



Optimization Formulation

[Ta rget cIassx

African elephant koala

Score(I; 0): the confidence score of an image belonging to class c,
using a network of parameters 6

Attack: Modify the image I to increase Score, ;o0 (145515 0)

ma)I(i mize Scor etarget class(Iadv)

adv

subject to L, — L, <e€

ori



Gradient-based Attack

Fast Gradient Sign Method:

Iaa’v

I +|esign( VIScorem,,get class L))

\

African elephant koala Difference 10x Difference




Patch-based Attack (Spatially Localized)




langerous!




Neural Style Transfer

This image is licensed under CC-BY 3.0 Starry Night by Van Gogh is in the public domain

Gatys, Ecker, and Bethge, “Texture Synthesis Using Convolutional Neural Networks”, NIPS 2015


https://creativecommons.org/licenses/by/3.0/deed.en
https://creativecommons.org/licenses/by/3.0/deed.en
https://creativecommons.org/licenses/by/3.0/deed.en

Neural Style Transfer

This image copyright Justin Johnson, 2015. Reproduced with
permission.

This image is licensed under CC-BY 3.0 Starry Night by Van Gogh is in the public domain

Gatys, Ecker, and Bethge, “Texture Synthesis Using Convolutional Neural Networks”, NIPS 2015


https://creativecommons.org/licenses/by/3.0/deed.en
https://creativecommons.org/licenses/by/3.0/deed.en
https://creativecommons.org/licenses/by/3.0/deed.en
https://github.com/jcjohnson/neural-style
https://github.com/jcjohnson/neural-style

Total Loss

Z total(I) = Z content(I) + Zz sl‘yle(I)

Minimize total loss




Neural Style Transfer

Example outputs

Gatys, Ecker, and Bethge, “Image style transfer using convolutional neural networks”,
CVPR 2016 Figure copyright Justin Johnson, 2015.



Neural Style Transfer

VNIRES NS Al A
More weight to - . More weight to
content loss style loss




