Knowledge Discovery & Data Mining
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Perceptron

A bit of history...

The Mark | Perceptron machine was the first
Implementation of the perceptron algorithm.

The machine was connected to a camera that used
20x20 cadmium sulfide photocells to produce a 400-pixel

Image.
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Frank Rosenblatt, ~1957: Perceptron

This image by Rocky Acosta is licensed under CC-BY 3.0
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Back-propagation
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Rumelhart et al., 1986: First time back-propagation became popular
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First Deep Neural Network

——————————————————————————

[Hinton and Salakhutdinov 2006}

Reinvigorated research In
Deep Learning

Restricted Boltzmann Machines
3

Pretraining RBMe-initialized autoencoder Fine-tuning with backprop

lllustration of Hinton and Salakhutdinov 2006 by Lane
Mcintosh, copyright CS231n 2017
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First Strong Results

Acoustic Modeling using Deep Belief Networks
Abdel-rahman Mohamed, George Dahl, Geoffrey Hinton, 2010

Context-Dependent Pre-trained Deep Neural Networks
for Large Vocabulary Speech Recognition
George Dahl, Dong Yu, Li Deng, Alex Acero, 2012

Deep Neural
Network

1

Spectrogram

Imagenet classification with deep convolutional
neura I ne two rk S lllustration of Dahl et aé 82(2) ; 12nb;/0L1a7ne Mcintosh, copyright

Alex Krizhevsky, llya Sutskever, Geoffrey E Hinton, 2012
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Figures copyright Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

landmark paper



N,

What specifically led to the development of
convolutional neural networks?
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Hubel & Wiesel’'s Experiments

Hubel & Wiesel,
1959

RECEPTIVE FIELDS OF SINGLE

NEURONES IN
THE CAT'S STRIATE CORTEX

1962

RECEPTIVE FIELDS, BINOCULAR

INTERACTION
AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

1968...

Stimulus

ﬁ

X
-

Stimulus

Electrical
signal from
brain

Response

Cat image by CNX OpenStax is licensed

under CC BY 4.0; changes made
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Topographical mapping in the cortex

Human brain

nearby cells Iin cortex represent
nearby regions in the visual field

Retinotopy images courtesy of Jesse Gomez in the
Stanford Vision & Perception Neuroscience Lab.

Yong Zhuang
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Hierarchical Organization

Simple cells:
Response to light
orientation

Retinal ganglion cell LGN and V1 Complex cells:
receptive fields simple cells

Response to light
orientation and movement

Hypercomplex cells:
response to movement
with an end point

N\

lllustration of hierarchical organization in early visual

pathways by Lane Mcintosh, copyright CS231n 2017 No response Respon Se

(end point)
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Neurocognitron

Neocognitron ﬂ =

[Fukushima 1980] o{i
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simple cells: modifiable parameters
complex cells: perform pooling

N
il
“sandwich” architecture (SCSCSC...) ®)
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History

Gradient-based learning applied to

document recognition
[LeCun, Bottou, Bengio, Haffner 1998]

Image Maps
Input
/x \ | e
Convolutions Fully Connected
Subsampling

LeNet-5
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History

ImageNet Classification with Deep
Convolutional Neural Networks
[Krizhevsky, Sutskever, Hinton, 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

“AlexNet”
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Today: CNNs are everywhere

Classification Retrieval

container s motor scooter roparc

mite container ship motor scooter legpard

black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car snow leopard

starfish drilling platform golfcart Egyptian cat

rifie musnhroom cher adagascar ca
rtible agaric _squ monkey
grille mushroom spider monkey
pickup jelly fungus elderberry titi
beach wagon gill fungus hire bullterrier indri
fire engine | dead-man’'s-fingers currant howler monkey

Figures copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Today: ConvNets are everywhere

Detection Segmentation
o & - ::7’--.;& She ildir!l)g '@'

RN W
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" building. wedtuilatitf e iding
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Figures copyright Shaoqing Ren, Kaiming He, Ross Girschick, Jian Sun, 2015. Reproduced with Figures copyright Clement Farabet, 2012.

permission. . ' Reproduced with permission. [Farabet et al,, 2012]
[Faster R-CNN: Ren, He, Girshick, Sun 2015]
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Self-Driving Cars

Photo by Lane MclIntosh. Copyright CS231n 2017.
self-driving cars

Yong Zhuang
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Face-Recognition & Video Classification

payuel ‘pI SSB|D

=
A

Original image  RGB channels convO conv4 --- mixed3/conv --- mixed10/conv --- Softmax

[Talgman et a/ 2014] Activations of inception-v3 architecture [Szegedy et al. 2015] to image of Emma MclIntosh,

used with permission. Figure and architecture not from Taigman et al. 2014.

Spatial stream ConvNet

convi || conv2 || conv3 || conv4 || conv5 fulle full? ||softmax
7X7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stnde 1 || stride 1 || stnde 1 || dropout || dropout
norm. nomm pool 2x2

Temporal stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 || fullé full? |lsoftmax
Tx7Tx96 || 5x5x256 || 3x3x512 |1 3x3x512 || 3x3x512 4096 2048

video ¥

: stride 2 || stride 2 || stride 1 || stride 1 || stnde 1 || dropout || dropout input
nput norm. || pool 2x2 pool 2x2
video multiframe |50/ 2x2 convi
_ optical flow | fc
[llustration by Lane Mclntosh, conv2
: Figures copyright Simonyan et al., 2014. photos of Katie Cumnock
[Slmonyan et al. 201 4] Reproduced with permission. used with permission. conv3
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Reinforcement Learning

frame: t-3

“submarine”

“enemy+diver”

[Guo et a/ 20 14] Figures copyright Xiaoxiao Guo, Satinder Singh, Honglak Lee, Richard Lewis,
and Xiaoshi Wang, 2014. Reproduced with permission.

Yong Zhuang
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More Applications

Benign Malignant Malignant Benign

el
R AR

[I_evy et a/ 20 1 6] Figure copyright Levy et al. 2016.

Reproduced with permission.

[Dieleman et al. 2014]

Yong Zhuang
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More Applications

Image Style Transfer Using Convolutional Neural Networks
Leon A. Gatys, Alexander S. Ecker, Matthias Bethge

Yong Zhuang
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https://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Gatys_Image_Style_Transfer_CVPR_2016_paper.pdf
https://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Gatys_Image_Style_Transfer_CVPR_2016_paper.pdf

Convolutional Neural Networks
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Fully Connected Layer

32x32x3 Image -> stretch to 3072 x 1

input activation
Wx
e — 10— 7
3072 10x 3072 10
weights
1 number:

the result of taking a dot product
between a row of W and the input
(@ 3072-dimensional dot product)

Yong Zhuang
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Convolution Layer

32x32x3_Image -> preserve spatial structure

\ Filters always extend the full depth of the input volume

32 height 5x5x3 filter

//
II Convolve the filter with the image
l.e. “slide over the image spatially,

- el computing dot products

3 depth

Yong Zhuang
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Convolution Layer

___— 32x32x3 image

5x5x3 filter w
32

~ 1 number:
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)

wiz +b

32

Yong Zhuang
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Convolution Layer

activation map

32x32x3 Image

Sx5x3 filter
convolve (slide) over all
spatial locations

Yong Zhuang
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Convolution Layer

32x32x3 image activation maps

oxoX3 filter
convolve (slide) over all
spatial locations

Yong Zhuang
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Convolution Layer

For example, if we had 6 5x5 filters, we'll get 6 separate activation maps:

activation maps

32
28
Convolution Layer
32 28
3 6
We stack these up to get a “"new image” of size 28x28x6!
Knowledge Discovery & Data Mining 26




Convolutional Nets

Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

f(u) = max(0, u)

32 28

CONYV,
RelLU
e.g. 6
OXOX3

filters 28

32

Knowledge Discovery & Data Mining 27

Yong Zhuang



Convolutional Nets

Preview: ConvNet is a sequence of Convolutional Layers, interspersed with

activation functions

32 28 24
CONYV, CONYV, CONYV,
RelLU RelLU RelLU
e.g.o6 e.g. 10
OXDXS 5x5x6
32 filters 28 filters 24
3 6 10
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Convolutional Nets

P review [Zeiler and Fel‘gus 20 1 3] Visualization of VGG-16 by Lane McIntosh. VGG-16

architecture from [Simonyan and Zisserman 2014].

Linearly
separable
classifier

Low-level Mid-level High-level
features features features

T

st

VGG-16 Convil 1

Yong Zhuang
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A closer look at spatial dimensions

activation map

32x32x3 Image

5x5x3 filter
convolve (slide) over all
spatial locations

Yong Zhuang
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A closer look at spatial dimensions

7

/X7 Input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions

7

/X7 Input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions

7

/X7 Input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions

7

/X7 Input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions

7

/X7 Input (spatially)
assume 3x3 filter

=> 5x5 output
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A closer look at spatial dimensions

-
/X7 Input (spatially)

assume 3x3 filter
applied with stride 2

I /
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A closer look at spatial dimensions

e

/X7 Input (spatially)
assume 3x3 filter
applied with stride 2
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A closer look at spatial dimensions

-
/X7 Input (spatially)

assume 3x3 filter
applied with stride 2
=> 3x3 output!
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A closer look at spatial dimensions

-
/X7 Input (spatially)

assume 3x3 filter
applied with stride 37

cannot apply 3x3 filter on
/X7 Input with stride 3.

: v
l / doesn’t fit!
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A closer look at spatial dimensions

N

Output size:
(N - F) / stride + 1

eg.N=7,F=3:

stride 1=>(7-3)/1+1=5
stride2=>(7-3)2+1=3
stride 3=>(7-3)/3+1=2.33

Knowledge Discovery & Data Mining
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A closer look at spatial dimensions

ojo|ofo]|o]|oO .
e.g. Input 7x/
0 3x3 filter, applied with stride 1
0 pad with 1 pixel border => what is the output?
0
0
(recall:)
(N - F)/ stride + 1

Yong Zhuang
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A closer look at spatial dimensions

In practice: Common to zero pad the border

0

0

0

0

0

0

Yong Zhuang

e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

7xX7 output!
iIn general, common to see CONYV layers with
stride 1, filters of size FxF, and zero-padding with
(F-1)/2. (will preserve size spatially)
e.g. F =3 => zero pad with 1

F =5 =>zero pad with 2

F =7 =>zero pad with 3

Knowledge Discovery & Data Mining
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A closer look at spatial dimensions

Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size: ?
(recall:)

(N -F)/stride + 1
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A closer look at spatial dimensions

Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size:
(32+272-5)/1+1 = 32 spatially, so
32x32x10
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A closer look at spatial dimensions

Examples time: /

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?
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A closer look at spatial dimensions

Examples time:

Input volume: 32x32x:
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?

each filter has 5*5*3 + 1 = 76 params  (+1 for bias)
=> /610 =760
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Pooling layer

- makes the representations smaller and more manageable
- operates over each activation map independently:

224x224x64
112x112x64
pool —
lﬁ 4
A
> N 112
224 downsampling
112
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Max Pooling

Single depth slice

11112 4
516|738
312|110
112 |3 | 4

Yong Zhuang

max pool with 2x2 filters
and stride 2 0

s

Knowledge Discovery & Data Mining

48



1-D Convolution for Time Series

TMGEOEe 08 el Global Max-P ooling  Fully Connected Layer
length n and width k - .

Yong Zhuang

Knowledge Discovery & Data Mining 49



1-D Convolution for Time Series

Convolution Concatenation Convolution Fully connected  Softmax

+pooling +pooling
5 Sngea )
U AN
Identity mapping r -lt:‘-m:n'cy—

_ i
,‘/“M WJW\M‘\ —

predictled
label distribution

e

:mﬂ |

W_/ W_) \ J

Transformation Stage Local Convolution Stage Full Convolution Stage

Yong Zhuang
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Summary

e Convolutional Neural Networks
o History
o Applications
o Layers
m Fully connected layer
m Convolutional layer
m Pooling layer

o 1-D Convolution for Time Series
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