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Outline

* Brief review of convolutional computations
» Convolutional Neural Networks

* LeNet (first conv nets)

* AlexNet

e ResNet
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Review: 2-D Convolution

Input Kernel Output

o
-

OXO0+1X14+3%Xx24+4%x3=19,
I X04+2X1+4Xx2+4+5%X3 =25,
I3IX0+4X14+6X%X2+7%x3 =737,
4X0+5X1+7T%X2+8X3=43.




Review: 2-D Convolution

Input Kernel Output

o[
-

OXO0+1X14+3%Xx24+4%x3=19,
I xX0+2%x14+4%X2+35%x3 =25,
3IX0+4x14+6X%X2+7Xx3 =737,
4X0+35X14+7X2+8X%X3=43.

(vdumoulin@ Github)



Padding

Padding adds rows/columns around input

Input Kernel Output

nEon
Do O EEn

D0
ATl

. 0

Original input/output
OXO04+0X14+0X24+0Xx3=0



Stride

» Stride Is the #rows/#columns per slide

Strides of 3 and 2 for height and width

Input Kernel Output

OX04+0X1+1x24+2%x3=28
OXO04+6X14+0Xx24+0%xXx3=6



Output shape

Kernel/filter size

v

\(n, — k, +p, +s,)/s,| X |(n,—k,+p,+5,)/s,|

+ 44

Input size Pad Stride




Review: Multiple Input Channels

 |Input and kernel can be 3D, e.g., an RGB image have 3
channels

« Have a kernel for each channel, and then sum results over
channels
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Review: Multiple Input Channels

 |Input and kernel can be 3D, e.g., an RGB image have 3
channels

« Have a kernel for each channel, and then sum results over
channels

Input Kernel Input Kernel Output

1123
KE
415|6|* 1
. 71819 56 | 72
* 0 — + — -
2 > 104120
0 | 1
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Review: Multiple Input Channels

 |Input and kernel can be 3D, e.g., an RGB image have 3
channels

« Have a kernel for each channel, and then sum results over
channels

Input Kernel Input Kernel Output

(IX14+2%X24+4%X34+5X%X4)

1121 3
215 [« *F!g: +O0OX0+1X1+3%x2+4x%3)
+

56 | 72 =36
104|120

N O

HH
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Review: 2-D Max Pooling

 Returns the maximal value In the
sliding window

Input Output

2 X 2 Max
Pooling n

max(0,1,3,4) =4




Review: 2-D Max Pooling

 Returns the maximal value In the
sliding window

Input Output

2 X 2 Max
Pooling n

max(0,1,3,4) =4




Convolutional Neural Networks



Evolution of neural net architectures



Evolution of neural net architectures

. C3:1.maps 16210x10

2 541 raps 16850 e
12 X288z . N
) i L Om-m S
X \ o 2048 \ / 20ag \dense
128 P — —
224 o 3| A I ex N et | ==
A - dense | [dense
27 3\ )
™ N 0| R ey - 3 1000
R 128 Max || ||
. 2048 204
Full corvsmcion Guussan cornecions 224\\[iStride Maxl, 128 Max pooling 048
Comuhnons Subsamping Corwotiors  Subzamping Ful connection ;of4 pooling pooling
a8

Conv Com Conv Conme
1t +1(8) i 33+ 145) [ Sase148) W ta1e1(8)
c«- Ml
105 i 33 105

=
Con M (h' Conve
i+ 1(8) Ande 14 11148
Cn! [
v1m 200

LocalReaphcrm

s S \
~ A /AN VA AN AN AN | AN R 4 DenseNet
a| (2] (3] 3] [3 3R R R R 1R R R R H‘Fﬁ

® : Channel-wise concatenation



Handwritten Digit
Recognition

4,72%% ﬁ’ﬁi’ﬁa“

Dree FRpntits
LTy, 1t

=S09 QM 4/‘?‘7 Swgle
popde Sarey, O J7 021

Q7031 S0ESES “”,"hnl;"”:ul',u"nn,a“n,n“ul”"u““f'":'l,n'r":
g CARRDLL O’CONNOR l gr { 715
BUSINESS ACCOUNT )

% ¢/, NANAS, STERN, BIERS AND CQ.

9454 WILSHIRE BLVD., STE. 405 273=2501 ’)% 2 :E o, 19% :g;g‘* /8

pVERLY l-lll.l.b, CALIF. 90212

. PAY TO THE

0,., i é»“ ﬁéuga&f § S0 0— |
f MMM M_DOLLAR

£ WILSHIRE-DOHENY CFFICE
g WELLS FARGO BANK
NATIONAL ASSOCIATION
2101 WILSHIRE BOULEVARD
BEVERLY HILLS, CALIFORNA 0211
%f”ﬂoﬂw ju,kapjn Ue, Lﬂg e

; 13 1. 2 eo--uoo eu. 12745 oe, 35 44875 #0000500000

| JRME B QUL SRR N U A o 2 e A ._,., J‘W SO - -
EF CMICE PN




QX MIITrWVS rw Jd
O —=—Cg m T NS oo O
O~ T WnO =00 2

nn.w.l?..)u:r:b O O~
~ X M IO N N
O~ d) Tl O NG &«

d
fogs
S 3
» o8 o
5 c 8 O
c = T O
S = % & o
dmeme
— O O )
O oS o N ©
nnuo.,o.,XC
O O 00 O
O W~ N +




rb‘t'

‘““ fLeNetd | gesearch

-
-

answer: 0

4
=

10

Y. LeCun, L.
Bottou, Y. Bengio,
P. Haffner, 1998
Gradient-based
learning applied to
document
recognition

TirPis 2 o

& v LU RS 1 Kawy 1 B
JLEP

o)




rb‘t'

‘““ fLeNetd | gesearch

-
-

answer: 0

4
=

10

Y. LeCun, L.
Bottou, Y. Bengio,
P. Haffner, 1998
Gradient-based
learning applied to
document
recognition

TirPis 2 o

& v LU RS 1 Kawy 1 B
JLEP

o)




LeNet Architecture
(first conv nets)

amakiion convolution pooling full
pooling ful
| . Gauss
3 |3 =
(9]
= A E
o ' O
T | B
6@14x14
S2 feature map 16@5x5
32x32 image 6@28x28 16@10x10 S4 featurc)e( map
C1 feature map C3 feature map

Gradient-based learning applied to document recognition,
by Y. LeCun, L. Bottou, Y. Bengio and P. Haffner



LeNet(variant) in Pytorch

. convolution pooling full
convolution

pooling

120 - F5 full
84 - F6 full

E%

= S2 feature map

6@14x14

e

— 16@5x5
o 32x32 image 6@28x28 16@10x10 S4 feature map
def _ 1n lt_( self): C1 feature map C3 feature map

super(LeNet5, self)._ _init_ ()

# Convolution (In LeNet-5, 32x32 images are given as input. Hence padding of 2 is done below)

self.convl = torch.nn.Conv2d(in_channels=1, out_channels=6, kernel_size=5, stride=1, padding=2, bias=True)

¥ Max-pooling

self.max_pool 1 = torch.nn.MaxPool2d(kernel _size=2)

¥ Convolution

self.conv2 = torch.nn.Conv2d(in_channels=6, out_channels=16, kernel_size=5, stride=1, padding=0, bias=True)

¥ Max-pooling

self.max_pool 2 = torch.nn.MaxPool2d(kernel_size=2)

¥ Fully connected layer

self.fcl = torch.nn.Linear(16x5x5, 120) # convert matrix with 16%5%5 (= 400) features to a matrix of 120 features (column
self.fc2 = torch.nn.Linear(120, 84) # convert matrix with 120 features to a matrix of 84 features (columns)
self.fc3 = torch.nn.Linear(84, 10) # convert matrix with 84 features to a matrix of 10 features (columns)

https://github.com/bollakarthikeya/LLeNet-5-PyTorch/blob/master/lenet5_gpu.py



def forward(self, x):

¥ convolve, then perform ReLU non-Linearity

x = torch.nn.functional.relu(self.convl(x))

¥ max-poolling with 2x2 grid

x = self.max pool 1(x)

¥ convolve, then perform ReLU non-lLinearity

x = torch.nn.functional.relu(self.conv2(x))

¥ max-poolling with 2x2 grid

x = self.max _pool 2(x)

¥ first flatten 'max_pool 2 out' to contain 16x%5%5 columns
¥ read through https://stackoverflow.com/a/42482819/7551231
X.view(=1, 16%5%5)
¥ FC-1, then perform ReLU non-lLinearity

x = torch.nn.functional.relu(self.fcl(x)) LeNet(variant) in PytOrCh

¥ FC-2, then perform ReLU non-linearity

X

X = torch.nn.functional.relu(self.fc2(x)) convolution pooling ful

convolution

# F C . 3 pooling
x = self.fc3(x)

120 - F5 full
84 - F6 full
10 - Out

\
\

return X 6@14x14

= S2 feature map

32x32 image 6@28x28 16@10x10
C1 feature map C3 feature map

16@5x5
S4 feature map
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* AlexNet won ImageNet
competition in 2012

» Deeper and bigger LeNet

» Paradigm shift for
computer vision




Dense (1000)

}
AI ex N et Dense (4096)

t

Dense (4096)

* AlexNet won ImageNet i

Max Pooling

competition in 2012 ;

3x3 Conv (384)

» Deeper and bigger LeNet ¢

3x3 Conv (384)

* Paradigm shift for ;

computer vision o (364

Max Pooling

N — ¢

5x5 Conv (256)

t

Max Pooling

!

11x11 Conv (96), stride 4

t

image (224x224)




AlexNet Architecture

AlexNet

3x3 MaxPool, stride 2

11x11 Conv (96), stride 4

image (3x224x224)

LeNet

2x2 AvgPool, stride 2

5x5 Conv (6), pad 2

image (32x32)
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AlexNet

3x3 MaxPool, stride 2

11x11 Conv (96), stride 4

image (3x224x224)

LeNet

2x2 AvgPool, stride 2

5x5 Conv (6), pad 2

image (32x32)



AlexNet Architecture
AlexNet

3x3 MaxPool, stride 2

3x3 Conv (384), pad 1 L eNet

3x3 Conv (384), pad 1 2x2 AvgPool, stride 2
3x3 Conv (384), pad 1 5x5 Conv (16)
A

3x3 MaxPooling, stride 2

5x5 Conv (256), pad 2
A
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AlexNet Architecture
AlexNet

3x3 MaxPool, stride 2

3x3 Conv (384), pad 1 L eNet

3x3 Conv (384), pad 1 2x2 AvgPool, stride 2
3x3 Conv (384), pad 1 5x5 Conv (16)
A

3x3 MaxPooling, stride 2

5x5 Conv (256), pad 2
A



AlexNet Architecture

AlexNet LeNet

Dense (1000) Dense (10)

Dense (4096) Dense (84)

Dense (4096) Dense (120)

¢ ¢
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AlexNet Architecture

AlexNet LeNet

Dense (1000) Dense (10)

Dense (4096) Dense (84)

Dense (4096) Dense (120)

¢ ¢



More Differences...

» Change activation function from sigmoid to RelLu
(no more vanishing gradient)

« Data augmentation




28.2

10.4

19 layers

l

ILSVRC'10 [LSVRC'11 ILSVRC'12 ILSVRC'13 ILSVRC'14 ILSVRC14
AlexNet GoogleNet VGG

I 22 layers

8 layers

ImageNet Top-5 Classification Error (%)



Simple Idea: Add More Layers

* VGG: 19 layers. ResNet: 152 layers. Add more layers sufficient?
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* Vanishing gradients: more layers more likely

* |nstablility: can't guarantee we learn identity maps



Simple Idea: Add More Layers

* VGG: 19 layers. ResNet: 152 layers. Add more layers sufficient?

* No! Some problems:
* Vanishing gradients: more layers more likely
* |nstablility: can't guarantee we learn identity maps

\’\W\A 20¢
< S6-layer

< _
= =
© - |
. o 3 ) § N 20-layer
Reflected in training error: 2 S6-layer 2
& 20-layer
Cter. (led) | " iter. (led)

He et al: “Deep Residual Learning for Image Recognition”
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« Same architecture, etc.
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Depth Issues & Learning ldentity

* Why would more layers result in worse performance

« Same architecture, etc.

e |f the A can learn f, then I g;fr?n We
SO can B, as long as top L] identity
layers learn identity NEtWOrK B [ ] here?

[ ] [ ]
NetworkA = [ | [ ]
[ ] [ ]

Idea: if layers can learn identity, can’t get worse.
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 |dea: identity might be hard to learn, but zero is easy!
» Make all the weights tiny, produces zero for output
» Can easily transform learning identity to learning zero:

]

— f(x) + x @(
v Bk

—1 /0 [

== =
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Residual Connections

 |dea: identity might be hard to learn, but zero is easy!
» Make all the weights tiny, produces zero for output
» Can easily transform learning identity to learning zero:

[ 1
[ ] — Left: Conventional layer blocks
- f(x) +)‘%I Right: Residual layer blocks
L= =
1 fx [
= =
X X



Residual Connections

 |dea: identity might be hard to learn, but zero is easy!
» Make all the weights tiny, produces zero for output
» Can easily transform learning identity to learning zero:

[ ]
[ ] % Left: Conventional layer blocks
E— f(x) + x @( Right: Residual layer blocks
Ti==Ri =
To learn identity f(x) = x, layers now
I L — need to learn f(x) = O = easier
[ 1 I;I
A
X X
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ResNet Architecture

 ldea: Residual (skip) connections help make learning easier

* Example architecture:

output
size: 224

output
size: 112

output
sze: 56

output
sze: 28

VGG-19

image

\ 4

3x3 conv, 64

\

3x3 conv, 64

v

pool, /2

\

3x3 conv, 128

\ 4

3x3 conv, 128

34-layer plain

image

Y

34-layer residual

image

A 4

v

pool, /2

\ 4

7x7 conv, 64, /2

3x3 conv, 256

v

pool, /2

\ 4

Ix7 conv, 64, /2

\

pool, /2

F

Y

3x3 conv, 64

3x3 conv, 256

\ 4

3x3 conv, 64

Y

Y

3x3 conv, 64

3x3 conv, 256

\

3x3 conv, 64

\

3x3 conv, 64

3x3 conv, 256

\

3x3 conv, 64

A 4
pool, /2

\ 4

3x3 conv, 64

Y

v

3x3 conv, 64

3x3 conv, 64

\

3x3 conv, 64

Y

3x3 conv, 64

\ 4

3x3 conv, 64

3x3 conv, 128, /2

3x3 conv, 512

\

3x3 conv, 128, /2

v ¥

Y

3x3 conv, 128

\ 4

3x3 conv, 128

*“." .......... ’

He et al: “Deep Residual Learning for Image Recognition”



ResNet Architecture

 ldea: Residual (skip) connections help make learning easier
o Examp|e architecture: VGG-19 34-layer plain 34-layer residual

nmage nmage |mage
PS . I I output 3 3c:1 64
otle. resiaual connecCtions e
' 3x3 conv, 64
 J
 Every two lavers for ResNet34 pod /2
very tw . ™%
size: 112 ™33 conv, 128 |
, \ 4 \ 4
| 3x3conv,128 | | 7x7conv,64,/2 |
v v
. pool, /2 pool, /2
output * *
—ca 33 conv, 256 | [ 3x3 conv, 64
4 4
3x3 conv, 256 3x3 conv, 64
\ 4 , , \ 4
3x3 conv, 256 3x3 conv, 64
\ 4 \ 4
3x3 conv, 256 ‘ . 3x3 conv, 64
L 4
3x3 conv, 64
i 3x3 conv, 64
v L 4
: sool, /2 3x3 conv, 128 /2
output * *
size: 28 33 conv,512 | [ 3x3 conv, 128
Y \ 4

He et al: “Deep Residual Learning for Image Recognition”



ResNet Architecture

 ldea: Residual (skip) connections help make learning easier

o Examp|e architecture: VGG-19 34-layer plain 34-layer residual
* Note: residual connections i Saame
x3c<;w,64
» Every two layers for ResNet34 e
‘ 33c03v,128 !
| 3x3conv,128 | | M7conv,64,/2 |
» Vastly better performance -1 s
238 M 33 oy, 256 | [ 3x3 conv, 64
* No additional parameters! T s
» Records on many benchmarks - ==
&=
v|/2 3x3x (?:'28 2
ff:p:; [ 3::3»/ 512 | ‘ 31::?1’\, 12.8/
[ Z— 2

He et al: “Deep Residual Learning for Image Recognition”



What we’ve learned today



What we’ve learned today

* Brief review of convolutional computations



What we’ve learned today

* Brief review of convolutional computations

 Convolutional Neural Networks



What we’ve learned today

* Brief review of convolutional computations
* Convolutional Neural Networks

* LeNet (first conv nets)



What we’ve learned today

* Brief review of convolutional computations
* Convolutional Neural Networks
* LeNet (first conv nets)

e AlexNet



What we’ve learned today

* Brief review of convolutional computations
» Convolutional Neural Networks

* LeNet (first conv nets)

* AlexNet

e ResNet



'}—Wo- —---«V""":“' L e ]

Acknowledgement.

Some of the slides 1n these lectures have been adapted/borrowed from materials developed by Yin Li (https://happyharrycn.github.io/CS540-Fall20/schedule/), Alex
Smola and Mu Li:

https://courses.d?].ai/berkeley-stat-157/index .html



https://happyharrycn.github.io/CS540-Fall20/schedule/
https://courses.d2l.ai/berkeley-stat-157/index.html

