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Introduction

* Evolution of Depth

* The levels of features can be enriched by the
number of stacked layers (depth).

* Network depth 1s of crucial importance in many
visual applications
* image classification

* object detection

6
\_. Nkfusfcc



Introduction

. AN
Uni versity of S

ImageNet Classification 4 PASCAL VOC2007
(Top-5) Object Detection
accuracy(%) layers mAP(%) layers
100 24 79 80 24
16 A
95 20 70 20 66
/’
90 16 oy 60 16 58 A
e 16
85 50 12
80 40 8 SX
o 8
75 30 4 8 S
K shallow
AlexNet VGGl6 Google HOG  AlexNet VGG16
Net (DPM) (RCNN) (Faster RCNN)

\_n /Nkfusfcﬂ



,é\m’&ﬂg@

i, Ulogy %

* Issue for More Layers

Introduction

* degradation problem: accuracy gets saturated

and then degrades.

CIFAR-10
train error (%)

"y

\ 56-layer

s 20-layer

test error (%)

200 |\
| Uyer
10 | i -

% 20-layer

2 3 4
iter. (led)

* train error: 56-layer >

: iter. (3124) :
not caused by
20-layer = overfitting

* testerror: S56-layer > 20-layer {/)
e Netust:



,é\m’&ﬂg@

8
Introduction
J)’}og U"’iversity of Sc'\c‘\:.z“s
accuracy
shallow (83 é) é) é) "Ermnm o > X %
network |2 || =2|]=]|]= Dataset
L ony
deep ol allallal 2] [=] ][] "
counterpart [ S| | S [ S| [S||2||E|[E|| 2] > ~ x%
uepart 2 2 212 222l E
<lI=<]=]][= same performance
decp I olloflofiolloflofof o Training
network =8 L I-E R =R B = R = R =R R = B> Dataset
' ¥ performance

Optimization Difficulty
finding the solution is not easy when network goes deeper f
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Deep Residual Network

e Main Idea

* assumption: input X and the target H (X) 1s of the
same S1Zes.

* residual mapping: address degradation problem

« approximate residual function R(x) = H(X) — X

instead of target function H (x)
 resume H(x) by adding x back to R(X)
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* Main Idea
Direct Mapping Residual Mapping
X: input X: iinput

!

11
neural layer hetral fayet

a few stacked
layers
(building block)

neural layer

neural layer
. R(x) = H(x) —x
H(x) X

H(x)
ansm




Residual Mapping

X: input
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Deep Residual
Network

 approximating R(X) is easier

than unreferenced H (X)
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X: Input .

P  the residual network can be
| 3||40| |26| |15| j— trained by SGD end-to-end
1|2]3]0[31 , .
NEEEIE 0-?_ with back-propagation
3101112 1_—
213101

H(x)

SGD: stochastic gradient descent
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=/ Deep Residual Network

e Residual Block

* neural layers: 2 convolution layers

* shortcut: 1dentity or projection

X

Residual | conv. layer
Block v

conv. layer

.

H(x)

ldeﬂ%téfﬁ%fo?a%ﬁ%)y%rs
shortcuts
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c, Deep Residual Network

* Residual Block: convolution layer
* A conv. layer consists of three operations

* convolution operation

* batch normalization (BN)

* RelLU activation ‘ t

""""" COr conv. operation
i pperanon v
conv. layer RLU

¢ %, @ J
: ., conv. operation
Residual CONYV. lay er .."’ non}?p“]ﬂm““““ v any]
Block v
#4— ReLU activat?‘j
’ RelLU

v
S. Toffe and C. Szegedy, “Batch Normalization: Accelerating Deep Network Training ﬁ')
by Reducing Internal Covariance Shift”, ICML 2015 S Nitust
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Deep Residual Network

* Residual Block: convolution layer
* kernel size: almost 3 X 3

* kernel no.: preserve computation complexity

d

/ hI X: input
4 i —

3 : w
N?,
conyv. operation
3 I::>
1? (stride = 1)
:
!

/ d]
3I

by h

d kernels i

—x

&

2 %X d kernels
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* Residual Block: shortcut connection
* bypass the convolution operations

* transform 1nput to the feature map with the same
s1ze as output

* 1dentity shortcut: forward input directly 1f input and

output feature maps are of the same sizes

* projection shortcut: map input size to output size if

their sizes are different
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h X: Input K X: Input:
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* Residual Block: shortcut connection
* perform size mapping by convolution operation.

e use 1 X 1 kernel with a stride of 2

* use 2d kernels to match depth

conv. operation
(stride = 2)

2 %X d kernels
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Deep Residual Network

* Network Architecture
* The proposed residual networks consist of 5 stages

* each stage downsamples feature map by a factor of 2

* each stage 1s composed of several residual blocks

b
4

Res Block

I Res. Block

Res. Block

Stage 3
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" Deep Residual Network

* Network Architecture
* residual networks: 18-layer and 34-layer

* first stage: convolution layer with a stride of 2
* kernel size: 7 X 7

e kernel no.: 64

conv. operation | 64
(stride=2) e

64 kernels w/2 6
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34-layer Residual Network

—

(4

‘

>
- —

c 7

|
v

[3x3; 128; 2]
v

[3x3; 128; 1]

v
[3x3; 128; 1]

\

[3x3; 128; 1]

WP 128
8 "8

«(1-3),

Y L 512
32 732"
+EP = 34
I I
v v
[3x3; 256; 2] [3x3; 512; 2]
v v | v v |
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Deeper Residual Network

* Bottleneck Residual Block
* consist of 3 convolution layers

* 3 X 3 convolution layer: perform residual mapping

* 1 X1 convolution layer: reduce / increase channels

i 1x1 conv. layer —— reduce channels
3x3 conv. layer v

v I:> 3x3 conv. layer —— residual mapping
\ /
3x3 conv. layer 1x1 conv. layer —— increase channels

o %

plain residual bottleneck residual
block block -
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=/ Deeper Residual Network

e Bottleneck Residual Block

* have similar model size as 1ts plain counterpart

1

m=6 n

model size " I

= model size
B
(1xX1Xxn)
[3X3' 64 1] (3 X 3 X 64—) ~ X 64 [1X1; 64; 1]
¢ o T(Bx3x64)  [3x3;64; 1]
[3x3; 64;1] 13 x 3 x 64) X 64 .
<> X 64 + (1x1x64) [1x1;0;1]
! X n
.|_
plain block P

bottleneck block
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e Bottleneck Residual Block

* have similar model size as 1ts plain counterpart

m=6

I > 3X3x64~2Xn
7 input . w—

! n~64x(9(2x1xn)
R (3 <3 61) x B4,

| =64 44 572%064) m
[3x3;64;1] 4|3 x 3 x 64) X 6N last
@4 X 64y + (1 x1x64)
* X n .

quadruple the channel of input P)
\_n. N;:fusr
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 Network Architecture

* 50-layer: replace all plain residual blocks in 34-
layer network by bottleneck ones.

* 101-layer: increase bottleneck residual blocks to
50-layer network (stage 4: 17)

 152-layer: increase bottleneck residual blocks to
101-layer network (stage 3: 4; stage 4: 13)
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,  50-layer Residual Network
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. _, 152-layer Residual Network
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