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Outline

* Introduction of neural network

* Go deeper

* Introduction of convolutional neural network (CNN)
* Modern CNN models



History of Neural Network and
Deep Lea rning [Prof. Hung-Yi Lee]

e 1958: Perceptron (linear model)
* 1969: Perceptron has limitation

e 1980s: Multi layer perceptron
* Do not have significant difference from DNN today

e 1986: Backpropagation

e Usually more than 3 hidden layers is not helpful
e 1989: 1 hidden layer is “good enough”, why deep?
e 2006: RBM initialization (breakthrough)
e 2009: GPU
e 2011: Start to be popular in speech recognition
* 2012: win ILSVRC image competition Geoffrey Hinton

LeCun, Yann; Bengio, Yoshua; Hinton, Geoffrey, “Deep learning,” Nature, 2015.
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How Powerful?
Object Recognition

ILSVRC top-5 error on ImageNet

22.5
15

7.5

2010 20M 2012 2013 2014 Human  ArXiv 2015

Source:
https://devblogs.nvidia.com/parallelforall/mocha-jl-deep-learning-julia/

https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-
machine-learning-deep-learning-ai/



Biological neuron and Perceptrons

A biological neuron

Input
Weights

Output: o(w-x + b)

Sigmoid function:

a(l)= =
l+e

An artificial neuron (Perceptron)
- a linear classifier




Simple, Complex and Hypercompl

Suggested a hierarchy of feature detectors
In the visual cortex, with higher level features

responding to patterns of activation in lower
level cells, and propagating activation
upwards to still higher level cells.

David Hubel's Eve, Brain, and Vision
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David H. Hubel an Torsten Wesel
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Electrical signal
from brain



http://hubel.med.harvard.edu/

Hubel/Wiesel Architecture and Multi-layer Neural Network

Hubel & Weisel featural hierarchy

output layer
topographical mapping

hyrer—complex
cells

hidden layer
complex cells
simple cells

input layer

Hubel and Weisel’s architecture

Multi-layer Neural Network
- A non-linear classifier




Hierarchical Representation Learning

Successive model layers learn deeper intermediate representations.

High-level
linguistic representations

Parts combine
to form objects




Recap: Linear Classification

* Linear Classifier
* Let’s take the input image as x, and the linear classifier as W.

We need y = Wx + b as a 10-dimensional output vector, indicating the score for each class.

* For example, an image with 2 x 2 pixels & 3 classes of interest
we need to learn a linear classifier W (plus a bias b),
so that desirable outputs y = Wx + b can be expected.

56

231

1.1

-96.8

24

3.2

437.9

-1.2

61.95

3072x1 Stretch pixels into column
— [V + }
|mage f(X’W) m b 10x1
10x1 10x3072 H“‘??éa@ 02| 05|01 20
10 numbers givin e
f(x,W) — gving 8 o 15| 1.3 | 21 | 00
, class scores 2] 2
n . T re— 0 |025| 02 | 03
Array of 32x32x3 numbers Input image
(3072 numbers total) W W
parameters
or weights

Image credit: Stanford CS231n

10

Cat score

Dog score

Ship score



Multi-Layer Perceptron: A Nonlinear Classifier
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Multi-Layer Perceptron: A Nonlinear Classifier (cont’d)
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Layer 1 in MLP
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Layer 2 in MLP
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Multi-Layer Perceptron: A Nonlinear Classifier (cont’d)

hidden units

Bishop 2006
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Let’s Get a Closer Look...

* Asingle neuron !
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activity of neuron

S
|

inputs to neuron



Input-Output Function of a Single Neuron

o

o

o

o

X(21,22) = 1+exp(—w1z1—w222)

17



W = [02’1]
)
1
i
0.6
« i N
i N
04 mritit g
0.2 5
0
-5
_§5 .
Z, 50 %2 Zo 5
1

2) 1+exp(—wi1z1—w222)

18



In
put
-Ou
tpu
tF
u
nction of
aSi
in
gle
Ne
uro
n

= [0.3,0.9]

gl

////// , // ,’
yit tl"’
‘ tl”"
1,/ ’,”
il
il

g

1]

l
f
il

l,”,’;l i
tl””
htt] l”,

,l
tl""
it /

! ,ll ”1’1

/] ,Il’

X(z1,22) =

ittt i
tml" i
ml"’
i

1+
ex
p(—
wWizZz1—W
2Z
2)

19



Input-Output Function of a Single Neuron

_ 1
X(Zla 22) — 1+exp(—wi1z1—Ww222)
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Input-Output Function of a Single Neuron

w = [0.6,0.8]
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X(21,22) = 1+exp(—w1z1—w222)
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Input-Output Function of a Single Neuron

w = [0.8,0.6]
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X(21,22) = 1+exp(—w1z1—w222)
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Input-Output Function of a Single Neuron
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Input-Output Function of a Single Neuron
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_ 1
X(Zla 22) — 1+exp(—wi1z1—Ww222)
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Input-Output Function of a Single Neuron

o

o

o

o

_ 1
X(Zla 22) — 1+exp(—wi1z1—Ww222)
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Input-Output Function of a Single Neuron (cont’d)

o

o

o

o

X(21,22) = 1+exp(—w1z1—w222)
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Input-Output Function of a Single Neuron (cont’d)

w = [0,3]

_ 1
X(Zla 22) — 1+exp(—wi1z1—Ww222)
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Input-Output Function of a Single Neuron (cont’d)

w = [0,4]

1Z1—W2Z22)



Input-Output Function of a Single Neuron (cont’d)

w = [0,5]

_ 1
X(Zla 22) — 1+exp(—wi1z1—Ww222)




Input-Output Function of a Single Neuron (cont’d)

contours wiz1 + Wz =c=w'z
w . .
51 Tw] Sets direction of boundary

\'w\ sets steepness of boundary

_ 1
X(Zla 22) — 1+exp(—wi1z1—Ww222)
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Training a Single Neuron

training data
{zh0 ("

inputs class labels

class t(™ — 0 class t(™ =1



Training a Single Neuron

desired result of training:

neuron outputs X(z(”); w) ~ 1 for A =1

iy
. L7

| o=
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I
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neuron outputs x(2(");w) =~ 0 for (™ — 0

7 "“{ ® ]
0 é-*‘."/// ) \O >
0 e training data

7 2 (2, (Y,
7 wi 7 3 inputs class labels

class t(™ — 0 class t™ =1

35



Training a Single Neuron

desired result of training:

neuron outputs X(z(”); w) ~ 1 for A =1

L7 .
£xr - 2 neuron outputs X(z(”); w) =0 for t(" —0
Y
(!

L7 7 L7 L 7L
e )|
.rb%l

training data
{zh0 ("
inputs class labels

class t(™ — 0 class t™ =1

objective function:
Gw)=->_, [t(”) log X(z('"'); w) + (1 —t")log (1 — x(z(’”‘); w))] > ()
surprise — log p(outcome) when observing ¢t } encourages neuron output

relative entropy between X(z<");w) and ™ to match training data 36



Training a Single Neuron

training data
{z 00 {t L

inputs class labels

objective function:
Gw) == [t logx(z");w) 4+ (1 —t") log (1 — x(2");w))] >0

w* = arg min G(w) choose the weights that minimise the network's surprise

w about the training data
d dG(w) da™
MG(U}) = Z d;v((")) T Z(t<”’) — (™) 2™ = prediction error x feature
df n

W <— W — TIEG(U’) iteratively step down the objective (gradient points up hill) 37



Training a Single Neuron
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Single Neuron
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iteration
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Training a Single Neuron

w =[0.9,-0.2]
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Training a Single Neuron

w = [1.1,0.1]
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Training a Single Neuron

w = [1.4,0.4]
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Training a Single Neuron

w =1[5.2,12.6]
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Training a Single Neuron

w = [9.7,25.3]
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Overfitting and Weight Decay

training data
{z 00 {t L

inputs class labels

objective function:

Gw) =—=3, [t logx(z");w) 4+ (1 — ") log (1 — x(2");w))]

E(w) = % Zl w'f regulariser discourages the network using extreme weights
w* = argmin M (w) = argmin [G(w) + o E(w)]

i.M(w) = — Z(t("/) — ™) 2™ 4 ow  weight decay - shrinks weights

dw - towards zero .



Training a Single Neuron (cont’d)

Wieg = [0.71] w = [0,-1]
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Training a Single Neuron (cont’d)

Wieg = [0-4,70.7]  w=[04,-0.7]

@ original
® regularised

0 10 20 30 40 50
iteration
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Training a Single Neuron (cont’d)

Wieg = [0-8,70.2] w = [0.8,0.3]
- .
N O
-5
-5

\ @ original
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objective
5

0 10 20 30 40 50
iteration
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Training a Single Neuron (cont’d)

w_=1[1.2,0.5]
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Training a Single Neuron (cont’d)

objective

@ original
® regularised

0 10 20
iteration

30

40

50
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Training a Single Neuron (cont’d)

objective
5

®  original

regularised

0 10 20
iteration

30

40

50
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Single Hidden Layer Neural Networks

o
output €T r(a) = 1
P l—l—epo—a;
K , > e
, = Zk:l Wi

_ 1
hidden 1+exp(—ax)
layer D

/ =D ey Whaza

inputs 2 29 2D

layer
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Sampling Random Neural Network Classifiers

53



Training a Neural Network with a Single Hidden Layer

a = Zszl Wil L

. _ 1
J'(ak)  1+exp(—ayp)
Z1 ) ) A = Zd:l k,dzd

objective function:
GW,w) == [t logx(™ + (1 — ") log (1 —x(™))] likelihood same as before

) _ 1 2 1 2 regulariser discourages extreme weights
E(W,w) = ) D Wi+ 3 Zq:j Wij J J g

{W,w*} = argmin M (W, w) = arg min [G(W, w) + aE(W, w)]

W.w W.w
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Training a Neural Network with a Single Hidden Layer

Networks with hidden layers can be fit using gradient descent using an
algorithm called back-propagation.

_ 1
2(0) = T

K
wp 4= 11 WLy
. _ 1
] J/(ij)  1+exp(—ayp)
Wiwn
_ D
21 22 ZD ap = Zdzl Wk,dzd

objective function:
GW,w) == [t logx(™ + (1 — ") log (1 —x(™))] likelihood same as before

) _ 1 2 1 2 regulariser discourages extreme weights
E(W,w) = ) D Wi+ 3 Zq:j Wij J J g

{W,w*} = argmin M (W, w) = arg min [G(W, w) + « E(W, w)]
W, w W, w

dG W w) Z dG(W, w) du™ _3 dG(W, w) dz™ da'™

@) dWi; da(n) dIV,,_j

_ Z dG( W w) dx™ da(™ d.}j(n) dG(W, w) dz(™ da(™) d:}:g?'?') da!"™

7

dxz()  dalr ‘dWw ; dx(m) dalm) d;,;g?’k daE”)dﬂfij
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Training a Neural Network with a Single Hidden Layer

21 Z9 58



Training a Neural Network with a Single Hidden Layer
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Training a Neural Network with a Single Hidden Layer
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Training a Neural Network with a Single Hidden Layer
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e NN
1. ; '("; =2 '.&\\\2‘\\1
: MY 720 | Nl
/1 ” /) ’l" ~ .ﬁ.’, A [1]]]
08 N
Yy
" o N
4 lll,t,t?#;};%}}, .
LT
v’ T
Ny =)
_057‘ R, ~.,.;.;;;'..,._.;}}”?’f"'*‘1~:-f 7

61



Training a Neural Network with a Single Hidden Layer
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Hierarchical Models with Many Layers

output T

hidden
layer

inputs 2 29 2D
layer




Convolutional Neural Networks (CNN):
Local Connectivity

Hidden layer

Input layer ‘ . ‘

Global connectivity Local connectivity

e # input units (neurons): 7
* # hidden units: 3

* Number of parameters
* Global connectivity:
* Local connectivity:



Convolutional Neural Networks (CNN):
Weight Sharing

Hidden layer ’ ’

W W, Wo 7 W W3 W,
W» 4 Wg Ws 1
‘ ‘ ‘ Input layer ‘ ‘
Without weight sharing With weight sharing

e #input units (neurons): 7
* # hidden units: 3

* Number of parameters
— Without weight sharing: 9
— With weight sharing : 3

68



CNN with Multiple Input Channels

Hidden layer
/‘ ‘ ‘ Input layer  Channel'l ‘ : ‘ - ‘

Channel 2

Single input channel Multiple input channels

Filter weights Filter weights 6o



CNN with Multiple Output Maps

, ’ ’ Hidden layer Map 1 , ’ ’

Map 2

‘ ‘ ‘ ‘ Input layer

Single output map Multiple output maps

Filter 1/ Aﬁlter 2

Filter weights Filter weights



Generalized to 2D Cases:

Fully Connected Layer

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

- Spatial correlation is local
- Waste of resources + we have not enough
33

training samples anyway.. n
Ranzatg

Ref: Marc'Aurelio Ranzato, Tutorial in CVPR2014



Generalized to 2D Cases:
Locally Connected Layer

P A \
/
4 o~ e —

Example: 200x200 image
40K hidden units
Filter size: 10x10
4M parameters

Note: This parameterization is good
when input image is registered (e.g., y

face recognition). Ranzat%"i
Ref: Marc'Aurelio Ranzato, Tutorial in CVPR2014




Generalized to 2D Cases:
Convolutional Layer

Share the same parameters across
different locations (assuming input is

N stationary):
i : ‘ L ) ; :
~_ \ Convolutions with learned kernels

36
‘ Ranzaton
73

Ref: Marc'Aurelio Ranzato, Tutorial in CVPR2014



Convolutional Layer

I

Input

Output
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Convolutional Layer

Input

Output
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Convolutional Layer

-

Input

Output
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Convolutional Layer

Input

Output
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Convolutional Layer

Input

Output
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Convolutional Layer

Input

Output
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Convolutional Layer

Input

Output
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Convolutional Layer

E.g.: 200x200 image
100 Filters
Filter size: 10x10
10K parameters

61
Ranzaton
81

Ref: Marc'Aurelio Ranzato, Tutorial in CVPR2014



Putting them together - CNN

* Local connectivity
* Weight sharing
* Handling multiple input channels

* Handling multiple output maps

Weight sharing

Local connectivity

=

# input channels # output (activation) maps

Image credit: A. Karpathy
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Convolution Layer in CNN

CONVOLUTIOMAL LAYER

32x32x D

16 x 16 = D

ouTPUT

Full Connedion
1x1=10
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Putting them together (cont’d)

* The brain/neuron view of CONV layer

32x32x3 image

_ 5x5x3 filter
32_.._._....,r_.._._....”....-

*1 number:

Ip g
synapse

— .9
axon from a neuron
Wiy

cell body

Z‘It‘ﬂfg +b

T-\u',.r, -

activation
function

lt's just a neuron with local
connectivity...

the result of taking a dot product between

the filter and this part of the image
(i.e. 9*5*3 = 75-dimensional dot product)
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Putting them together (cont’d)

* The brain/neuron view of CONV layer

/
O

28 An activation map is a 28x28 sheet of neuron
outputs:
1. Each is connected to a small region in the input

A /
It

2. All of them share parameters
A AS “ox3 filter” -> “5x5 receptive field for each neuron”

Wl
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Putting them together (cont’d)

* The brain/neuron view of CONV layer

=\

Wl

N

32

OO0 O]

D

28

28

E.g. with 5 filters,

CONYV layer consists of
neurons arranged in a 3D grid
(28x28x5)

There will be 5 different

neurons all looking at the same
region in the input volume

92



Putting them together (cont’d)

* Image input with 32 x 32 pixels convolved repeatedly with 5x5x 3

filters shrinks volumes spatially (32 -> 28 -> 24 -> ...).

N\

32

CONYV,
RelLU
e.qg.6
HXDHX3
filters

A\

28

CONV,
RelLU
e.g. 10
5X5x6
filters

A\

24

CONYV,
RelLU



Variations of Convolution

e Zero Padding

Output is the same size as input (doesn’t shrink as the network gets deeper).

1ero pad 1em pad

Signal | O
oo OS5 [$ 10



Variations of Convolution

e Stride
Step size across signals

1em pad 1em pad

IBNBGENLND

Signal

Output



Variations of Convolution

e Stride

Step size across signals

zero pad

2ero pad

Signal |O [ 5926|7980
Output 9 -3 3 -9
Input Size ~__ v /F"Egr Size
Output Size - S|

/ s

Stride: step size across the signal




Nonlinearity Layer in CNN

NONLINEARITY LAYER

ouTPUT

Full Connedion
16 x 16 x D 1x1x10

32=x32=3

99



Nonlinearity Layer

 E.g., RelU (Rectified Linear Unit)

* Pixel by pixel computation of max(0, x)

FEATURE MAPS FEATURE MAPS
| | el | |
32 x32=x D 32 = 32 = D

Signal |_D

100



Receptive Field

* For convolution with kernel size n x n,
each entry in the output layer depends on a n x n receptive field in the input layer.

— —

Input Output

* Each successive convolution adds n-1 to the receptive field size.
With a total of L layers, the receptive field size would be 1 + L * (n-1).

Lo
[:I_ =~ _—
| I — T = —
CHEHTTT f
HHEE
Input Output

* Thus, for large images, we need many layers for each entry in output to “see” the entire input image.
Possible solution - downsample the image/feature map (see pooling layer next)

Slide credit: UMich EECS 498-007 103



Pooling Layer in CNN

32 x32=3
32x32x D

POOLING LAYER

104



Pooling Layer

Makes the representations smaller and more manageable
Operates over each activation map independently

E.g., Max Pooling

FEATURE MAPS
FEATUI!EMAPS
lb‘xlﬁxD
32x32x D
Signal |_{1592679st
Convolution 9|—3(-3[5|3|1]|-9
Nonlinearity 9|0(0|5]|3]1]0
Pooling }
f'_"ﬁ‘_"\
max(9,0)
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Pooling Layer for 2D Cases

Reduces the spatial size and provides spatial invariance

Single depth slice

« 11112 | 4
max pool with 2x2 filters
5| 6|7 |8 and stride 2
312|110
1123 | 4
v >
224x224x64

—

l

224

112x112x64
pool

|

— 112
downsampling
112
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Fully Connected (FC) Layer in CNN

FULL CONMECTION LAYER

32x32x3

32x32x D 32x32x D

109



FC Layer

Contains neurons that connect to the entire input volume,
as in ordinary neural networks

Signa

Convolution

Nonlinearity

Pooling

Full Connection

FEATURE MAPS

=

16 = 16 = DD

ouTPUT

-®-

Full Connedion
1=1=10

0

5

9

7

918

0

VY

2
9|1—-3(-3|5|3|1]|-9
glojo|s|{3[1]0

OE
2'_
9x2+5x |
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FC Layer

Contains neurons that connect to the entire input volume,

as in ordinary neural networks

FEATURE MAPS
‘ Full Connedion
lﬁylﬁ}(ﬂ' 1 =1 =10
S'gnal G519 26 |7 (9|80
Convolution 9-3|—-3|5| 3|1 |-9

Nonlinearity

Pooling

Full Connection

3 weights

0 weights

0 weights

8 weights

Most computation

Most parameters

111



CNN

FEATURE MAPS FEATURE MAPS
INPUT
FEATURE MAPS OUTPUT
Convolution RelU Pooling | | Full Connetion
32x32x3 16 x 16 x D k340
32. %32 %1} 32x32x D

RELU RELU  RELU RELU  RELU RELU
CONV CONVl CONV CONVl

|

Blfplane
Bhip
f?orse

o
=
-
<
=
=
=
o}

Figure by Andrej Karpathy
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LeNet

* Presented by Yann LeCun during the 1990s for reading digits

. Has the elements of modern architectures

C3: f. maps 16@10x10
INPUT C1: feature maps 54: f. maps 16@5x5

Bm28x28
32x32 22.f, ma C5: ;
S@1xd T FS:layer QUTPUT

I
Full mnrllecticn | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection
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LeNet [LeCun et al. 1998]

P C3: f. maps 16@10x10

: feature maps S4: f. maps 16@5x5

INPUT S @268 ps 16Q
S2: f. maps

32x32
6@14x14

‘ Full connection Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

Gradient-based learning applied to document recognition
[LeCun, Bottou, Bengio, Haffner 1998] 114



http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

New Driving Forces

* CPU/GPU computing

* Personal super computer

* Internet = big data = large datasets become
available



AlexNet [Krizhevsky et al., 2012]

. Repopularized CNN
by winning the ImageNet Challenge 2012

. 7 hidden layers, 650,000 neurons,
60M parameters

. Error rate of 16% vs. 26% for 2" place.

11x11 conv, 96, /4. pool/2

¥

5%5 conv, 256, pool/2

Ji3 conv, 384

Y

23 cony, 34

3x3 conv, 256, pool/2 |

|

fc, 4096

-+

fc, 4096

-+

r |

L=

fc, 1001

Full (simplified) AlexNet architecture:

[227x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POQOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons
[4096] 4096 neurons

[1000] 1000 neurons (class scores)

\ 3‘]" k&
i 3 4%,
152

= A T
—

;23 \/:E:\Q/ gf}l\:ﬂ&nse
\;’K \ [ \

192

Max
pocling

152

dense | [densg|
128 Max -
l'.!'ﬂ‘-‘-il“l'llf:_l 2038 2038
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Krizhevsky et al. “ImageNet classification with deep convolutional neural networks,” NIPS, 2012.



AlexNet

48 : :.;f;“f:{:’,::; ‘ 192 192

178 2048 2048

TN 13

13

13

\J = s _ H qj_.wn
1T 13 — ENIN NN

{?“* 1 27 3'~xu.FT13 2[__1,13'“

1 T -f---- “A\-

dense

1._7_"7;:>h 3‘ -:::{_. 1
55 1
1 \ 192 192

Stride Max 128 Max
Uof 4 pooling pooling
3 48

* Parameters

* Convolution: 1.89M parameters = 7.56 MB

e Fully connected: 58.62M parameters = 234.49MB
* Computation

* Convolution: 591M Floating MAC

* Fully connected: 58.62M Floating MAC
* Full-HD 30fps: 805 GFLOPS (no overlap)

128 Max
pooling

2048

Krizhevsky et al. “ImageNet classification with deep convolutional neural networks,” NIPS, 2012.

dense | [dense

2048

1000



Deep or Not?

* Depth of the network is critical for performance.

(H-CO)H D @-@—@ @— AlexNet

AlexNet: 8 Layers with 18.2% top-5 error

Removing Layer 7 reduces 16 million parameters, but only 1.1% drop in performance!
Removing Layer 6 and 7 reduces 50 million parameters, but only 5.7% drop in performance

Removing middle conv layers reduces 1 million parameters, but only 3% drop in performance

Removing feature & conv layers produces a 33% drop in performance
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Ultra Deep Network

http://cs231n.stanford.e
du/slides/winter1516 le
cture8.pdf
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AlexNet (2012)
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Ultra Deep Network

[Prof. H.-Y. Lee]

T
UULLLLEELE

101 layers

152 layers =

This ultra deep network =3
have special structure. =
3.57% =

7.3% =

I
(@))
3
%
||

16.4% = = -
AlexNet VGG GoogleNet Residual Net Taipei
(2012) (2014) (2014) (2015) 101



image

VGG (2014) —

maxpool

* Parameters: cony.128
conv-128

e Convolution: ~14M, 56 MB —

* Fully connected: ~124M, 496 MB conv-256

« Computation: ——
* Convolution: 15.52G Floating MAC conv-512

* Fully connected: 123.63M Floating MAC conv-512
* Full-HD 30fps: 19.3TFLOPS(no overlap) maxpoo

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

Simonyan and Zisserman, “Very Deep Convolutional Networks for Large-scale Image Recognition,” arxiv :1409.1556v6, Sept. 2014



ResNet (2016)

e Can we just increase the #layer?

% 10 § 10| 20-lay€l‘
%D 56-layer E
£ 8
£ 20-layer
' ] 2 iter?(leél)4 : ' | ’ 1‘ter.3(1e-4)4 5 ‘
* How can we train very deep network?
- Residual learnin
& method top-35 err. (test)
X VGG [41] (ILSVRC’ 14) 7.32
Weigh‘t' ver GoogLeNet [44] (ILSVRC’14) 6.66
F(x) — VGG [41] (v5) 6.8
. h"I X PReLU-net [13] 4.94
welen® aver identity BN-inception [16] 4.82
F(x) + x ResNet (ILSVRC’15) 3.57

Ref: He, Kaiming, et al. "Deep residual learning for image
recognition." CVPR, 2016.
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DenseNet (2017)

e Shorter connections (like ResNet) help

* Why not just connect them all?

Input

Dense Block 1

&=

UORN|OAUOD)

LORN|OAUOD)

Bujjood

5iti0

Tral

Dense Block 2

=

UORN|OAUOD)

Buljood

—4&— ResNets

Reslf\let—34§

-121

ResNet-50

validation error
N
i
(4]

—a&— DenseNets-BC

ResNet-101

225 1
ResNet-152
DenseNet-161(k=48)
21 5 i i I i I i i
1 2 3 4 5 6 7 8
#parameters x 107
275 - - -
: —&— ResNets
265 ResNet-34: —&— DenseNets-BC

N
@
o

DengeNet-121

ResNet-50

validation error
]
H
(4]

N
w
o

: ..65N81._.1.0.1_R99Ne1-152

DenseNet-161(k=48)

215 i i i i
05 075 1 125 1.5

175 2

225 25
#flops x 1010
Prediction
Dense Block 3
@0 ‘horse”
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ResNeXT (2017)

* Deeper and wider - better...what else?
* Increase cardinality

256, 1x1, 64

64, 3x3, 64

64, 1x1, 256

256-din

256-din

256,1)(1,4' total 32 |256,1x1,4

paths

‘ 4,3x3,4 H 43x34l| |j43x34 ‘
-

’ 4, 1x1, 256 ‘ ’ 4, 1x1, 256 ‘ ‘ 4, 1x1, 256 ‘

256-d out

ResNet block

setting top-1 error (%)
ResNet-50 1 x 64d 239
ResNeXt-50 2 x 40d 23.0
ResNeXt-50 4 x 24d 22.6
ResNeXt-50 8 x 14d 22.3
ResNeXt-50 32 x 4d 222
ResNet-101 1 x 64d 22.0
ResNeXt-101 2 x 40d 21.7
ResNeXt-101 4 x 24d 214
ResNeXt-101 8 x 14d 21.3
ResNeXt-101 32 x 4d 21.2

256-d out

ResNeXt block

test error (%)
B
o

2x64d

—o— ResNet-29 (increase width)

—=— ResNeXt-29 (increase cardinality) | |

1x128d

1x192d

3.9 [
38" AN 3 1x384d -
37 4x64d % NGT
B
361 8x64d ‘}
16x64d

a5 ‘ )

4 8 32 64

# of parameters (M)

Xie, Saining, et al. "Aggregated residual transformations for deep neural networks." CVPR, 2017.
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Various Deep Learning Models...

SE-ResNeXt-101(32x4d)

95 A
SE-ResNeXt-50(32x4d)

SE-ResNet-f01) Seeption

NeXt-101(3

SE-ResNet-50 )
Inception-v sNet-101

DenseNet-201@ DenseNet-161

Oresnet-50 @rsenet-109

DualPathNet-68

Inception-ResNet-v2
eption-v4

FB-ResNet-152

acimity PathNet-131
§§§f 2;32 .ext-101(64x4d)

NASNet-A-Large

SENet-154

VGG-19 BN

DenseNet-121 Caffe-ResNet-101 VGG-16_BN
— .NAS*F -Mobile
S~ . ResNet-34
l;: BN-Inceptlon. VGG-13 BN
®
§ @ MobileNet-v2 VGG-11_8N
O 90 A .
© VGG-19
uI) el 11 VGG-16
esNet-1
& e ©
[ MobileNet-v1
VGG-13
GooglLeNet VGG-11
@, ShuffleNet %
Y/ Vs
/] SqueezeNet-v1.1 q
@ iM 5M 10M 50M 75M 100M 150M
SqueezeNet-v1.0
8o {
.AIexNet
T T T T
0 5 10 15 20 25
Operations [G-FLOPs]

Ref: Bianco et al., "Benchmark Analysis of Representative Deep Neural Network Architectures," arXiv:1810.00736.
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