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What’s to Be Covered Today...

* Intro to Neural Networks & CNN

° Llnear‘ Classification llupuil; Hiddc}l Olltj’)l}t
ayel layer layer
* Neural Network for Machine Vision Y
. Input #1 — = ’ .
e Multi-Layer Perceptron @
Input #2
e Convolutional Neural Networks =@ ~@® - Oouput
Input #3 — e
° I S t t- * ,f . . = . ,”I/./
mage Segmentation™ (if time permits) Input #4
‘®

e Object Detection™ (if time permits)

Many slides from Richard Turner, Fei-Fei Li, Yaser Sheikh, Simon Lucey, Kaiming He, and J.-B. Huang



Some Remarks

* Interpretingy=Wx+b
e What can we say about the learned W?
e The weights in W are trained by observing training data X and their ground truth Y.
e Each column in W can be viewed as an exemplar of the corresponding class.

e Thus, Wx basically performs inner product (or correlation) between the input x and
the exemplar of each class. (Signal & Systems!)
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Linear Classification

e Remarks

e Starting points for many multi-class or complex/nonlinear classifier

e How to determine a proper loss function for matching y and Wx+b, and thus
how to learn the model W (including the bias b), are the keys to the learning

of an effective classification model.
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Biological neuron and Perceptrons

A biological neuron

Output: c(w-x + b)

Sigmoid function:

|
o(l) = ]

An artificial neuron (Perceptron)
- a linear classifier




Multi-Layer Perceptron: A Nonlinear Classifier (cont’d)

hidden units

Bishop 2006



Let’s Get a Closer Look...

e Asingle neuron !
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Input-Output Function of a Single Neuron

w = [0,1]
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Input-Output Function of a Single Neuron

w = [0.3,0.9]

o

o
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1

X(ZL ZZ) — 1+exp(—w1z1—W2z2)
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Input-Output Function of a Single Neuron

1
—W1Z1—W2Z2)

X(ZL ZZ) = T+exp(
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Input-Output Function of a Single Neuron

1
—W1Z1—W2Z2)

X(ZL ZZ) = T+exp(
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Input-Output Function of a Single Neuron

w = [0.9,0.5]

‘1

— 1
X(ZL ZZ) — 1+exp(—wi1z1—WwW2z2)




Input-Output Function of a Single Neuron

w = [0.9,0.3]
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Input-Output Function of a Single Neuron

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

w = [0,1]

o

o

— 1
X(ZL ZZ) — 1+exp(—wi1z1—WwW2z2)
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cont’d)
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Input-Output Function of a Single Neuron (cont’d)

w = [0,3]

— 1
X(ZL ZZ) — 1+exp(—wi1z1—WwW2z2)
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Input-Output Function of a Single Neuron (cont’d)

w = [0,4]

— 1
X(ZL ZZ) — 1+exp(—wi1z1—WwW2z2)




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

w = [0,5]

— 1
X(ZL ZZ) — 1+exp(—w1z1—W2Zz2)



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

w =[0,1] contours wiz1 + wez =c=w'z
w . .
5/ Tw] SEts direction of boundary

\w\ sets steepness of boundary

— 1
X(ZL ZZ) — 1+exp(—wi1z1—WwW2z2)
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Training a Single Neuron

training data
{zH {t

inputs class labels

class t(™ — 0 class ¢ =1



Training a Single Neuron

desired result of training:

neuron outputs X(z("); w) ~ 1 for tm —1
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neuron outputs X(z('”); w) =0 for t(" —0
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Training a Single Neuron

desired result of training:

neuron outputs X(z("); w) ~ 1 for tm —1

fAZFF) .
£xr - 2 neuron outputs x(2"):w) = 0 for +(m) —
i l)

f

LA gy Ny A iy L 7L
e .‘.'-5"'4 '
of 77~

L7 7

training data
{z0 {t 5
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 ¢(m) } encourages neuron output

relative entropy between X(z<");w) and +™ to match training data 27



Training a Single Neuron

training data
{z1 {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) dr™
MG(w) = Z d;c((")) il Z(t<”’) — (™) 2™ = prediction error x feature
d, n

W <— W — TIEG(U?) iteratively step down the objective (gradient points up hill) 23
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Single Neuron
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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 = [5.2,12.6]
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Training a Single Neu
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Overfitting and Weight Decay

training data
{z1 {t L

inputs class labels

objective function:

Gw) ==, [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(") — M)z 4 qw  weight decay - shrinks weights

dw - towards zero -



Training a Single Neuron (cont’d)
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Training a Single Neuron (cont’d)

w_ =[0.4,-0.7]
reg

w = [0.4,-0.7]

@ original
® regularised

0 10 20 30
iteration

40 50
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Training a Single Neuron (cont’d)

w_ =[0.6,-0.4]
reg
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Training a Single Neuron (cont’d)

Wieg = [0-8,-0.2] w = [0.8,-0.3]
N .
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Training a Single Neuron (cont’d)
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Training a Single Neuron (cont’d)

objective

0 10 20
iteration

30

40

50
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Training a Single Neuron (cont’d)

®  original
® regularised

objective
80

0 10 20 30 40 50
iteration
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Single Hidden Layer Neural Networks

1
output T .,I:(a) = o=
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inputs > 29 2D
layer



Sampling Random Neural Network Classifiers
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Sampling Random Neural Network Classifiers
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Sampling Random Neural Network Classifiers
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Training a Neural Network with a Single Hidden Layer

a = Zszl Wil L

. _ 1
J'(ak)  1+exp(—ayp)
Z1 Z9 ) A = Zd:l k,dzd

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

) _ 1 2 1 2 requlariser discourages extreme weights
E(W,w) = 5 D Wi + 3 Z«z:j W5 g g g

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

W.w W.w



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,d’zd

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

) _ 1 2 1 2 requlariser discourages extreme weights
E(W,w) = 5 D Wi + 3 Z«z:j W5 g g g

{W,w*} = argmin M (W, w) = arg min [G(W, w) + o E(W, w)]
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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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Training a Neural Network with a Single Hidden Layer

Y

21 Z9 33



54

=l
P =

Training a Neural Network with a Single Hidden Layer



Hierarchical Models with Many Layers

output T

hidden
layer

inputs > 29 2D
layer




What’s to Be Covered Today...

* Intro to Neural Networks & CNN

e Linear Classification i v

* Neural Network for Machine Vision )

e Multi-Layer Perceptron o #‘] b .

e Convolutional Neural Networks I;t :: @ .
* Image Segmentation™ (if time permits) ot — @ :

e Object Detection™ (if time permits)

Many slides from Richard Turner, Fei-Fei Li, Yaser Sheikh, Simon Lucey, Kaiming He, and J.-B. Huang

Output
layer

- \’ + Output
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Convolutional Neural Networks

e How many weights for MLPs for images?

57



Convolutional Neural Networks

e Property | of CNN: Local Connectivity

* Each neuron takes info only from a neighborhood of pixels.
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Convolutional Neural Networks

e Property Il of CNN: Weight Sharing

* Neurons connecting all neighborhoods have identical weights.
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CNN: Local Connectivity

Hidden layer

Input layer

Global connectivity

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

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

Local connectivity

60



CNN: Weight Sharing

Hidden layer

Input layer

Without weight sharing

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

e Number of parameters
— Without weight sharing:
— With weight sharing :

With weight sharing

61



CNN with Multiple Input Channels

ML A

Channel 2

Single input channel Multiple input channels

Filter weights Filter weights -



CNN with Multiple Output Maps

, ’ ’ Hidden layer Map 1 ’ ’ ’

Map 2

‘ . . . Input layer

Single output map Multiple output maps

Filter 1/ Aﬂlter 2

Filter weights Filter weights



Putting them together

e Local connectivity
e Weight sharing
e Handling multiple input channels

e Handling multiple output maps Weight sharing

I

# input channels # output (activation) maps

Local connectivity

Image credit: A. Karpathy



LeNet [LeCun et al. 1998]

C3: f. maps 16@10x10
INPUT C1: feature maps S54: f. maps 16@5x5
B@28x28
S2: f. maps

32x32
6@14x14

a4

. Full connection Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

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

LeNet-1 from 1993 65


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




Convolution Layer in CNN

CONVOLUTIOMAL LAYER

32x32x D

16 x 16 = D

ouTPUT

Full Connedion
1x1=10

66



What is a Convolution?

e Weighted moving sum

slide credit: S. Lazebnik



What is a Convolution?

‘1‘0‘—1\

Filter

|—1] 0] 1|

Output —3|-3| 5| 3|1

Convolution is a local linear operator



What is a Convolution?

e Toeplitz Matrix Form

i ] I b Y11
r12 b Y12
+ —
i 1 |Ttun. b | YMN |

Filter \

Bias

69



Putting them together (cont’d)

e 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)

70




Putting them together (cont’d)

e 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

72



Putting them together (cont’d)

* Image input with 32 x 32 pixels convolved repeatedly with 5 x5 x 3

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

7

7

32

CONYV,
RelLU
e.qg.6
HXDHX3
filters

A

28

CONV,
RelLU
e.g. 10
5X5x6
filters

24

CONYV,

RelLU



What is a Convolution?

e Zero Padding

e Qutputis the same size as input (doesn’t shrink as the network gets deeper).

1ero pad 1em pad

Signal | O “
oupt | 9]-3]-8[5 3]t ]9



What is a Convolution?

e Stride
Step size across signals

1em pad 1em pad

IBNBGENLND

Signal

Output




What is a Convolution?

e Stride
e Step size across signals

zero pad 2ero pad

Signal | O | 5] 92|67 ]9]|8]0
Output 9 —3 3 -9
Filter Size

Input Size

Output Size +1
/s

Stride: step size across the signal




What is a Convolution?

e Stride
e Step size across signals
N
Output size:
= (N - F) / stride + 1
N eg.N=7F=3:
F stride1=>(7-3)/1+1=5

stride 2 =>(7-3)2+1=3
stride 3 =>(7-3)/3+1=233"\




What is a Convolution?

Zero Padding + Stride

e.g. input 7x7
3x3 filter, applied with stride 1

pad with 1 pixel border => what is the output?

o | oo | o | o

in general, common to see CONV 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




Nonlinearity Layer in CNN

NONLINEARITY LAYER

ouTPUT

Full Connedion
16 x 16 x D 1x1x10

32=x32=3

79



Nonlinearity Layer

e E.g., RelLU (Rectified Linear Unit)

 Pixel by pixel computation of max(0, x)

FEATURE MAPS

FEATURE MAPS

e

Signal |_D

32 % 32 x D 32 x 32 x D
51912671980
VY

/ Y/
9 1-3(-3|5|3|1]|-9
max(0, 9)
E

Output

80



Nonlinearity Layer

E.g., ReLU (Rectified Linear Unit)

Pixel by pixel computation of max(0, x)

81



Nonlinearity Layer

E.g., ReLU (Rectified Linear Unit)

Pixel by pixel computation of max(0, x)

82



Pooling Layer in CNN

32 x32=3
32x32x D

POOLING LAYER

83



Pooling Layer

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

E.g., Max Pooling

FEATURE MAPS
FEATUI!EMAPS
lﬁ‘rlﬁxD
32x32x D
Signal |_{]59267980
Convolution 9|—3(-3[5|3|1]|-9
Nonlinearity 9|0(0|5]|3]1]0
Pooling }
f'_A—"\
max(9,0)

84



Pooling Layer
Reduces the spatial size and provides spatial invariance

Single depth slice

y l11111]2]4
max pool with 2x2 filters

516 |7 |8 and stride 2 6
312010 ' 3

112 |3 | 4

v >

224x224x64
112x112x64
pool

> 112
224 downsampling 5

224




Example

Nonlinearity by RelLU

86



Example
e Max pooling

87



Fully Connected (FC) Layer in CNN

FULL CONMECTION LAYER

32x32x3

32x32x D 32x32x D

88



FC Layer

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

FEATURE MAPS
ouTPUT

| o

Full Connedion
16 x 16 x D Lx1x10

Signal 0

T19(8 |0

Convolution

Nonlinearity

Pooling

Full Connection




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 g|-3(-3|5[3|1]|-9

Nonlinearity

Pooling

Full Connection

3 weights

0 weights

0 weights

8 weights

Most computation

Most parameters

90



CNN

FEATURE MAPS FEATURE MAPS
INPUT
h FEATURE MAPS OUTPUT
Comvolution | Relll Poaling | ‘ Full Connedion
32 =% 32 = 3 16 % 16 = D 1x1=10
32x32x D 32 % 32 % D

RELU RELU  RELU RELU  RELU RELU
cowlmw cowvlcowj CONV :::r:rwl

v
B

-

'
2

/|

airplane
ghip

I;mrse

5:_
=
=
=
=

=

E
|

LW

Figure by Andre] Karpathy



LeNet

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

. Has the elements of modern architectures

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

6@28x28
S2;f. maps C5: laye :
8@ 14x14 " Fé: layer ::1:-LGJTPUT

INPUT
32x32

I
Full mnrllecticn | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

92



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

¥

| 5x5 conv, 256, pool/2

| 3x3 conv, 384

| 3x3 conv, 384

[ 3x3 conv, 256, pool/2 |

h 4

| fc, 4095
Y

| fc, 4096
v

| fc, 1000

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] FCo: 4096 neurons
[4096] FC7: 4096 neurons

[1000] FC=: 1000 neurons (class scores)

192

N
B

||

T8z

\
Y % \ N -

=

:.23 \/:-E
\;’f \

dense

Max 128 Max
pooling pocling

152

128 Max
pooling
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Deep or Not?

e 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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CNN: A Revolution of Depth

AlexNet, 8 layers
(ILSVRC 2012)

x3 comve, 284 |

VGG, 19 layers
(ILSVRC 2014)

3x3 conw, 64

3a3 conw, b4, pool/2

-

3x3 copy, 138

o

a3 cony, 133 paoly 3

-

43 cany, 136

o

a3 conw, 256

Jud canw, 456

e el

I3 cony, 256, poolyd

3x3 oopy, 513

3u3 canw, 1L

Fa3 conw, 513

¥

3u3 conw, 512, pacly2

33 canw, SLE

Fu3 pconwy, 513
¥

3u3 canw, SLE

313 cony, 512, poclyl

fic, 4054

fe, 4055

¥

fie, LD

GoogleNet, 22 layers
(ILSVRC 2014)
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What is 1x1 Convolution?

e Doesn’t 1x1 convolution sound redundant?

==

6x6x3 3x3x3 4 x4x1
Depth - 3 Depth - 3 Depth - 1

6x6x3 1x1x3 6x6x1
Depth - 3 Depth - 3 Depth - 1
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What is 1x1 Convolution? (cont’d)

e Doesn’t 1x1 convolution sound redundant?

* Simply speaking, it provides...
* Dimension reduction

==

6x6x3 3x3x3 4x4x1
Depth - 3 Depth - 3 Depth - 1

e Additional nonlinearity

6x6x3 1x1x3 6x6x1
Depth - 3 Depth - 3 Depth - 1

.
* % ==
.

6x6x3 1x1x3 6x6x3
Depth - 3 Depth - 3; 3 filters Depth -3 97




What is 1x1 Convolution? (cont’d)

e Example 1
{28 x 28 x 192} convolved with 32 {5 x 5x 192} kernels into {28 x 28 x 32}

 (5x5x192) muls x (28 x 28) pixels x 32 kernels ~ 120M muls

e Example 2
{28 x 28 x 192} convolved with 16 {1 x 1x 192} kernels into
{28 x 28 x 16}, followed by convolution with into 32 {5 x 5 x 16} kernels
into {28 x 28 x 32}

e 192 mul x (28 x 28) pixels x 16 kernels ~ 2.4M
e (5x5x16) muls x (28 x 28) pixels x 32 kernels ~ 10M
e 12.4Mvs. 120M



ResNet

e Can we just increase the #layer?

20, 20

S6-layer

20-layer

56-layer

training error (%)
test error (%)

20-layer

6 {[] 1

0 1

i 3 4
iter. (1ed)

e How can we train very deep network?
- Residual learning

2" 3 4
iter. (led)

X

method top-5 err. (test)

Y

VGG [41] (ILSVRC’14) 7.32
GoogLeNet [44] (ILSVRC’14) 6.66

weight layer

]—“(x) i) relu

X

weight layer VGG [41] (v5) 6.8
PReLLU-net [13] 4,94

BN-inception [16] 4.82

identity

ResNet (ILSVRC’15) 3.57
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DenseNet

e Shorter connections (like ResNet) help

e Why not just connect them all?

Input

Dense Block 1

&=

UORN|OAUOD)

LORN|OAUOD)

Bujjood

Dense Block 2

=

UORN|OAUOD)

Buljood

validation error

validation error

275

¥
»
3]

N
@
o

)
»
tn

N
w
o

215 i i i i
05 075 1 125 15 175 2

—4&— ResNets
—a&— DenseNets-BC

Reslf\letf34§

-121

ResNet-50

ResNet-101 |
ResNet-153

DenseNet-161(k=48)

1 2 3 4 5 6 7 8
#parameters x 107

—&— ResNets
—&— DenseNets-BC

ResNet-34:

DengeNet-121

ResNet-50

' ..ESNE1.7.1.0.1_.ResNe1—15.Z

DenseNet-161(k=48)

225 25

#flops x10™

Dense Block 3

=

Prediction

‘horse”

100



ResNet (cont’d)

e Can we just increase # of layers?

20,

>

S

5

s

L 10

[=14]

k= 56-layer
g

g

20-layer

1 2 5 6

iter.3(1e4)4
 How to train very deep networks?
e Residual learning

256-d

l

Non-Bottleneck Bottleneck
(ResNet-18, 34) (ResNet-50, 101, 152)

20,

test error (%)

\AVLV@;@E

20-layer

5 6

2 3 4
iter. (1e4)

method

top-5 err. (test)

VGG [41] (ILSVRC’14) 7.32
GooglLeNet [44] (ILSVRC’14) 6.66
VGG [41] (v5) 6.8
PReLU-net [13] 4.94
BN-inception [16] 4.82
ResNet (ILSYRC’15) 3.57

Ref: He, Kaiming, et al. "Deep residual learning for image
recognition." CVPR, 2016.
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ResNeXT

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

256-din lfﬁn\

) x‘“\. — — ““"‘“\
256, 1x1, 64 ‘ 256, 1x1, 4 256 %1, 4 total 32 256, 1x1, 4 ‘
- - paths | |

64, 3x3, 64 ‘ 4,3x3,4 ‘ 4,3x3,4 ‘ . ' 4,3x3,4 ‘ ]

. v . £ 3
64, 1x1, 256 ‘ 4, 1x1, 256 l 4,1x1, 256 l 4, 1x1, 256 l /

> / T ——
(e “\?@/’ S/

+ 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 5
ResNeX1-50 8 x 14d 223 g
ResNeX1-50 32 x 4d 22.2 I
ResNet-101 I x 64d 22.0 g
ResNeXt-101 2 x 40d 21.7
ResNeXt-101 4 x 24d 21.4
ResNeXt-101 8 x 14d 21.3
ResNeXt-101 32 x 4d 21.2

36

3.5

[—o— ResNet-29 (increase width)
| —=— ResNeXt-29 (increase cardinality) | |

1x128d
T
. B 1x192d
1\ —__ 1x256d
i i S 1x384d |
T —
4x64d f— 3
8x64d
16x64d
4 8 16 32 64 128

# of parameters (M)
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Xie, Saining, et al. "Aggregated residual transformations for deep neural networks." CVPR, 2017.



Squeeze-and-Excitation Net (SENet)

e How to improve acc. without much overhead?

e Feature recalibration (channel attention) T b

Residual

X
F:’.\' (W)

F,, (-) ~ [ ———— HT
/ IR TS 1x1xC \

F.w(‘u.fe ()

ResNet Module

HxWxC
e HxWxC
X

SE-ResNet Module

original re-implementation SENet
top-1 err. | top-Serr. | top-lerr. | top-5err. | GFLOPs top-1 err. top-5 err. GFLOPs
ResNet-50 [13] 24.7 7.8 24.80 7.48 3.86 23.29(1.51) 6.629.s6) 3.87
ResNet-101 [13] 23.6 7.1 23.17 6.52 7.58 22.389.79) 6.07(g.15) 7.60
ResNet-152 [13] 23.0 6.7 22.42 6.34 11.30 21.57(0.85) 5.73(0.61) 11.32
ResNeXt-50 [19] 22.2 - 22.11 5.90 4.24 21.10¢1.01) 5.49(¢.41) 4.25
ResNeXt-101 [19] 21.2 5.6 21.18 5.57 7.99 20.70(¢.43) 5.01(g 56 8.00
VGG-16 [11] - - 27.02 8.81 15.47 25.22(1 g0) 7.70(1.11) 15.48
BN—IﬂCEptiOﬂ [6] 25.2 7.82 25.38 7.89 2.03 24.23(1_15) 7. 14(0_75) 2.04
Inception-ResNet-v2 [21] 19.97 4.97 20.37 5.21 11.75 19.80(0 57 4.79(0.42) 11.76
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Hu, Jie, Li Shen, and Gang Sun. "Squeeze-and-excitation networks." CVPR, 2018.



Remarks

* CNN:
e Reduce the number of parameters
e Reduce the memory requirements
 Make computation independent of the size of the image

e Neuroscience provides strong inspiration on the NN design, but little
guidance on how to train CNNs.

e Few structures discussed: convolution, nonlinearity, pooling
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Training Convolutional Neural Networks

e Backpropagation +
stochastic gradient descent with momentum
e Neural Networks: Tricks of the Trade

* Dropout

e Data augmentation

Batch normalization


https://books.google.com/books?hl=en&lr=&id=VCKqCAAAQBAJ&oi=fnd&pg=PR5&dq=Neural+Networks:+Tricks+of+the+Trade&ots=cBbpUBGkVG&sig=rbBCsTUJEjyZc419s4TZ5X2RM3g#v=onepage&q=Neural%20Networks%3A%20Tricks%20of%20the%20Trade&f=false

An lllustrative Example

flx,y) = xy,

of

6x=y'@_x

Example:x =4,y =-3= f(x,y) = —12

Partial derivatives
of of
ox dy

4

Gradient
~ of of
Vi = [ax’ay]

106
Example credit: Andrej Karpathy



fx,y,z) = (x+y)z=qz

q=x+tYy f=qz
09 _, of of
dy aq_Z' 9z 1

Goal: compute the gradient

~ Of of of
Vi = [ax'ay'az]

107
Example credit: Andrej Karpathy



fx,y,z) =(x+y)z=qz

q=xtYy

0 0
_, 0

0x @:

f=qz
o _, Y_

1 = _
dg 9z 1

Chain rule:

of 0f dq
dx 0q0x

2; y=5 4
q ty

f=q%*z

dfdz = g

dfdq = z

dfdx = 1.0 * dfdqg

X -2

-4 = *

q 3 dfdy 1.0 dfdq
-4

y 5

-4 f -12

1

7 -4 108

3

Example credit: Andrej Karpathy



Backpropagation (recursive chain rule)

Local gradient Gate gradient

Can be computed during forward pass The gate receives this during backper%p




Dropout

{a) Standard Neural Net (b) After applving dropont.

Intuition: successful conspiracies
50 people planning a conspiracy
e Strategy A: plan a big conspiracy involving 50 people
e Likely to fail. 50 people need to play their parts correctly.

e Strategy B: plan 10 conspiracies each involving 5 people
e Likely to succeed!

Dropout: A simple way to prevent neural networks from overfitting [Srivastava JMLR 2014]


http://jmlr.org/papers/volume15/srivastava14a/srivastava14a.pdf

Dropout

f,

Without dropout

Ty

\OSISAK / £ b bl eV o ey
ORFREEKD 2 U *

PP 2SN :

= AT s,

-é;.
?i'ﬁ.i\
A
I:,-’.*.‘
(X
‘;‘l

Y/

t\‘
Ve
]
5
r:"
(%
a7/

W
()

e

%

N

{(a) Standard Neural Net (b) After applving dropout. o 200000 400000 500000 A00000 1000008

Mumier of weight updates

Main Idea: approximately
g i combining exponentially many
Present with Always different neural network
probability p present

(Q
)
O
y

(a) At training time (b) At test time d rCh Itectures efﬁC'entIy
Top-1 Top-5 Top-5
Model (val) (val) (test)
SVM on Fisher Vectors of Dense SIFT and Color Statistics - - 27.3
Avg of classifiers over FVs of SIFT, LBP, GIST and CSIFT - - 26.2
Conv Net + dropout (Krizhevsky et al., 2012) 40.7 18.2 -
Avg of 5 Conv Nets + dropout (Krizhevsky et al., 2012) 38.1 16.4 16.4

Table 6: Results on the ILSVRC-2012 validation/test set.

Dropout: A simple way to prevent neural networks from overfitting [Srivastava JMLR 2014] e



http://jmlr.org/papers/volume15/srivastava14a/srivastava14a.pdf

Data Augmentation (Jittering)

e Create virtual training samples
e Horizontal flip
 Random crop
e Color casting
e Geometric distortion

Hlorzon:al wreach Moce lorzoneal stretch Vert:cal strewch More vermcal sirech

112

Deep Image [Wu et al. 2015]


http://arxiv.org/pdf/1501.02876v2.pdf

Batch Normalization

X1
X2 \7\|© y

Cat Non-Cat

Credit: Andrew Ng 113



Batch Normalization

0.9

0.8

'
0.7

Input: Values of z over a mini-batch: B = {x1._,,};
Parameters to be learned: ~, 3
Output: {y; = BN, g(z;)}

TrL

1 .
BB < — ) T // mini-batch mean
m &
] TrL
Ué — — Z(:I?i — ME)E // mini-batch variance
. “—
i=1
N T — [l |
T < ¢‘—IB // normalize
£/ G—B —|— c
y; < vx; + 8 = BN, g(x;) // scale and shift
'(
0 0
- = = Without BN
—— With BN M
10K 20K 30K 40K 50K'2 -2

(a) (b) Without BN (c) With BN

Batch Normalization: Accelerating Deep Network Training by
Reducing Internal Covariate Shift [loffe and Szegedy 2015]
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http://arxiv.org/pdf/1502.03167v3.pdf

What’s to Be Covered Today...

Input Hidden Output
layer layer layer

Input #1

Input #2 s ~
@— Output
)

Input #3 —

Input #4

* |Image Segmentation

Many slides from Richard Turner, Fei-Fei Li, Yaser Sheikh, Simon Lucey, Kaiming He, and J.-B. Huang 115



Image Segmentation

e Goal:
Group pixels into meaningful or perceptually similar regions
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Segmentation for Object Proposal

TA7 R“‘ )7
AR A
Ef : “1{ \\ : b
Input Image | Hierarchical Segmentation Proposed Regions Ranked Regions

[Endres Hoiem ECCV 2010, [JCV 2014]
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Segmentation via Clustering

e K-means clustering

e Mean-shift*
* Find modes of the following non-parametric density

MNORMALIZED DENSITY
a1

g

*D. Comaniciu and P. Meer, Mean Shift: A Robust Approach toward Feature Space Analysis, IEEE PAMI 2002. 118



Superpixels

e Asimpler task of image segmentation

* Divide an image into a large number of regions,
such that each region lies within object boundaries.
e Examples
e Watershed

e Felzenszwalb and Huttenlocher graph-based
e Turbopixels

e SLIC
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Multiple Segmentations

Don’t commit to one partitioning

Hierarchical segmentation

* Occlusion boundaries hierarchy:
Hoiem et al. IJCV 2011 (uses trained classifier to merge)

* Pb+watershed hierarchy: Arbeleaz et al. CVPR 2009
e Selective search: FH + agglomerative clustering

e Superpixel hierarchy

Vary segmentation parameters
e E.g., multiple graph-based segmentations or mean-shift segmentations

Region proposals

* Propose seed superpixel, try to segment out object that contains it
(Endres Hoiem ECCV 2010, Carreira Sminchisescu CVPR 2010)
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http://www.eecs.berkeley.edu/%7Earbelaez/publications/Arbelaez_Maire_Fowlkes_Malik_CVPR2009.pdf
https://ivi.fnwi.uva.nl/isis/publications/2011/vandeSandeICCV2011/vandeSandeICCV2011.pdf
https://arxiv.org/pdf/1605.06325.pdf

More Tasks in Segmentation

* Cosegmentation
* Segmenting common objects from multiple images

* |nstance Segmentation
e Assign each pixel an object instance
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More Tasks in Segmentation

* Semantic Segmentation
e Assign a class label to each pixel in the input image
* Don’t differentiate instances, only care about pixels

122



Semantic Segmentation

e Sliding Window

Classify center
Extract patch pixel with CNN

Full image

Problem: Very inefficient! Not
reusing shared features between

overla P pl ng patches Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013
Finheiro and Collohert, “Recurrent Convolutional Neural Networks for Scene Labeling™, ICML 2014
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Semantic Segmentation

e Fully Convolutional Nets

Design a network as a bunch of convolutional layers
to make predictions for pixels all at once!

Conv Conv

Conv argmax

—_—

Input: J .
3xHxW Y Scores: Predictions:

CxHxW HxW

S roblem: i Convolutions:
roblem: convolutions at DxHxW

original image resolution will
be very expensive ...
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Semantic Segmentation

e Fully Convolutional Nets (cont’d)

Downsampling: Design network as a bunch of convolutional layers, with Upsampling:
Pooling, strided downsampling and upsampling inside the network! 277
convolution

Med-res: Med-res:
sz H/4 x W/4 sz H/4 x W/4

[

Low-res:
D, x H/4 x W/4
Input: High-res: High-res:

Predictions:
3XxHxW D1xH;’2fo2 D1fo2fo2 Hx W

Long, Shelhamer, and Darrell, *Fully Convolutional Metworks for Semantic Segmentation”, CVPR 2015
Moh et al, “Learming Deconvolution Network for Semantic Segmentation”, ICCV 2015
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In-Network Upsampling

e Unpooling

Nearest Neighbor P P “Bed of Nails” 1 0|2
1] 2 11| 2 2 2 Jojojo
3 4 3 3|4 4 3|4 3/01}4

3 3|4 4 0]0]0 0

Input: 2 x 2 Output: 4 x 4 Input: 2 x 2 Output: 4 x 4
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In-Network Upsampling

e Max Unpooling

Max Pooling
Remember which element was max!

Max Unpooling
Use positions from

1 2 6 3 pooling layer 0 0o 2 0
3 |/5]2 1 5 | 6 1 2 0 1 0 0
. 3 4 0 0|0 o
! 2 2 ! 7 8 Rest of the network
7 | 314 8 3 0 0 4
Input: 4 x 4 Qutput: 2 x 2 Input: 2 x 2 Output: 4 x 4

Corresponding pairs of
downsampling and
upsampling layers
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In-Network Upsampling

e Learnable Upsampling: Transpose Convolution

Recall: Normal 3 x 3 convolution, stride 1 pad 1

Dot product
between filter
and input

Input: 4 x 4 Qutput: 4 x 4
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In-Network Upsampling

e Learnable Upsampling: Transpose Convolution

Recall: Normal 3 x 3 convolution, stride 2 pad 1

> Filter moves 2 pixels in
Dot product the input for every one
between filter pixel in the output
and input

Stride gives ratio between
movement in input and
output

Input: 4 x 4 Qutput: 2x 2
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In-Network Upsampling

* Transpose Convolution

Sum where

3 x 3 transpose convolution, stride 2 pad 1 output overlaps

Other names:
-Deconvolution (bad)

-Upconvolution
-Fractionally strided
convolution
-Backward strided > Filter moves 2 pixels in
convolution Input gives the output for every one
weight for pixel in the input
filter
Stride gives ratio between
movement in output and
input
Input: 2 x 2 Qutput: 4 x 4
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In-Network Upsampling

* Transpose Convolution
e 1D example

Input

a
b

=

.

/
\

Output

aX

ay
az

bX

bz

Qutput contains
copies of the filter
weighted by the
input, summing at
where at overlaps in
the output

Need to crop one
pixel from output to
make output exactly
2x input
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In-Network Upsampling

* Transpose Convolution
e Example as matrix multiplication

o OO R

We can express convolution in
terms of a matrix multiplication

SRR K

Bwe s O

Txa=Xa
n
0 0] |a
0 0 (o] _
r 0 |e|
y x| |d
_0_

ay + bz
ar + by + cz
br + cy + dz

cx + dy

Example: 1D conv, kernel
size=3, stride=1, padding=1

Convolution transpose multiplies by the
transpose of the same matrix:

= XTg

oo nNw R

ZxL

conwe 8 ©
OSn@ &g ©OC
ne 8 oo o

-

Q|

I

ax
ay + bx
az + by + cx
bz + cy + dx
cz+dy
dz

When stride=1, convolution transpose is
just a regular convolution (with different

padding rules)
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In-Network Upsampling

* Transpose Convolution

e Example as matrix multiplication

Ty

We can express convolution in
terms of a matrix multiplication

Z

rxa=Xa

0 0 O

0 0 2z yv 2 0

|

|

ay + bz
bx + cy + dz

Example: 1D conv, kernel
size=3, stride=2, padding=1

Convolution transpose multiplies by the
transpose of the same matrix:

2l g=XTg

— — — f—

xz 0 ax
y 0 ay
z x| |a|  |az+4bx
0 y [h] N by
0 =z bz
0 0] 0]

When stride>1, convolution transpose is
no longer a normal convolution!
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Fully Convolutional Networks (FCN)

e Remarks
» All layers are convolutional.
* End-to-end training.

Downsampling: Design network as a bunch of convolutional layers, with Bgizglliﬁgl?':strided

. . : inginsi 1
Pooling, .str|ded downsampling and upsampling inside the network! transpose convolution
convolution

Med-res: Med-res:
D2 x H/4 x W/4 D2 X H/4 x W/4

[

Low-res:
D3 X H/4 x W/4

Input: High-res: High-res: Predictions:
3xHXW D xHR2xW2 D, x H/2 x W/2 HxW

Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation®, CVPR 2015
MNaoh et al, “Learmning Deconvolution Metwork for Semantic Segmentation”, ICCV 2015 134



Fully Convolutional Networks (FCN)

* More details
* Adapt existing classification network to fully convolutional forms
* Remove flatten layer and replace fully connected layers with conv layers
e Use transpose convolution to upsample pixel-wise classification results

“tabby cat”

B B N
Emﬁ* 221900 h“"x°° L ll

C nn\nlnrmn ization

’ tabby cat heatmap
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Fully Convolutional Networks (FCN)

32x upsampled

image convl pooll conv2 pool2 conv3 pool3  conv4 pool4 convh poold conv6-7  prediction (FCN-32s)

16x upsampled

2 7
p00]4x conv prediction (FCN-16s)

8x upsampled
4x conv7 prediction (FCN-8s)

2x poold [ | |

pool3 | [ [ o
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Fully Convolutional Networks (FCN)

e Example
* VGG16-FCN32s
* Loss: pixel-wise cross-entropy
i.e., compute cross-entropy between each pixel and its label, and average over all of them

Input shape: 256 x 256

A 4

VGG16 (Pretrained)

A 4

Coarse prediction shape: 8 x 8

\ 4

Upsample 32x (transpose conv)

\ 4

Pixel-wise prediction shape: 256 x 256




SegNet

e Efficient architecture (memory + computation time)
e Upsampling reusing max-unpooling indices
e Reasonable results without performance boosting addition

e Comparable to FCN

RGB Image

Convolutional Encoder-Decoder

Pooling Indices »

Y

I Conv + Batch Normalisation + RelLU
I Pooling I Upsampling Softmax

Output

Segmentation

“SegNet: A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation” [link]
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https://arxiv.org/pdf/1511.00561.pdf

U-Net

| 64 64
128 64 64 2
input
i output
e [T : "1*1* sg;pmentation
tile 3 d 5
3¢ o ™ map
g B B > = =
5l ol
&l &8
’ 128 128
256 128
sl & g glél
N B

. §I:I.:I-EI =»conv 3x3, RelLU
= 4

¥ s12 s = copy and crop
el e el e § max pool 2x2
& 1024 & @ 4 up-conv 2x2
=> conv 1x1

30
282

U-Net: Convolutional Networks for Biomedical Image Segmentation [link]
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