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Motivation

e Curse of Dimensionality

When we only have three inputs: When we have a small image:

28x28x1

Fully connected layer

W is a 784800 matrix W cannot fit into the memory ...
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Motivation

* Eye !=Fully Connected Layer

* Do human analysis each pixel using different ways? NO

Shift Invariant
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Motivation

* Eye !=Fully Connected Layer

Shift Invariant ~ » Parameters shared over space
e Sparse connectivity
* Equivariant representation
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Convolutional Algorithms

e Convolution on 1D vector

o0

1D discrete convolution: s, = (x *w), = Z X, Wi_g

k=—0o0

1x2 + 3x0+ 3x%x1

Output s 5.6 7 2]

Filter w 2 0 1] Filter size = 3

Input x [1 3 3 0 1 2]

* The more similar the filter (kernel) and local path are, the higher value on the output
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Convolutional Algorithms

* Edge detection on greyscale 2D images

(00} [0 0]
2D discrete convolution: Sy, = ((x * W))TC = Z Z Xr,c Wr—i,c—j
[=—o00 j=—00

hxwXx1 image hxwXx1 image

-1 -1 -1
W = [ 2 2 2 ]
-1 -1 -1

Detect vertical edges




I >
75 e xS

PEKING UNIVERSITY

Convolutional Algorithms

* Edge detection on RGB Images

W is a 3xX3 X3 tensor

-1 -1 -1
1 —1 —1T Height of filter size
G w.,=(2 2 2 Width of filter size
-1 -1 -1 Depth of filter size == Number of input channels
-1 -1 -1
B w,;=[2 2 2
-1 -1 -1

Each input channel needs one filter

11
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Convolutional Algorithms

* No padding, unit strides

Filter Input Output

. - . 12

Filter size = 3X3
padding = 0x0
Strides = 1x1
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Convolutional Algorithms

unit strides

Input

e Zero padding, non-

Output

Filter
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Convolutional Algorithms

"

e Side Views

No padding and no strides
Filter size = 3X3
padding = 0x0
Strides = 1x1

Padding and strides
Filter size = 3X3
padding = 1x1
Strides = 2X2

14



Convolutional Algorithms

 Filter (kernel) shapes

* To convolute RGB images, a filter have 3 channels

* The filter shape is
(filter_height X filter_width X input_channels X n_filters)

 Number of filters (channels)

* One filter can have one corresponding output feature map
* The number of output channels == The number of filters

* The output shape is (feature_height X feature_width X n_filters)

Rely on input size, padding, strides, and filter size

AN s 4
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o N

64x64%3 output

32X32X32

Filter shape = 3X3X?X?

padding = ?7X?

Strides = 7X%?
15




Convolutional Algorithms

input

32x32%20

Filter shape = 3X3X?X?
padding = 7X?
Strides = 7X?

.

~

/

/ input output \

64X64X16 62%X62%X32

Filter shape = 5X5X?7X?
padding = 7X?
Strides = 7X?

- /

>
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/input output

64X64Xx16 64%xX64%X32

Filter shape = 5X5X?7X?

padding = ?X?
Strides = 7X?

.

/
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Convolutional Algorithms

* Receptive field

17
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Convolutional Algorithms

* Receptive field

Layer Kernel Input Output Receptive
# Size Stride Dilation Padding Size Size Field

1 3 1 1 2 256 256 3

2 3 2 1 1 256 128 5

3 3 1 1 2 128 128 9

4 3 1 1 2 128 128 13

5 3 2 1 1 128 64 17

6 3 1 1 2 64 64 25

7 3 1 1 2 64 64 33

8 3 2 1 1 64 32 4]

https://fomoro.com/research/article/receptive-field-calculator e
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Convolutional Algorithms

* Dilated convolution: Larger Receptive Filed

New Filter
Filter .oioi
00000
gl - 5
00000
[e] o 5] 0 =]

Dilation rate = 2X2

Receptive field : 3X3 - 5X%5

19
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Convolutional Algorithms

e Convolution on 3D volume

 Filter (kernel) shapes

* To convolute MRI images, a filter have 1 channels

* The filter shape is (filter_depth X filter_height X filter_width X input_channels X n_filters)

 Number of filters (channels)

* One filter can have one corresponding output feature volume
* The number of output channels == The number of filters

e The output shape is (feature_depth X feature_height X feature_width X n_filters)

20
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Pooling Algorithms

21
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Pooling Algorithms

e Motivation: Shift Invariant

 Small shifts should not effect the result

22
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Pooling Algorithms

* Motivation: Features aggregation

input  conv output after pooling
64X64X16 64XxX64%x32 32X32%32

23



Pooling Algorithms

* Pooling on 1D vector

* Max Pooling

Output s [3 3 2]

Input x [1 3 3 0 1 2 0]

« Mean (Average) Pooling

Output s [0.77 1.33 1]

Input x [1 3 3 0 1 2 0]

Filter size = 3
Padding = 0
Stride = 2

Filter size = 3
Padding = 0
Stride = 2
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Receptive field is increased

24
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Pooling Algorithms

* Max Pooling on 2D matrix

Filter size = 3x3
padding = 0x0
Strides = 1x1

25
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Pooling Algorithms

* Mean Pooling on 2D matrix

Filter size = 3x3
padding = 0x0
Strides = 1x1

26



Pooling Algorithms

e Spatial Pyramid Pooling

feature )
maps

—

Spatial pyramid pooling

/

/ =)

/

/

)

S Full
connected
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Pooling Algorithms

* Pooling on 3D volume

28
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Hierarchical Representation Learning

29
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Hierarchical Representation Learning

* Motivation

input layer hidden layer 1 hidden layer 2 hidden layer 3 output layer




e 7 5 2

PEKING UNIVERSITY

Hierarchical Representation Learning

* Large receptive field

1 layer

2 layers

31
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* Visualizing the activation outputs

/Activation maximization of the first filters\
of each convolutional layer in a well-
known CNN architecture called VGG. The
notations of “convl” through “conv5”
distinct hidden layers, where a larger
number represents a deeper hidden

@yer. /

A. Mahendran and A. Vedaldi, “Visualizing deep convolutional neural networks using natural pre-images,” .
International Journal of Computer Vision (1JCV), vol. 120, no. 3, pp. 233-255, 2016.
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Convolutional Architectures
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Convolutional Encoding Architectures

* AlexNet: make the history

24

R\

1\

Input
Image

\(RGB)

2

11

\ “.
y‘.“vss "““‘ ".‘.“ l\
| \27
| ““ ;
N |] 3[
—— ".‘ 7 ‘.‘
)\, 7\
55
256
“ Max
Stride % pooling
Cnd

\ || of 4
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\ dense dense
\13 \ |\13 \ | \13 — = dense
3[‘7 1 [
L . | y 3 |~ N o P
T8 3] 1\ |8 : 13
"n‘ 384 384 256 1000
Max || L]
Max pooling 409 4096
pooling

In 2012, AlexNet achieves 10% performance gain on ImageNet compared to its previous methods

35



Convolutional Encoding Architectures

* VGG16

/
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Input |:>

Feature Extractor Classifier
AN AL
™ ™
1%* Conv Block -
2" Conv Block B
3" Conv Block
4™ Conv Block
5t Conv Block
[N [N [l N[N — o (49} — o m %]
[ :'le ﬁml ml ml 2 <r| <r| <r| X Lnl Lﬂl Lnl L HNE
32— glIS]|S S22 2 ol S 2 2 » S22 IlZ2 » S ~££§—>1000Probablllt|es
8|8 48|18 =1 8ff 8]l 8 ml | G < | (NSNS NS = o
Max pooling
Max pooling
Max pooling
Max pooling
Max pooling
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Convolutional Encoding Architectures

* VGG16

1% Conv Block Fully connected layers
2" Conv Block B
3 Conv Block

I 4th Conv Block

5t Conv Block

| |eN —||eN — (g\] on — (o] (90} — o on (7]
|| :| N[N ﬂ ml ml ml m ﬂ'l <|‘I <|‘I S I.l')I I-f'lI I-l')I 5’ || S
» B o 1) ) » O ol—» g
Input|:> =1 Z—1Slzllz—"1 8| 2| 2| 2 sif 2|l 2|l 2 ellzllzlz S (R 1000 Probabilities
ofl o alollo alfolf ol © aff o o o Q o o o Q el
O]l O Ol © o (S) o (S) o o O O O

I | Ll Entire VGG

>>> # get the whole model, without pre-trained VGG parameters
>>> vgg = tl.models.vgg16()

>>> # get the whole model, restore pre-trained VGG parameters
>>> vgg = tl.models.vgg16(pretrained=True)

>>> # use for inferencing

>>> output = vgg(image, is_train=False)

>>> probs = tf.nn.softmax(output)[0].numpy()

37
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e VGG16
1t Conv Block
2" Conv Block
3" Conv Block
4t Conv Block
5t Conv Block

|| N —||eN - o on — o on — o on

<[] || Nl ]| o ol M <[ < 2 i ' | w0 L2
'nput:>zz *eIZIE1 2 2l 2]l = sl 21 2[ 2 silz |l 2|l 2 » 3 [ CNN features

o||l o oflo|f o offoll oll © Qll o o o Q o o o Q

Ol © Q|| O o o o o o o o o o
(B) Feature extractor

>>> vgg = tl.models.vggl6(pretrained=True, end_with="pool5', mode='static')

38
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Convolutional Encoding Architectures

* VGG16

15t Conv Block

2" Conv Block

3 Conv Block .

T at convBlock  Hidden layer of feature extractor : lower level features

|| || — o (40} — o on
|| :| NI o Q ml ml ml m <|‘I <l'| Q’I
S| > » Ol > = ol s|l =[] = ol > > > —>
Input|:> 2|z Sz[lz » S|zl 2l 2 st 2|l 2l 2 CNN features
ol o Qlofl o ool ol © aff o o o
Ol © Ol © o o o o o o

(C)

>>> vgg = tl.models.vggl6(pretrained=True, end_with="conv4 3', mode='static’)

39



Convolutional Encoding Architectures

* VGG16

1st Con

Input |:>

convl 1

convl 2

Block

y
pooll

ez ¥
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Replace the last layer for outputting different number of classes

2" Conv Block

3" Conv Block
4% Conv Block

5th Conv Block

— [l (]| n — ~ | en — ~ o0
| [ | | | m | | | < | | |
e Sl @ff Sl = < || < S n n n
> > » > = = > > > > > > >
cfl olfgll || € ol © c c o c c c
oll o a2l o]l ol o aff o o o Q ) o o
Ol O Ol O] © (S) o o (S (8] (&)

pool5

>>> # get VGG without the last layer

>>> cnn = tl.models.vggl6(end_with='fc2 relu', mode='static').as_layer()

>>> # add one more layer and build a new model

>>> ni = Input([None, 224, 224, 3], name="inputs")
>>> nn = cnn(ni)

>>> nn = tl.layers.Dense(n_units=100, name="'out')(nn)
>>> model = tl.models.Model(inputs=ni, outputs=nn)

>>> # train your own classifier (only update the last layer)
>>> train_weights = model.get_layer('out’).trainable_weights

fcl

fc2

100 Probabilities

40



)
)(anw
»
T A

| 000T % | 000T % | | 960t % |
A A _H+H_
jood dae |ood Sae 9607 24
A A
715 ‘Mo gxe | 715 ‘Ao x|
A A
7Is ‘Moo exg | 7IS ‘Auod gxg |
A
715 ‘oD X | 715 ‘Mo Exg |
A A
7IS ‘Ao gxg | 715 ‘Ao gxg |
.. A
o | zisnwodexe | 715 ‘Auod Exe |
A A A
.. | t'usmuorexg | 7/ 715 ‘Mo exg | z/ ‘lood
- A A
9sz ‘nuod gxg | 95z ‘Auod exe |
4 LY
957 ‘A2 £xg | 95z ‘Auod gxg |
A
95z ‘AU XE | 967 ‘Auod £xg |
A A
957 ‘A0 EXE | 95z ‘nucd £xg |
A
95z ‘Muod £xg | 957 ‘Nod £xg |
A A
9sz ‘nuod gxg | 95z ‘o gxe |
A
957 ‘A0 EXE | 957 ‘Auod £xg |
A A
96z ‘Auod gxg | 96z ‘Aucd £xg | | zis'wwoexe |
A A
957 ‘A0 EXE | 957 ‘AU £XE | | zus‘awoexe |
A A A
95z ‘nuod exg | 96z ‘Auod exg | | zis‘auooexe |
e A A
| oszauooexe | 957 ‘od exe | | asnuoexe |
A A A A
... |_2/'9szmorexe | 7/ ‘957 ‘oo gxg | z/ ‘1ood
.. 7y
4 gzl ‘Auodexe | 871 ‘o exe |
Q A A
- szT Muodexe | st o e |
> a
871 ‘Ao £xg | gzl ‘Auodexg |
4= A A
O 821 ‘Muod gxg | 821 ‘Au0d EXE | | zsnwooexe |
v _ e O T
82T 'AUOD £XE 82T ‘AUOD £XE ZIS ‘AU EXE
s ) ) )
871 ‘Au0d £xE | 82T ‘N0 £xE | | zis‘wooexe |
- ) )
&) | szr'woexg | 821 ‘AUOd £XE | | zis‘auooexg |
A ) ) A
N e | #/sernuodexe | 2/ ‘sz ‘nuodgxe | 2/ ‘jood
......... A
9 ‘AUOD EXE | 9 ‘AUOD EXE |
) 3 3
n pg‘Muodexe | v AU EXE |
A l
© e— 9 ‘AUDD EXE _ ¥9 ‘AUOD EXE _ _ 957 'AUOD EXE _
O LY A 4
O 9 ‘nucoexe | y9 ‘nuodexe | | osz'nuooexe |
A A
C $9 ‘AUOD EXE _ ¥9 ‘AUO EXE _ _ 967 ‘AUOD EXE _
C A A A
$9 ‘AUOD EXE _ #9 ‘AUOD EXE _ _ 967 ‘AUOD EXE _
(N | A A
Z/‘100d 7/ '100d z/‘jood
— A A A
(q0] | 2/ venuoo x| 7/ 'v9 ‘o px | | szriavooexe |
C A X
[ szrmodexe |
° m z/ ‘jood
5 0 T
—_— = [ vomoree |
m S afew afew adew)
- % |enpisas JaAe|-€ utejd JaAe|-yg 6T-99A

1228
ndino

L a5
ndino

$T 19215
indino

87 :au1s
ndino

9g :92I5
ndino

TILaus
ndino

vzT PUs
indino

41



Convolutional Encoding Architectures

* SqueezeNet

input squeeze 1X1
64X64X64 64x64X32

v

expend 3X3
64x64x128

I »
NELF TS

PEKING UNIVERSITY

* 1X1 convolution (pointwise conv) is 9 times faster than 3Xx3 convolution
* Smaller number of channels == Less computation

output
64X64X256

expend 1x1
64x64x128

W
., Og\cg

&eqeﬂ‘

\

/ " ﬂ@%

An example of "fire” block I
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* SgueezelNet, MobileNet, ShuffleNet
<—N —
A — The number of multiplications of a standard 2D CNN layer without strides and padding:
* filter_size_heightXfilter_size_widthXheightXwidthXin_channelsXoutput_channels
The number of multiplications of a depthwise 2D CNN layer without strides and padding:
o @ @ @ @ * filter_size_heightXfilter_size_widthXheightXwidthXin_channels
=i~ The number of multiplications of a pointwise 2D CNN layer without strides and padding:
(b) Depthwise Convolutional Filters °

heightxwidthXin_channelsXoutput_channels

Vi /&4

«— N —

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-

43



ez X%

Convolutional Encoding Architectures PEKING UNIVERSITY
* SgueezeNet, MobileNet, ShuffleNet
€ s T s S e s - Group Convolution: Split the channels
Input [ = [ 1 [ into several “ground” and perform
i f ] | [ i standard convolution using different
o { | CNN layers.
Featre [ 7] | | CIITT]
r—— 2 o [?:E]-\‘l Lstramnr e | T e Shuffle layer: Merge the information of
GConv2 iy RTINS different group by shuffling the
channels.
Output I

(a) (o) (c)

Figure 1. Channel shuffle with two stacked group convolutions. GConv stands for group convolution. a) two stacked convolution layers
with the same number of groups. Each output channel only relates to the input channels within the group. No cross talk; b) input and
output channels are fully related when GConv2 takes data from different groups after GConv1; ¢) an equivalent implementation to b) using
channel shuffle.

44
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Convolutional Encoding Architectures

* SqueezeNet++
MobileNetV2
MobileNetV3
ShuffleNetV?2

45
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Transposed Convolutional Algorithms

46



Transposed Convolutional Algorithms

Motivation
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Convolution and pooling can only keep or reduce the size of the feature maps

Encoding

Decoding

Classifier

Cat
Horse
Boat

Dog
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Transposed Convolutional Algorithms

* Transposed convolution on 1D vector

1X2 4+ 0x0+ 3x%x1

Output s [5.0 9 0 6 0 1 0 4]

Filter w [2 0 1] Filter size = 3

Insert 0 [T 0 3 0 3 0 0 0 1 0 2] Padding= 0 Stride= 2

Input x [1 3 3 0 1 2]

48
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* Inserting zeros between inputs

Padding, strides and transposed

Padding = 2x2
Strides = 2X%x2

Padding, strides and transposed

Padding = 1x1
Strides = 2X%x2

49
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Transposed Convolutional Algorithms

* Resize convolution
* Subpixel convolution

50



