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Outline

* CNN (Convolutional Neural Networks) Introduction
* Evolution of CNN
* Visualizing the Features

* CNN as Artist

* More Applications




Outline

CNN (Convolutional Neural Networks) Introduction




Image Recognition

contalner S Ir motor scooter
ip

| mite container s motor scooter ledpard

i black widow lifeboat go-kart jaguar
[ cockroach amphibian| moped ,_I cheetah
tick fireboat bumper car snow leopard

i starfish drilling platform ]—I golfcart Egyptian cat

http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf



http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf

Why CNN for Image

* Some patterns are much smaller than the whole
Image

A neuron does not have to see the whole image
to discover the pattern.

Connecting to small region with less parameters




Why CNN for Image

* The same patterns appear in different regions.

“upper-left
R \ beak” detector

Do almost the same thing
They can use the same
set of parameters.

detector



Why CNN for Image

* Subsampling the pixels will not change the object
bird
bird

We can subsample the pixels to make image smaller

‘ Less parameters for the network to process the image



Image Recognition




Local Connectivity

Neurons connect to a small
region




Parameter Sharing

* The same feature in different positions

I
I
I
I
I
I
I
I

I’

\\1¢’
Neurons
share the same weights



Parameter Sharing

* Different features in the same position

!
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Neurons
have different weights



Convolutional Layers
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Convolutional Layers

depth=1 depth =2
A

—— | |

Wh1
e @ b1 =wp1a1+wipaasg

a C1 =We1011+W202
We2
W
e - @ bo =wp1as+wioas

Wel W
/ e Co =W,1a2+1W003




Convolutional Layers

depth =2 depth =2
| A

@ Wy 0 c1 = ajw,.; + biwes
1
+ agw.5 + baw,.y
@ c2 v dl

wC
0
e = Q ¢y = agt. + byt s
@ W + azwes + b3w.q




Convolutional Layers

depth =2 depth =2
| A

| \ ( \

e Q 42 s C1 = a1We1 + brwes
< + agwes + bawey
@ U0 @ di = ai1wq + brwgs
w + agwy3 + baw s
6 - s Co = QW1 + baweo
+ azwes + b3w.4
@ L @ dy = azway + by

+ asgs + b3wd4




Convolutional Layers
A B

A




Hyper-parameters of CNN

e Stride * Padding
© OO © OO
Q0000 OO0 00O
Stride=1 Padding =0
O O ONONONONG,
OO0 00O ONONONONONONG,
Stride = 2 Padding =1



Example

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Qutput Volume (3x3x2)

pu oo Y Wilr0,0]  olire,0) Output  Stride=2
ofofloJo o0 o0 o 1][o [fo i [ 4 3
ofoffole 1 o o 11 [ il I E 5 4 2 Volume (3X3X2)
oflzllt]z 2 o o 1 1] 1 0 -1 2 0 5
0 2 0 2 0 1 0 wl[z,:,1] wl[:,:,1] o[:,:,1] A
01 000 10 L oqr 1 11 330 { \ F||ter
11 [ i Bl G 5 10 -3
01 1 0 2 0
—T T = 0 [0 [-L 10 0 1 0 6
1) wl[i,472] wllz,:,2]
offofolo o = o
o1z 1 i 5 1 e ff-1 10 1
) afl 0 f LA -1 | L 140 -1
i Bias ba{1x1x1) Bias bl (Ix1x1)
0 1 1 1,72 1 0 bOfs,:,0] bl[:,:,0]
0 2 00 0 ! 0
0 0 0 0
t,2,2]
0 [0 o 0 0.0
o020 ]1 o1 o
0 |[o 1 1 0
01 0 2 2 2 0 Input
Padding = 1
0121120 Volume (7x7x3) 5
00 0 00 0 0

http://cs231n.github.io/convolutional-networks/
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http://cs231n.github.io/convolutional-networks/

Convolutional Layers

Input Volume (+pad 1) (7x7x3) Filter W0 (3x3x3) Filter W1 (3x3x3) QOutput Volume (3x3x2)
®¥[:,:,0] wl[:,:,0] wl[z,:,0] o[:,:,0]
offofofo o o o 1 0||0 1 1 1 EJ, 3
offloffo]lo 1 0o o 11||-1 1 1 -1 5 4 2
offl2fflt]2 2 o o 1 -1||-1 1™ [oM =L 2 0 5
0 2 0 2 0 1 0 wl[z,:,1] wllz,1,1] o[z,:,1]
0 00 0 0 M L1 3 30
= i B - =1I||Z 1 -1 0 5 10 -3
i 5 0 0_||_1 -1 0 0 1 0 6
wl[i,+72] wl[z,:,2]

ofofo o o -1 11 -
02 It i 2 1 for]-1] 10 1
0 @’]fo i ml_llll_ | |
i Ll B Bias b (1x1x1) Bias bl (I1x1x1)
011 1.2 1 0 b0of%,:,0] bl[:,:,0]
0 2 0 1 0
0 0 0

t,:,2])
0 0|L0é 0.0
offl2qo0]1 o1 o

0 flo 1 1 0
01 0 2 2 2 0
000 2 2 2 0
e http://cs231n.github.io/convolutional-networks/
0 00 0O 0 0O 0



http://cs231n.github.io/convolutional-networks/

Convolutional Layers

X[
0

DQODDQOEQODDDQ

ES

Input Volume (+pad 1) (7x7x3) Filter W0 (3x3x3)
i,:,0) wl[:,:,0]
0 [offo lo o o© -1 ||0 ||0
olofoft]o o 1 ||1 ||1
2 (12|20 o 1 ||1 ||1
2 0 2 01 0 wO[:,:,1]

1 00 0 1 0 ! "0
1 1 0 2 1 ’rﬂl "1
00 0 0 0 0 flo J-!
. . wO[:,+72]
0 0o flofo]o /'(“1"
2 [T]o 2 o Lo
0 [Lho |1 ]1 '}’“'1"1
i S Bias b0A1x1x1)
1 1 1 2 bO[<,:,0]
2 00 2
0 0 0
0 oflofleglo o
2 (o [¥]o |1
0 1|1 0
1 0 2 2 2 0
00 2 2 2 0
1 21 1 2 0
0 00O 0O O O

o o o o o o o

N
|

http://cs231n.github.io/convolutional-networks/

Filter W1 (3x3x3)
wl[:,:,0]
1 1

1
1 1 -1
1 0 -1

wl[z,:,1]
1 -1 1

1 -1 0
-1 0 0

Bias bl (1x1x1)
bl[:,:,0]
0

Output Volume (3x3x2)

o[:,:,0]
03
5 4 -2
2 0 5

o[:,:,1]
3 -3 0

5 10 -3
1 0 6



http://cs231n.github.io/convolutional-networks/

Convolutional Layers

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Qutput Volume (3x3x2)
®[:,:,0] wl[:,:,0] wl[:,:,0] o[:,:,0]
ofloflofo o o o -1 0 0 1||1||1 0 4 3
oflojlojo 1 o o 1 1 -1 1||1||-1 5 4 =2
oflzfl1 |2 2 o o 1 -1 -1 1||0||-1 2 0 5
02 0 2 0 1 0 wl[:,:,1] wl[:,:,1] t,:,1]
01 00 0 1 0 W . -1
01 1.0 2 1 0 1"'1"0 =
00 0 0 0 -1]fo jjo o
x[:

0

0|

0

0

0

0

0

oo

o2

0 ﬂ’|0_1 1 0

o 1 0 2 2 2 0

o o o 2 2 2 0

E ; 2 ; :} 2 E http://cs231n.github.io/convolutional-networks/
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Relationship with Convolution

yln] = 3 alklwln — K ik
T | 1 .
w|n)
y[n]
AR , )

yl0] = z[=2Jw[2] + z[-1]w[1] + z[0]w]0]



Relationship with Convolution

yln] = Zx[k]w[n — k] z [k




Relationship with Convolution

yln] = 3 alklwln — K vk
z[n] w|2 — k]
b1y | .
w(n] |
y[n]
R S

y[2] = z[0]w[2] + z[1]w[1] + 2[2]w[0]



Relationship with Convolution

=" alklwln — K z (k]

x|n] w4 — k] ’
T | 1

win] o
AR " [In

y[4] = z[2lw(2] + z[3]w[1] 4 z[4]w[0]

D1 )




Nonlinearity

* Rectified Linear (ReLU) /

°l

Tmn — .
out 0 otherwise

S| G o

— O




Why RelU?

* Easyto train

* Avoid gradient vanishing problem

saturated

Sigmoid gradient = 0 RelLU
\

1 3

not saturated
N\

vains
I




Why RelU?

* Biological reason

strong stimulation

weak stimulation

neuron neuron

RelLU

-= strong stimulation

-== weak stimulation




Pooling Layer

no weights

Maximum Average
Pooling @ %Pooling |/ // ( /
/ \
L/ \

no overlap depth =1

,3,5,7) =7 AV8(113;517) =4

Max(0,0,5,5) =



Why “Deep” Learning?




Visual Perception of Computer

Input Convolutional
Layer Layer

Pooling Convolutional
Layer Layer Pooling

7\ S
P ~
AV
,/ II \ ~

=nu Receptive Fields

Receptive Fields




Fully-Connected Layer

* Fully-Connected Layers : Global feature extraction

* Softmax Layer: Classifier

Input
Image

Convolutional

Input
Layer

Layer

Fully-Connected

Convolutional

_ Pooling Layer

Layer

Pooling

A

Layer

Softmax

Layer
4




Training

* Forward Propagation

N2(out)  M2(in) w21  Mi(out)
% [\ A

-

N2(in) = W21M1(out)

N2(out) = 9(N2(in)), ¢ is activation function




Training

* Update weights

2 (out)
Cost
function: J Q‘ """
~~1—
\
\
\
0J B
Jwa1 3nz(out) 8n2(m) Jwa1
0J
W21 < W21 — anﬂ

e 0J a77/2(011,15) anZ(zn)
anQ(out) anQ(zn) dwa1

= Wo1 < W1



Training

* Update weights

Cost
function: J Q‘ """

~~_—

N2 (out) = g(nZ(zn))a N2(in) = W21N1(out)

ONz(out)y ONa(in)

— — m) )
8712(2_”) 9(”2( ))

OWon = N1(out)

0J  Onoouty ONa(in)

w — Ww —
2! 2 778n2(out) a712(2er) 811)21
o]
= W1 < W21 — U8n2( ) g (n2(in))n1(out)



Training

* Propagate to the previous layer

12(out) 12 (in) N1 (out) M1(in)
Cost X e X t
function: J @r-——=—-- Q Q -
Q“-\”
\ * \
\* \‘ \‘
0J 0J  ONgour) ONa(in) ON1(out)

On1(in)y  ONagour) ONagin) ON1(out) ON1(in)



Training Convolutional Layers

* example:

Convolutional

input

To simplify the notations, in the following slides, we make:

b1 means by (), a1 Means aq(yyt), and so on.



Training Convolutional Layers

* Forward propagation

Convolutional
Layer

by =

input
by =




Training Convolutional Layers

* Update weights

0J

0J 0by N 0J 8b2)
8b1 8wb1 8[)2 8wb1

Wp1 < Wp1 — 77(




Training Convolutional Layers

* Update weights

o Obq .
1 = Wp1G1 + Wp202 Owm 1

o1

by

Cost
function: J

oJ -

Obo

Wp1 — Wp1 — (8—Ja +ﬂa)
bl b1 — 1) 9, 1 9bs 2



Training Convolutional Layers

* Update weights

0bq

o0J

0J 0b; N 0J abg)
81)1 8wb2 abg 6wb2

Wp2 < Wp2 — 77(



Training Convolutional Layers

* Update weights
0by

b1 = wp1a1 + Wp2a2

p— a2
a7
by
Cost
function: J
oJ -
Obo - b
bo = wpra2 + wp2as Oy
0J 0J

Wp2 < WphH2 — 77(6_[)1&2 + 8—[)2@3)



Training Convolutional Layers

* Propagate to the previous layer

8[)1 abl
aJ > % ©9J oby
Oby ™ ~ B ' ~0by Day
Cost - ~0J 0by  9J 0Oby
function:J ~a o - 0by Oas + 0by Oas
0J = - 9J Ob,
8_[92 ',' : ~0by Oas
Obs 0bsy




Training Convolutional Layers

* Propagate to the previous layer
abl 8[?1

bi = wp1a1 + WpaGs =—— = Wp1 —— = Wpo

daq Jas
X ”




Max-Pooling Layers during Training

* Pooling layers have no weights

* No need to update weights Max-pooling

by = max(a,as)
«

by = max(as,as)

o { a9 if a9 Z as
a3 otherwise Oby [ 1ifas > as
Jas | 0 otherwise



Max-Pooling Layers during Training

* Propagate to the previous layer

0b 0b
d.J 2 =1 5o =0
by ™.
P -
Cost _ -
function: J ~ o
\
0J )’s -




Max-Pooling Layers during Training

* ifa;=a, ??
o> Choose the node with smaller index

Cost

8_‘] s
Obs



Avg-Pooling Layers during Training

* Pooling layers have no weights

* No need to update weights Avg-pooling




Avg-Pooling Layers during Training

* Propagate to the previous layer

ob;  0by




RelLU during Training

°l

out = 3 () otherwise

8n0ut o { 1 if Nin > 1

ONin 0 otherwise




Training CNN

& B AR
B EARAT R 3




Outline

* Evolution of CNN




LeNet (1998)

Ca: f maps 16@10x10
C1: feature maps 24 1. maps 16@5x5

INPUT
GE2 B8
d2x32 S2:1. maps C5: layer

B@14x14 LAY Fi: layer ?HTF‘UT

Fullcmrlecﬁﬂn ‘ Gaussian connections
Convolutions Subsampling Corvaolutions  Subsampling Full connection

RESEARCH

€ 1 Ml il

TAFMEa R 2L |8

e r 2R :Egﬂr -f-r-;;- 3

W

Yann LeCun

http://yann.lecun.com/exdb/lenet/

http://vision.stanford.edu/cs598 spring07/papers/Lecun98.pdf


http://yann.lecun.com/exdb/lenet/

IMAGENET
ImageNet Challenge (2010-2017)

* ImageNet Large Scale Visual Recognition Challenge
1000 categories

Training: 1,200,000

Validation: 50,000

(¢]

(¢]

(¢]

(¢]

http://vision.stanford.edu/Datasets/collage s.png

http://image-net.org/challenges/LSVRC/


http://vision.stanford.edu/Datasets/collage_s.png

IMAGENET
ImageNet Challenge (2010-2017)

30%

25%
&
=
£  20%
8
E
@
(‘é, 15%
L]
E
£
£ 10% -
(v
E Human Performance Zone
L

5% —

%
NEC-UIUC XRCE AlexNet ZFNet GoogLeNet ResNet SENet

(2010) (2011) (2012) (2013) (2014) (2015) (2017)

Neural Network Architecture

https://chtseng.wordpress.com/2017/11/20/ilsvrc-F& & HY 55 & B 3 fE Al




IMAGENET
AlexNet (2012)

* The resurgence of Deep Learning
° RelLU, dropout, image augmentation, max pooling

_________
T

13 dense dense
1000
192 192 128 Max L
Max — Max pooling 20%% 2048

pooling pooling

A4 <1 I
Alex Krizhevsky Geoffrey Hinton

http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf



VGGNet (2014)

IMJAGENET

ConvNet Configuration
A A-LRN B C D E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB imag}) D: VGG16
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 | conv3-64 | conv3-64 | conv3-64 E: VGG19
maxpool .
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 A” fl |te rsS are 3X3
conv3-128 | conv3-128 | conv3-128 | conv3-128
maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv1l-256 | conv3-256 | conv3-256
conv3-256
maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max

https://arxiv.org/abs/1409.1556



IMSAGENET
VGGNet

* More layers & smaller filters (3x3) is better

* More non-linearity, fewer parameters

One 5x5 filter \ // Two 3x3 filters
* Parameters: * Parameters:
5x5 =25 3x3x2 =18
 Non-linear:1 * Non-linear:2




IMAGENET
VGG 19

maxpool | maxpool |  maxpool | maxpool

, maxpool . depth=256 depth=512 depth=512 Si2e=l4096
depth=64 depth=128 3x3 conv 3x3 conv 3x3 conv FC1
3x3conv  3x3conv  conv3_l conv4_1 convs_1 FC2
convl. 1 conv2 1 conv3_2  conv4_2 convs_2 size=1000
convl 2 conv2_2  conv3_3 conv4_3 convs_3 softmax

conv3 4 conv4 4 conv5_4




IMAGENET
GoogleNet (2014)

* Paper:
http://www.cs.unc.edu/~wliu/papers/GooglLeNet.pdf

22 layers deep network

1 4
i
' Big iy,
2| & i Egﬂﬂﬁﬂﬁﬁﬂgggﬁggﬂggﬂli%
aﬂﬁﬂﬁﬁﬂﬁéélggﬂﬁggﬁgg EE EE EE,,@;
BE[BE BE pg..y. %C -
] onvoiution
Inception Pooling
Module er
_Other

http://www.cs.unc.edu/~wliu/papers/GooglLeNet.pdf


http://www.cs.unc.edu/~wliu/papers/GoogLeNet.pdf

IMAGENET
Inception Module

° Bestsize?
o 3x3? 5x57

* Use them all, and combine

Filter
concatenation

[

1x1 convolutions Ix3 convolutions ox5 convolutions

3x3 max pooling

S

I 1

Previous layer




IMAGENET
Inception Module

1x1 convoluti

</3X/3convolutio - \
N\
\

N \
/
X5 convolutio
Previous Filter
layer Concatenate

3X3 max-pooling



IMAGENET
Inception Module with Dimension Reduction

* Use 1x1 filters to reduce dimension

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions 4 4 4
1x1 convolutions 1x1 convolutions 3x3 max pooling

Previous layer




IMAGENET
Inception Module with Dimension Reduction

Input size Output size
1x1x256 1x1x128
256 — . —— 128
7 - -
1x1 convolution
(1x1x256x128)
Previous Reduced
layer dimension



IMJAGENET

ResNet (2015)

Residual Networks with 152 layers

BZT "AUOD EXE

L}

BZT "AUOD EXE

BZT "AUOD EXE

A

BZT "AUOD EXE

|||||||
e

— 87T ‘AUDD EXE

A X

| z/'8zZ1 ‘nuod gxg

-
-
L.

lllllll

0 ‘NUDD EXE

A

0 ‘NUDD EXE

e el e e e A e e e B Y e D

z/“ood
A

| 2/ 'v9 "huod pxs

adewn

TTS ‘AUl EXE

T/ TTS ‘MUDD EXE

https://arxiv.org/abs/1512.03385



IMSAGENET
ResNet

* Residual learning: a building block

Residual weight layer
function (X) yrelu X
weight layer identity




IMAGENET
Residual Learning with Dimension Reduction

* using 1x1 filters

256-d

1x1, 64
l relu

3x3, 64
l relu

1x1, 256

: relu




Open Images Extended - Crowdsourced

Subset ~ Category: Random category Options ~

https://ai.google/tools/datasets/open-images-extended-
crowdsourced/?fbclid=IwAR1K8mvT68I6JH8Ff8MtBmMIAEQJpYX3d_VFiChzKeSECATng4yV1xdANGTg




Pretrained Model Download

 http://www.vlfeat.org/matconvnet/pretrained/
o Alexnet:

o http://www.vifeat.org/matconvnet/models/imagenet-matconvnet-alex.mat
> VGG19:
o http://www.vifeat.org/matconvnet/models/imagenet-vgg-verydeep-19.mat

o GooglLeNet:

o http://www.vifeat.org/matconvnet/models/imagenet-googlenet-dag.mat
o ResNet

o http://www.vifeat.org/matconvnet/models/imagenet-resnet-152-dag.mat



http://www.vlfeat.org/matconvnet/pretrained/
http://www.vlfeat.org/matconvnet/models/imagenet-matconvnet-alex.mat
http://www.vlfeat.org/matconvnet/models/imagenet-vgg-verydeep-19.mat
http://www.vlfeat.org/matconvnet/models/imagenet-googlenet-dag.mat
http://www.vlfeat.org/matconvnet/models/imagenet-resnet-152-dag.mat

Using Pretrained Model

* Lower layers : edge, blob, texture (more general)

Higher layers : object part (more specific)

55
27
\ 13 13 13

N
1 -+
‘Q:\\ 5 —\—‘/—- sN =] E/ N B S, sl
IN || X ~ T =0 |13 A - i 13 3& — % 13 dense dense

384 384 256 100C

256 Max 4096 4096
Max Max pooling
Stride pooling pooling
224 96
of 4
3
LT 2 Numerical Data-driven -
« J oy =
¢ =
g o
‘1‘ =
J @
— e
: g
’
Lz R = 3
@ v
g
(e}

Conv 1: Edge+Blob Conv 3: Texture Conv 5: Object Parts Fc8: Object Classes

http://vision03.csail.mit.edu/cnn art/data/single layer.png



http://vision03.csail.mit.edu/cnn_art/data/single_layer.png

Transfer Learning

The pretrained model is * |If your data is similar to
trained on ImageNet the ImageNet data
o Fix all CNN Layers

° Train FC layer

FC layer FC layer

Conv layer > Conv layer

[
»

.
>

Conv layer > Conv layer

i

Your

ImageNet data

data




Transfer Learning

The pretrained model is * |If your data is far different
trained on ImageNet from the ImageNet data

o Fix lower CNN Layers

o Train higher CNN and FC layers

FC layer

FC layer

| Fclyer
| Conviayer
I
R
__ Convlayer
0

Conv layer

Conv layer

[
L

Conv layer > Conv layer

Your

ImageNet
data

data




Transfer Learning Example

daisy dandelion  roses tulips  sunflowers
634 899 642 800 700
photos photos photos photos photos

http://download.tensorflow.org/example images/flower photos.tgz

https://www.tensorflow.org/versions/r0.11/how_tos/style guide.html


http://download.tensorflow.org/example_images/flower_photos.tgz

Outline

* Visualizing the Features




Visualizing CNN

55
27

N 13 13 13
1 L i
N R el 3 = e
N 5 —_—— = -~ _ ""j" - q
: - - 7 i T =8 |13 g: = 7] 13 3 - % h3 dense
224 5 -5 N T AL~
55 384 384 256
256 Max
Max Max pooling
Stride\| o | Po°ling pooling
224
of 4
3
Numerical Data-driven

Conv 1: Edge+Blob

Conv 3: Texture

Conv 5: Object Parts

cock

ship

4096 4096

dense|

100(

Fe8: Object Classes

91qe) Suruuip

21018 A190013

http://vision03.csail.mit.edu/cnn_art/data/single_layer.png



Visualizing CNN

filter
flower
CNN response
8=
random filter
no1se response

.




Gradient Ascent

* Magnify the filter response

lower higher
score score

random filter
noise. X response: f

2,]

score: F' = E Jii
Y
]




Gradient Ascent

* Magnify the filter response

lower higher
score score

random filter
noise. X response: f

2,]

OF
X < X n@x
T

update X

learning rate X
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Different Layers of Visualization
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Multiscale Image Generation
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Deep Dream

* Given a photo, machine adds what it sees ......

http://deepdreamgenerator.com/



Outline

* CNN as Artist




The Mechanism of Painting

Artist Brain

Computer Neural Networks

https://arxiv.org/abs/1508.06576



Content Generation

Content : . Neural
Stimulation

&b

Minimize
the
difference
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Draw




Content Generation

Content Width*Height  Filter
VEELo —— Responses
=N | [EREN.

Minimize
the
difference

yidaq

Canvas

-

Update the
color of
the pixels




Content Generation
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Style Generation

Artwork VGG19  Filter Responses Gram Matrix

-¢iﬂga¢ [
-$iﬂga$ ﬂ}§¢¢

yidag

Depth
Width*Height
Position- Position-

dependent independent




Style Generation

Filter Gram
Style  VGG19 Responses Matrix

Canvas dlfference

. $l|ﬂﬁﬂ$ ﬁ¢.$F
. < Update the color of

Result the pixels




Style Generation
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Artwork Generation
VGG19 Filter Responses

$||ﬂaa ¢>H """"""" e

Gram Matrix
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Artwork Generation
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Content v.s. Style
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Neural Doodle

* Image analogy

https://arxiv.org/abs/1603.01768



Neural Doodle

* Image analogy

RMniEss - BA
https://raw.githubusercontent.com/awentzonline/
image-analogies/master/examples/images/trump-
image-analogy.ipg



https://raw.githubusercontent.com/awentzonline/image-analogies/master/examples/images/trump-image-analogy.jpg

Real-time Texture Synthesis

Input MDANs MGANSs Pixel VAE Neural VAE
examples decoding decoding decoding

https://arxiv.org/pdf/1604.04382v1.pdf



Outline

* More Applications




More Application: Playing Go

record of

Training:  previous plays ™ SZh—=BIATL >R A5

Target:

ll?iﬁ” — 1
else=0

Target:
uﬂz 5)) — 1

else=0




Why CNN for Go?

* Some patterns are much smaller than the whole image

* The same patterns appear in different regions.
AlphaGo uses 5 x 5 for first layer




Why CNN for Go?

* Subsampling the pixels will not change the object

‘ VEYQLeTelllif-l How to explain this???

Neural network architecture. The input to the policy network isa 19 X 19 x 48
image stack consisting of 48 feature planes. The first hidden layer zero pads the
inputintoa 23 x 23 image, then convolves k filters of kernel size 5 % 5 with stride

1 with the input image and applies a rectifier nonlinearity. Each of the subsequent

hidden lavers 2 to 12 zero pads the respective previous hidden laver into a 21 x 21
image, then convolves k filters of Kernel size 3 x 3 with stride 1, again followed

by a rectifier nonlmearlty The final layer convolves 1 filter of kernel size 1 x 1

with stridg - — nax func-
tion. The Alpha Go does not use Max Poolmg ...... <tended

Data Table 3 additionally show the results of training with 28, 256 and
384 filters.




More Applications: Sentence Encoding

The cat sat on the red mat The cat sat on the red mat

https://arxiv.org/abs/1404.2188



Ambiguity in Natural Language

http://3rd.mafengwo.cn/travels/info_wei  http://www.appledaily.com.tw/realtimen
bo.php?id=2861280 ews/article/new/20151006/705309/



http://3rd.mafengwo.cn/travels/info_weibo.php?id=2861280
http://www.appledaily.com.tw/realtimenews/article/new/20151006/705309/

Element-wise 1D Operations on Word Vectors

* 1D Convolution or 1D Pooling

[IIR [IIR Represented

> operation operation

This B a

This IS d




CNN Model

Different




CNN with Max-Pooling Layers

e Similar to syntax tree

* But human-labeled syntax tree is not needed

Max
Pooling

.

This is a dog This i dog




Sentiment Analysis by CNN

* Use softmax layer to classify the sentiments

positive negative
] <

softmax

softmax
(XX

conv2

| pooll W =

Ezm Emm

This  movie IS awesome This movie is  awful




Sentiment Analysis by CNN

* Build the “correct syntax tree” by training

ne ve

Backward
propagation

This  movie IS awesome




Sentiment Analysis by CNN

* Build the “correct syntax tree” by training

ne“ve

positive
m

softmax

Update
the weights [©COOn

>L4L

This  movie IS awesome This movie IS awesome




Multiple Filters

* Richer features than RNN




Resizing Sentence

* Image can be easily resized * Sentence can’t be easily resized

FTaEEeEEaILMm

! ‘ resize

TREESNGERESIT

. I



Various Input Size

* Convolutional layers and pooling layers
o can handle input with various size

This is a dog




Various Input Size

* Fully-connected layer and softmax layer
> need fixed-size input

softmax softmax




k-max Pooling

* choose the k-max values
* preserve the order of input values

* variable-size input, fixed-size output

pooling

NSNS




Wide Convolution

* Ensures that all weights reach the entire sentence

conv

Narrow convolution Wide convolution




Dynamic k-max Pooling

Wide convolution &
Dynamic k-max pooling

o N

The cat sat on the red mat The cat sat on the red mat




CNN for Sentence Classification

* Pretrained by word2vec

 Static & non-static channels
o Static: fix the values during training
> Non-Static: update the values during training

wait ™o,
S L
o LI e s
e S =B i - —_ ...........................................................
and I P B %
do t LIt~ Lo TR
i e S M1 A
rent _ ...................................................... =
it B
I J I | I I |
nx k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

http://www.aclweb.org/anthology/D14-1181



Concluding Remarks

Input
Image

>

-

Convolutional

Input
Layer

Layer

Fully-Connected

Convolutional
Pooling Layer
Layer

Pooling
Layer

A

Layer

Softmax

Layer
Y




