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Example structures of neural networks
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A bio-inspired approach

synapse




Terminology in neural networks

How many layers it has?

\Zw) Y
Input Hidden Output
layer Layers Layer



One layer neural network (perceptron): architecture

d Simplest form of a neural network used for a linear classification.

output
y==+1

O

S =W, X, + W, X, +W,X,

»
»

Panda or Dog

0¥
W, X, + W, X, + WyX, >0 7

W, X, + W, X, + WX, =0

L WX, + WX + WX, <0



One layer neural network (perceptron): architecture

O It uses a step function as an activation function: Yes/No question.
[ The step function is discontinuous: any problem?

(5) +1 If s>6
S)=
° —1 otherwise

o(s)
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One layer neural network (perceptron): architecture

O It uses a step function as an activation function: Yes/No question.
[ The step function is discontinuous: any problem?

+1 1If s>6

—1 otherwise
Identity / f(z)==z= Ti(z)="1
e

] f(z)z{o forz <0 f’(z):{o forz #0

1 forz>0 ? forz=0

o(S) =

o (S ) Binary step

Logistic (a.k.a.

3 K 1

S | - i i / — — I” ! — -—
1 F 7 : Sigmoid or Soft f(z) = o(z) = f(z) = f(z)(1 - f(z))

i I ] step)
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i | ] = =
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! | ]
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One layer neural network (perceptron): how to update parameters?

d Assuming that a data point X (x1, x2) has a label (-1 : dog)

d Assuming that it is misclassified to be (+1 : panda)

d Weights should be updated.

Input
data :
weight
®\ W, ] Output (panda)
\ R _ 1
S y=+
@i Wy -G () " Label (dog)
/ y= -1
Wo
kot
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W(new) _ W(old) ‘|‘)/' yn ) Xn
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One layer neural network (perceptron): parameter update

6 Threshold value

Input SERRRARSS e r --------- AAaaazass
data weight +1 [ o
W2 output Label ]
y=+1 -1 e
m — s|gn() ;‘
S 1]
W2 X2 _I_ Wlxl + WO XO .................. . S .........

W(new) _ W(old) +7/' yn X

O In the example above, the sum “S” needs to be reduced

then how to change the weight values: W, and W,?
=  W,: make it smaller
=  W,: make it bigger
11




One layer neural network (perceptron): parameter update

6 Threshold value

weight +1

W2 output Label

3
5 @—Wl m—y—fl y=-1 ffffffffffffff
/

A Sign() ;‘
0 N
W2 X2 _I_ Wlxl + WO XO FTTETEEEY TEETETETY I ....... A ITENETETE

W(new) _ W(old) 4 y - yn . X

Wénew) _ WéOId) +y- (_1) . (X2 _ 5)
Wl(new) _ Wl(old) +y- (_1) . (Xl _ _5)

W(gnew) _ WéOId) +y- (_1) ] (Xo _ 1)
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One layer neural network (perceptron): parameter update

13

weight +1 _
Wol | output  Labe ]
S )7 =-1 y = +1 foo e ”””””””””””””””””””””
W Sign() -' .
1
s —

W(new) _ W(old) +7/' yn 'Xn

wy ™ = wy? 4+ (+1) - (x, =5)
W™ =W +y- (+1) - (x, =-5)
W(gnew) _ WéOId) +y- (_1) ] (Xo _ 1)
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One layer neural network (perceptron): algorithm procedure

1) Random initialization of parameters
random ~w={w, w, w,, ..., w,}

2) Searching misclassified data points using the decision boundary (y,)
Y= WoXoHW X HFWoXo+ . L .+ W Xy

2-1) Updating the parameters using the misclassified data points

y(new)= W(old)+y y X X,

2-2) Go to step 2) + + o+
+
a +
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One layer neural network (perceptron): example

15

@ >

N\

WXy +W; X1 +W5X,=0

(@]

X=X

(d Current decision boundary is
determined with w=(0, -1, +1)

 Data point x. (1, 2, 3) is misclassified
1 Learning rate: y=0.1
d Let’s update the parameter

w=(0, -1, +1) X.=(1, 2, 3)
W(new) _ W(old) + y- y X
=(0,-1+1) + (0.1)(-1)(1,2,3)

=(=0.1, -1.2, 0.7)



One layer neural network (perceptron): example

Wk +W; X, +WX,=0 1 Current decision boundary is

Oxg-1 X, +1 %,=0 determined with w=(0, -1, +1)
 Data point x. (1, 2, 3) is misclassified
7%, - 12%,-1=0 O Learning rate: y=0.1
X5 4 d Let’s update the parameter

/
/
/

,/ C X2= Xl

A
3 @ /X w=(0, -1, +1) x.=(1, 2, 3)
_ Id
+ // W(neW) - W(O )+7/' Yo X,
/ = (0,~1,+1) + (0.1)(-1)(1,2,3)
|

B
. X ~(-0.1, -12, 0.7)
0 1 2 3 X O New decision boundary is
1
7%, - 12x,-1=0
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One layer neural network (perceptron): convergence theorem

 The perceptron algorithm is guaranteed to find an exact solution within a finite
number of iteration if given data set is linearly separable.
- Slow convergence: cannot tell its feasibility until it’s convergence
- Does not converge if there is not any solution

- Many solutions exist: converge to one depending on an initial and the order of data feeding

17



A neural network model

(D)
Wi
m
=\
\\\ \‘n a
@\\ \ output
. AN
: N
N\ - 5 frog
RNCAN .
‘2N -1 bird
&
1 dog
5 cat

(1) (1) (1) (2) (2) (2)
Wi X +Wo i Xo + W Xo| [Wig 2y +Wo 2y +WopZg
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A neural network model

(D
Wi’j

.
o a

@ output Sigmoid
\ g -5 | frog 0.00669
K 1| bird 0.26894

.E /’ \\\
H 1 | dog 0.73106
Xi} 5 cat 0.99331
1

O-l (a) = -a

1+e

M 1) M) 2) (2) (2)
Wl,l Xl + W2,1X2 + W0,1XO W1,1 Zl + W2,1 Z2 + W0,1 ZO
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A neural network model

wh
1,]

-,
o a
@ output Sigmoid Normalization
\ g 5 |frog 0.00669 0.00334
X\ 1 |bird | 0.26894 0.13447
.E ’/’5 \\\
L 1 dog 0.73106 0.36553
X, 5 |cat 0.99331 0.49666
1
O-l(a): —a
1+e

M 1) M) 2) (2) (2)
Wl,l Xl + W2,1X2 + W0,1XO W1,1 Zl + W2,1 Z2 + W0,1 ZO
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A neural network model: softmax vs normalization

M 1) M)
Wl,l Xl + W2,1 X2 + WO,l XO

2) (2) (2)
Wl,l Zl + W2,1 Z2 + W0,1 ZO

21

Sigmoid Normalization Softmax
-5 frog 0.00669 0.00334 0.00004
-1 bird 0.26894 0.13447 0.00243
1 dog 0.73106 0.36553 0.01794
5 cat 0.99331 0.49666 0.97959
(a) 1 e”
o\d)=—— o (a.): :
1 1+e? 2\7] Zi o




A neural network model: cross entropy with softmax

M 1) M)
Wl,l Xl + W2,1 X2 + WO,l XO

2) (2) (2)
Wl,l Zl + W2,1 Z2 + W0,1 ZO

22

Sigmoid Normalization Softmax
-5 frog 0.00669 0.00334 0.00004
-1 bird 0.26894 0.13447 0.00243
1 dog 0.73106 0.36553 0.01794
5 cat 0.99331 0.49666 0.97959
t
Label
0
H(y)=-) t;log(y;) =0.020621
0 i
1




Operation with a toy example of backpropagation



Overview of the operation

Input data (X) Label (t)

5
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Overview of the operation

forwarding

Input data (X) output data (Y) Label (t)

J P
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Overview of the operation

forwarding

Input data (X) output data (Y) Label (t)
\ J
Y
Error (E)
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Overview of the operation

forwarding

Input data (X) output data (Y) Label (t)
\ J
Y
Error (E)

backwarding
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Backpropagation: a toy example

» =3
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Backpropagation: a toy example
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Backpropagation: a toy example

O
5
b 3
f=g+D

g = WX
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Backpropagation: a toy example

W -2
C\g -10 of of og
i S f OW o0g ow
-7
ol
b 3 When “w” is changed by 1 unit, it will change
the value of “f” by 5 unit.
f=g+Db
g = WX

31



Backpropagation: a toy example

g
C)D 10 ﬂzﬁf 8g:X:5
y 5 f OW 0g ow
O of
3 —=1
b ob
f=g+Db

g = WX
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Backpropagation: a toy example

W -2
9 .10 of of o
i S f OW o0g ow
-7 f=3
© o
. S dq
b Error=10 ob
f — g+ b [ Assuming that the value of f should be “3”.
1 How to update variables which you are interested?
g = WX of B of
Wnew :Wold +77$ bnew - bold +77%
W, =—-2+0.1x5=-1.5 b., =3+0.1x1=31
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Backpropagation: a toy example

W 1.5
9 s of of O
i S f OW o0g ow
-4.4 f=3
® o
3.1 —=1
b | Error=7.4 ob
f — g+ b [ Assuming that the value of f should be “3”.
1 How to update variables which you are interested?
g = WX of B of
Wnew :Wold + na bnew - bold +77%
W, =—-2+0.1x5=-1.5 b., =3+0.1x1=31
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Convolutional Neural Networks (CNN)



History of CNN

(J Hubel and Wiesel in 1962

A Experimental setup B Stimulus Stimulus
presented

Light bar stimulus
projcied on screen

Recording from visual conex

. NNSEEEEn §

eye ; /l

36 https://www.youtube.com/watch?v=v20-E_2bT2c



History of CNN

37 https://www.youtube.com/watch?v=I0Hayh06LJ4



History of CNN — 1995

O LeCun et al, “Convolutional Networks for Images, Speech, and Time-Series”
- http://yann.lecun.com/exdb/publis/pdf/lecun-bengio-95a.pdf

C3: f. maps 16@10x10

C1: feature maps
6@28x28

INPUT
32x32

S2: f. maps
6@14x14 r

Subsampling

Convolutions

38

S4: f. maps 16@5x5

0%

Convolutions

CS5: layer rg.|a OUTPUT
: layer
120 84 10

dr

Lecun Yann
Director of Al Research, Facebook

| FuIIconAection ‘ Gaussian connections

Subsampling Full connection %
= Lol LENE:S RESEARCH

answer: 0

B3 ASS: iyt

TAreEe .

Al 1

e

g
k

J
0
5

http://yann.lecun.com/



History of CNN — 2012

O Alex Krizhevsky et al, “ImageNet Classification with Deep Convolutional Neural Networks” (2012)
- Win the imageNet competition: annual Olympics of computer vision with astounding results compared to
previously existing approaches (26% to 15%).

Revolution of Depth 2.2
| 152 layers o
| ‘\ | . ek ¥
\ F'a- “ - 1 HI i‘J |.h _ " ; \
\\ 16.4 . . m e I ";(." Bl=T " -' im ,::'-!f-s-:-
] 22 layers H 19 Iavers ‘ _!:' i1 w8 & [..-.: o ﬂ
. Wi ETE IM:_:;W L
papd g

ILSVRC'15 ILSVRC'14  ILSVRC'14  ILSVRC'13 = ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

39 https://medium.com/@Lidinwise/the-revolution-of-depth-facf174924f5



Why Convolutional Neural Networks (CNN)?

 Invariance to rotation, transformation, size, etc.

Ol 223456782
O\V\dIFZVNs5 67?99
O/ AIHLGTEC7RYG
0/ 3398 b7 849
Ol 2245667 &§¢

 Three architectural ideas of CNN
1. Local receptive fields
2. Weight sharing
3. Spatial or temporal subsampling

40



An idea of CNN

O A node takes responsibility for a portion of input data.

O OOO0O0O OO
OO OO0

O OO0OO00O OO0
OO OO

Fully Connected Layer Convolution Layer

41



An idea of CNN

O A node takes responsibility for a portion of input data.

OO O
OO OO

9000000
ONOIOX X N X _

Fully Connected Layer Convolution Layer
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An idea of CNN

O A node takes responsibility for a portion of input data.

O O
OO OO

9000000
ONOX J X X JO

Fully Connected Layer Convolution Layer
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An idea of CNN

O A node takes responsibility for a portion of input data.

OO OO

9000000
C 0000 OO

Fully Connected Layer Convolution Layer
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An idea of CNN

O A node takes responsibility for a portion of input data.

OO OO

O0000 0600
0000 OO

Fully Connected Layer Convolution Layer
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An idea of CNN

O A node takes responsibility for a portion of input data.

OO OO

O0000 0600
0000 OO

Fully connected Layer Convolutional Layer

- 4x7 =28 weights - 4 weights
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An idea of CNN

O A node takes responsibility for a portion of input data.

O0000 0600
Q0O OO OO

Fully connected Layer Convolutional Layer

- 4x7 =28 weights - 3 weights
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2-D representation vs 1-D representation

Depth (channel)

48



2-D representation vs 1-D representation

O OO0OO00O OO0
OO OO

Depth (channel)
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2-D representation vs 1-D representation

Height

ONOIOX X N X _
OO OO

Depth (channel)
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2-D representation vs 1-D representation

ONOX J X X J©
OO OO

Depth (channel)
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2-D representation vs 1-D representation

52

Depth (channel)

C 0000 OO

OO

O



2-D representation vs 1-D representation

OO OO

OROIOX J N X

Depth (channel)
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2-D representation of CNN: How does it work?

Depth (channel)
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2-D representation of CNN: How does it work?

Depth (channel)
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2-D representation of CNN: How does it work?

Depth (channel)

N
Vv

56 Convolution layer



2-D representation of CNN: How does it work?

Depth (channel)

N
Vv

57 Convolution layer



2-D representation of CNN: How does it work?

Depth (channel)

N
Vv
N
Vv

58 Convolution layer Pooling layer



2-D representation of CNN: How does it work?

Depth (channel)

N
Vv
N
Vv

59 Convolution layer Pooling layer



2-D representation of CNN: How does it work?

Depth (channel)

Vv

Convolution layer

pd

N

N

Vv

Pooling layer

~

7z

A

Fully connected layer



Convolution Layer



Convolutional Layer

gy
5
24 3
<>
3
Input layer Filters Activation maps
Kernels Feature maps
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Convolutional Layer

24
gy
5
slide=1
24 3
<>
3

Input layer Filters Activation maps

Kernels Feature maps
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Convolutional Layer

1 24
gy
5
slide=1
24 3
<>
3

Input layer Filters Activation maps

Kernels Feature maps
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Convolutional Layer

1 24
gy
5
slide=1
24 3
<>
3

Input layer Filters Activation maps

Kernels Feature maps
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Convolutional Layer

sy
5
24 3
<>
3
Input layer Filters Activation maps
Kernels Feature maps e I
activation = —>+1
map stride
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Convolutional Layer

5 24
stride 1
24 1|
gy
5
_____________ N
24 3
F
F stride 2
| N
<>
3
Input layer Filters Activation maps
Kernels Feature maps Slhize (N-F)
activation = —=+1
map stride
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Convolutional Layer

5

24
gy
5
24 3
<>
3
Input layer Filters
Kernels

68

Activation maps
Feature maps

24

stride 1

N
F
N
Size of .
activation = = - F) +1
map stride

Activation map
(5 x 5 matrix)

stride 2

Activation map
(3 x 3 matrix)



Convolutional Layer

69

Hyper parameters | Symbols

Number of filters
Size of the filter
Stride

Padding

K

F
S
P

N
- ==

—————————
N

« L4
----------------------------

Number of filters: K




Convolutional Layer

Hyper parameters | Symbols

Number of filters K
Size of the filter F
Stride S
Padding P

=  Padding: P=1

= Stride: S=1

= Qactivation map becomes
is 7 x 7 matrix

OfJoOojojojojojojojpo

Ojojojojojojojojo

= Padding aims to maintain the original
dimension of the original data.

70

\’

- —— -

« L4
----------------------------

Number of filters: K

N o




Convolutional Layer

Hyper parameters | Symbols

Number of filters K
Size of the filter F
Stride S
Padding P N o
0 olojojo]o o N o
0 0 N I IR (e B L P T e PR E LR R
= Padding: P=1 N _ .
0 o] = Stride: 5=1 Number of filters: K
0 o] = activation map becomes K
0 0 is 7 x 7 matrix
0 0
0 0
0 0
of of of of of of of of o (N —F+ 2P)
- N o= +1
B S
= Padding aims to maintain the original D

dimension of the original data.

71



Pooling Layer



2-D representation of CNN: How does it work?

Depth

N
7

v \4 v v

73 Convolution layer Pooling layer Full connection layer

N
\%



Pooling Layer

O This layer aims to reduce the dimension of each activation map.
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Pooling Layer

O This layer aims to reduce the dimension of each activation map.

= 2x2 filters
= No overlapped
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Pooling Layer

O This layer aims to reduce the dimension of each activation map.

Max pooling

= 2x2 filters
= No overlapped
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Pooling Layer

O This layer aims to reduce the dimension of each activation map.

Max pooling Average pooling

= 2x2 filters
= No overlapped

77



Fully Connected Layer



2-D representation of CNN: How does it work?

Depth

& N
N 7

v v v v

79 Convolution layer Pooling layer Full connection layer

N
Vv




Fully Connected Layer

Max pooling

Fully Connected Layer
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Summary



24

24

Convolution layer

N
Vv




24

24

Convolution layer Pooling layer

Vv

N
Vv
N
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24

24

f / AN j dog

ale — /
7]8 — \e

Convolution layer Pooling layer Full connection layer

& N
~ 7

N
Vv

N
Vv
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Image Style Transfer Using Convolutional Neural Networks



Style Transfer

d Image Style Transfer Using Convolutional Neural Networks
" https://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Gatys_Image_Style Transfer CVPR_2016_paper.pdf

(d CNN is used to extract the style that a photo has and combine the style with the

86

other photos.
d A pre-trained model

=  Runner-up of 2014 ImageNet Challenge competition

=  http://www.vlfeat.org/matconvnet/pretrained/

depth=64 depth=128

3x3 conv
convl_1
convl_2

T maxpool |

3x3 conv
conv2_1
conv2_2

3x3 conv
conv3_1
conv3_2
conv3_3
conv3_4

jgﬁg == ]ﬂ

maxpool { maxpool | maxpool | maxpool

depth=256 depth=512

3x3 conv
conv4_1
conv4_2
conv4_3
convd 4

depth=512  gjze=4096
3x3 conv FC1
conv5_1 FC2
convs_2 size=1000
convs_3 softmax
conv5_4



Style Transfer examples

Original
image

87



How does it work?

Yes, we can do it with CNN

Filter

Features

S

Can we reproduce the original image
from the features collected?

88



How does it work?

Feature (A)

O Given the random input, aim to evolve(?) the
random input in a way that the features (A)
and (B) become close (?).

= |f the feature (A) is good (representing the CAT well),
any feature close to the feature (A) should be able to
produce an image that is similar to the CAT image.

Feature (B)  The CNN is already trained one and so we
— expect that the feature well represents the
input image.

Filter

random
input

89



Implementation



Visualization of features

VGG19 W x H 512

relu5_1 [ lconv5_3, = ]

Y
W
~
ﬁ
512
w1,
512
= o

512
SN |
relud_1 1 = °°"V4—3;§ = 4 Foz
[ - IGram matrllx |
- 4 - — — — —> J—
relu3_1 Lt conV3_::2 i T GIJ — E Flk ij
k

64
el
relul 1 : F--comvi_ 2-—————— - ] l_’
Frosr

maps
N -
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Visualization of features

VGG19 W x H 512
F5
1
T T 't ) N F —— O G5
relus 1 - -conv5_3, = ]| il ¥ | H LN 2 LN ij
_ s 22 ]
512
1:".‘21
relud 1 P °°"V4-f;§ = 4 s
Gram matrix
v | | |
e it I R L = .
relu3_1 =Z2eom8I2 === 2 | GIJ Z Flk ij
k

Why Gram matrix?
o - Capturing correlation among features in the feature map.
relul 1 : }. POV e e 1 I ? . .
- = - Strong correlation -> High value.

-

maps
- -
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Visualization of features

| l—_]
1 > ‘5 = =
relus 1 :ioonv5_3;I 1 > |A ::convs_S;- :
_ L 3§22
w
5121 L 0

relud_1 = °°"V4-f;§ =¥ H
12

. 4 - - — -
relu3_1 SEoREE s = 2

64
el
relul 1 : F--comvi_ 2-—————— - ] I_’
Frosr

maps
N -
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Visualization of features

Tt
o
Y
=
~
&
[~
A
h:j
[
8
-
<
()]
w
[ONFS
[N

# feature

maps
N -

descent

)

relu5_1 mffoonvs_:gg 1] e
LT
512
o - L F L PL [
o i- — | ——— — —_—> B E— e = conv4_1
relu4_1 S g - tFL 1 J -~ - conva_s, = = J
1%‘6' 5 < [ J
relu3_1 =ECio0Nag 5= 2 | 2 .
1281 0 ﬁ T
relu2_1 il EE T e ——— ||—> lw" | |J
{ i
lul_1 ! ﬁ—» < i IJ
2
relul_ F--cowvi_2-———————— [ L

Gradient T
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Visualization of features

VGG19 E = Z(GL _ AL)2
relus_1 ‘f‘uflfconvs_z:;z 1 > AL G* ;______.—r-"" L | EC _ Z(F L PL)Z EfconvS_:ZE |

gl = ' . L L <—.I_. = _I
relud_1 pE °°"V4-f;§ = 1 L pL-1 J — F P = com,4_3; == conv4_1
1?5“1 < [ ﬁ T J I—content EC
- f - ——> -
relu3_1 =ECio0Nag 5= 2 | e

relul 1 W}.I_ convi 12 __________ I

A
g

L Gradient
# foatun

descent

- N ZWTJ -

I—total = aLcontent + ﬁ I—style = ZWI Es + E
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Visualization of features
VGG19 E, zz(GL_AL)Z

relu5_1 E = AL GH = FL | L L\ ::convs_s;::|
_ B L -~ ECZZF ) [ 12= ]

8
3
<
o
w
N
1
Y

conv4_1

2 - L L I
relud_1 EEECO"V“-f;E = FL-1 J > P« a= :_I

i — S g
relu3_1 SEICoMQLeg == s 2 J

A
g

—7 [

Gradient

Lstyle — Z WI E L descent

This one is trained |-

Ltotal = aLcontent + ﬁ I—style = ZWI Es + Ec
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Visualization of features

97 Figure 1: Original image and the reconstructed versions from maxpool layer 1,2 and 3 of Alexnet generated using tf_cnnvis. *  https://github.com/InFoCusp/tf_cnnvis



Hand-on Experience



Colab: Style Transfer
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1)

2)

3)

4)

5)

0 Fello. Colaborstory - Cnlabnr

< c 0O

Go to the Colab
=  https://colab.research.google.com

-
-
I

-
-
I

-
Enter a GitHub URL&r eea‘mrfby—nrganizalion or user
-

& https://colab.research.google.com/notebooks/welcome.ipynb#recent=true

GITHUB

G ITH U B [ include private repos

Q

- https://github.com/suyongeum/PMLWS2018_WS2.git
- - Repository: [ Branch: [4
o ” . . o
Select “GITHUB” and copy the link below into - SongemPMLSIE W2 Y mese
-

Path

= https://github.com/suyongeum/PMLWS2018 WS3.git ~~

Q OCT 23 2018 _Feature_extraction.ipynb

» () ocr23z0spcaipynb

Select the notebook in the list
= Nov_6_2018 StyleTransfer.ipynb

) ocT_2a 2018 svMipyrb

Go to “Runtime” — “Change runtime type” N

& https://colab.research.google.com/github/suyongeum/PMLWS... ¢

EEmBs 0

EBOOK ~ CANCEL

= Python3
= GPU

=~ ©9eT.23 2018 PCA.pynb B

File Edit View Insert Runtime Tools Help

CODE TEXT + | Run all Ctrl+F9
HEPresenauon or MMNIS |1 aal Run before Cirl+F8
Run the focused cell Ctri+Enter

[1] from sklearn.datas¢

1t 1 1 . Run sel Ctrl+Shift+E
Save it into your gdrive e ey accosf  fumselecion CuleSniEntr
import matplotlib.g Run after Ctri+F10
our: V24 “" H H ” |
u FI |e = Save a CO py In Drlve “ee Interrupt execution Cirl+M |
© digits - losd digit )
data, label = digit Restart runtime . Cirl+M

print({data.shape) Restart and run all...

print(data[@], labe
print(data[1796], 1

Reset all runtimes

Change runtime type

e (1797, 64)

[e. . 5.13.
15. 2. 8. 11. Manage sessions
8. 9. 8. 8. ‘vv=rras B I ) o
8. ®. 8. 8. 6. 13. 18. 8. 8. @8.] @
[e. e.18.14. 8. 1 e. @. 8. 2. 1s6. 14. 6.
15. 15. 8. 15. 8. @8. @. @ 5. 16. 16. 18. 8.
15. 12. 8. ®©. @. 4. 16. 6. 4. 16. 6. 8. 8.
8. @. ©. 1. 8, 12. 14. 12 1. @.] 8

G2 SHARE °

+/ CONNECTED ~

data using the function; "load _digi-
module - actually we doj not need tl
function provided by numpy module
library to plot a graph |

IST data: each digit has 8 by 8 dim 3

he data into two parts: data - its .

shape of data
and its label
and its label

/" EDITING

-~



https://colab.research.google.com/
https://github.com/suyongeum/PMLWS2018_WS3.git

Practices

O GPUvs CPU
= Running time measurement

import datetime
before = datetime.datetime.now().timestamp()

J Hyper parameters
= Location of the layers

= Weight between content and style layers after = datetime.datetime.now().timestamp()
=  Weights of style layers print( “Time taken:”, after — before)
= Etc..

(J Using your photo or different style photo
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