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Introduction

Deep Learning
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Introduction

Application of Image Data to Deep Learning

<+ H2d2 0|0|X| Go|E 0 215
* ImageNet
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. Image Classification * Image Detection

Outputs: bbox
softmax regressor
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Style Transfer

What is Style Transfer?!

Original content image
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Jl Style Transfer

% Pre—-trained networks 7|22 “O|O0|X| &%
1. Image Style Transfer Using Convolutional Neural Networks
2. Generating an Eastern—Style Painting from a Photo based DNN
3. Deep Photo Transfer

< GANS 7|HIOZ ‘Style Transfer D' 2|1 &k&
1. Image—-to-Image Translation with Conditional Adversarial Networks (Pix2Pix)
2. Unpaired Image—-to—Image Translation using Cycle—Consistent Adversarial
Networks (Cycle GAN)
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Pre—trained Based Style Transfer

Image Style Transfer Using CNN

** Preliminaries

Texture Synthesis Using Convolutional Understanding Deep Image Representations
Neural Networks NIPS2015 by Inverting Them CVPR2015

Texture reconstruction : 2zt Ho| & MM Content reconstruction : ¥zl 0|0|X| Z|CHst 2

~852k parameters original

A

Gatys, Leon A., Alexander S. Ecker, and Matthias Bethge. "Image style transfer using convolutional neural networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

< Synthesized image 0| Pre—trained CNN AtE

total loss
|

f
style loss

[style features]

[style features]

pre-trained CNN

Input (white nO/)

Min(Total Loss)

Y
. & {2

Neural Style
Synthesized
Image

[content features]

)
content loss

!—‘—\

[content features]
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Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

total loss
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r 1

style loss content loss
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pre-trained CNN
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Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

total loss

|
r 1

style loss content loss

o e

pre-trained CNN

| | |
C4| ;| ¢34
Cs| Cs| Col
17 18 Ig C7 C8 C9—
Style Input (white noise) Content
Min(Total Loss)
04| 0,| 05
04 05| O¢
0, Og| 0o
Synthesized
Image
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Pre—trained Based Style Transfer

Image Style Transfer Using CNN

total loss

|
r 1

style loss content loss

o e

pre-trained CNN

| | |
C1| Ca| €3
C4| Cs| Co|-
I | Ig| I C7| Cg| Col
Style Input (white noise) Content

Min(Total Loss)

How can define

1. Pre—trained CNN
2. Style Feature, Content Feature
3. Loss function

Synthesized
Image
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Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

% Pre—trained CNN
« Large—datasets2 Sall APM &l&E CNN
ZMMO 2 H| W™ & S5 E SIS Z(Spatial Hierarchy) #&
ex ) ImageNet2 2 st&ot VGG-19

+ Small-datasets 2 A 855 CNNS AIRSH= ZI2 I1R S1HEQI FH2H

rio

+  M=22 BIO|El= CNN2| AR Sh50ll ALEE GIO|E{2} FARSHOF B

Featurc maps
4@24 x 24

s Feature maps r r
Featurc maps 1204 X 4 OouUTPUT

Featurc maps 1268 x 8 26@1 x 1
M

g

Subsampling Convolutions Subsampling  connected

Karen Simonyan and Andrew Zisserman, “Very Deep Convolutional Networks for Large—Scale Image Recog— nition,” arXiv (2014), https://arxiv.org/abs/1409.1556.
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Pre—trained Based Style Transfer

Image Style Transfer Using CNN

% Using Pre—trained CNN

* Feature Extraction
— Pre—trained CNN2| FC Layer Mgt F MZ2 H|0|E{0f| Cial FC Layer st&o6t0]

Feature Extraction =2 AF2 (New Classifier 24)

] fitting
VGG -19 Large Datasets

\4

VGG -19 ( FC Layer X|74) FC Layer

A\ 4

VGG -19 ( FC Layer H|#) fitting | Small Datasets ’

A

A 4

: New
Bottleneck Feature | FC Layer
Y_pred




Pre—trained Based Style Transfer

Image Style Transfer Using CNN

% Using Pre—trained CNN

* Fine—tuning
- FC Layer £2t CNN #Z& &5 2450 CtHollA 7S X[ OfAM|Z
- CNN FZ9| |0[0{S0] &2 Xt=0f| ZatEl SefA MEAteS II'E.'

fitting
VGG -1 <
6619 Large Datasets
VGG -19 VGG-19
(Weight 17 £7}5) Weight w3 7t | | C Laver
A 4 o
-1 P fitting
(Wt:i/gGht(iﬁ %?}—) b | Small Datasets
y
VGG -19 VGG-19 New
(Weight 3 27+5) (New Weight) FC Layer
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Pre—trained Based Style Transfer

Image Style Transfer Using CNN

< Pre-trained CNN using VGG-19’

« 3X3 &2 Convolutional Filter(Stride=1)2 ZA[(16-19 weight layers)74
* 16712| Convolutional Layer, 5712| pooling layer, 3712 fully connected layer 2 F+4

< Pre—trained {8t 7121 X{2|
« Max pooling CHAl Average pooling AF2

« FC Layer M| (Feature Extraction? SO Z AtE)

224x 224X 3 224x224x64

112 % 128

@ convolution+ReLU
max pooling
¢ ﬁ fully connected+ReLU

tﬁ softmax

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 image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

conv3-128

|

conv3-128

|

conv3-128 | conv3-128
conv3-128 | conv3-128

|

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
conv1-256

conv3-256
conv3-256
conv3-256

conv3-256
conv3-256
conv3-256
conv3-256

maxpool

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512 | conv3-512
conv3-512 | conv3-512
conv1-512

conv3-512
conv3-512
conv3-512

conv3-512
conv3-512
conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512

maxpool
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




Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

total loss

|
r !

style loss content loss

o e

pre-trained CNN

| | |
C4| ;| ¢34
Cs| Cs| Col
17 18 Ig C7 C8 C9—
Style Input (white noise) Content
Min(Total Loss)
04| 0,| 05
04 05| O¢
0, Og| 0o
Synthesized
Image
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Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

% Content : the higher—-level macrostructure of the image

% Convolution Layer
« Layer?} Z0{Z!+Z global and abstract(macrostructure) &

0}l
0
HL

Input Layerlst LayerZnd Layer3rd
(Pixels) (Edge) (Object Parts) (Objects)

% Content Feature : Representations of the upper Layers

Conv.
Layer

Content
Representations

p: content image [: layer F: feature maps
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Pre—trained Based Style Transfer

Image Style Transfer Using CNN

% Content Loss al mpH ol &
Z3| z,fH iz | is |
L g T.1) = 1 FI PE 2 FL. = Content Image 2| Feature maps
cnnr’:&nt(p; €Ly ) — E ij — 1ij Y ]
i I HEQ| I IX| 2k (M Layer)
OLuontent (F'— P if FL >0 Pl = Synthesized Image 2| Feature maps
COTRLETL — 3_} 1]
aﬂ?j 0 if Ffj < 0.
< >
Ny A
o0 0 o ® 0600
e et nc
v
nW Unrolled Version
Convolution Layer Each row represents th
Each color represents the activations of a filter. F Conv4_2
activations of a filter as it 2,3
was convolved around an
image.
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Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

total loss

|
r 1

style loss content loss

o e

pre-trained CNN

| | |
C4| ;| ¢34
Cs| Cs| Col
17 18 Ig C7 C8 C9—
Style Input (white noise) Content
Min(Total Loss)
04| 0,| 05
04 05| O¢
0, Og| 0o
Synthesized
Image
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Pre—trained Based Style Transfer

Image Style Transfer Using CNN

% Style : textures, colors in the image, Spatially repeated pattern

< Style Feature
« 2 Layerd| = Feature map2| Correlation = Gram matrix

Ny X Ny Gram Matrix
T 000 .0 0 T
o000 .0 O I I I
0o .0 o X 1
- 0000
- Convolution Layer BRIl NN
Each color represents the

activations of a filter as it

: .
was convolved around an Correlation between filters

. ( Conv4 2 Covariance
< Style Loss 21 Matrix
= Z kaF;ﬂ,_. G, = U4 Layer2| Gram matrix
P -P; it TE{} R ELS| Correlation
) E : A4l 2 _ o -
E = ¥ ’Mf flf‘" (Gij Aij) E, I Layer 2| Style loss contribution
i L = LossOl ¥&= F= Layer lis
= 0] 12l Layer weight
w =] [
styit: Z LLI-'E'.L' ﬁ :
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Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

s+ Total Loss p = ContentImage
a = Style Image
E'tnm.f U}: (i, T) = ﬂflq’.‘nnﬁﬁni{p: I) + .ﬁf’sf:yiﬁ{ﬂa "I::l x = Synthesis Image
) = . L. 0L
< Back—-Propagationg® Sdll Synthesized(x) Update x=x-21 at;m[
EL= Z (GL - -’11')2 quful = (—I‘E('uut('nt ' }gcst,yl('
—*— GL=) FiF}.
IEL ":l‘.'l.] B 5 N2

IRt

OLsotal

or

Gradient
descent




Pre—trained Based Style Transfer

. Image Style Transfer Using CNN

** Results

 Content Layer
- Conv2_2 & {7} Conv4_2< [f HL AMAH
- 59| LayerOi| pixel™t9| HEIt O 2

Content Image Conv4 2 Conv2_2
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Advanced Style Transfer using CNN — Replace CNN
Generating an Eastern—Style Painting from a Photo

< SUst 182 Style Transfer

% Limitation Style Transfer using CNN

© SYSO| BLR, M7t CHfotX| 11 0H0] RS

Ls O

.la Y
e

Content Style  Neural Style

* Conv Layer Sal| Feature Extraction 0{2{&

% Suggestion
° 7

e

[ 3X3X1024 ] F7}

\2

|
i Modified
i VGG-19
|
|
}
]
|

@ convolution+ReLU
max pooling

© ﬁ fully connected+Rel.UJ

(—7) softmax

Canny, John. "A computational approach to edge detection.” IEEE Transactions on pattern analysis and machine intelligence 6 (1986): 679-698.
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Advanced Style Transfer using CNN — Replace Loss Term
Deep Photo Transfer

% Photo Style Transfer using CNN

Luan, Fujun, et al. "Deep photo style transfer." CoRR, abs/1703.07511 2 (2017).

=7 KOREA

%/ UNIVERSITY




Advanced Style Transfer using CNN — Replace Loss Term

Jll Deep Photo Transfer

< Photographs?| Style Transfer

Content Style Neural Style Deep Photo Style

% Limitation Style Transfer using CNN

«  Edgelt ##21HQI IE0| CHolA] fi=ot= 42
«  Style(Texture)2 GlobalotH| H2|5t7| U{Z0f| SpatialSt 32t Q 16}

o]]]
rir
oX

b
o

40
I
d

% Suggestion

* Photorealism Regularization (For Content)
ContentQ| 21X & O HZE6HA, AFAHQI(Photorealistic)image MH6IEE Q-

« Augmented style loss with semantic segmentation (For Style)

71&9| Style loss?| 24| X|™, Semantic Segmentation method X&6}0 Style lossHE|
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Advanced Style Transfer using CNN — Replace Loss Term
Deep Photo Transfer

“ Photorealism Regularization
ContentQ| X E O HZEdHA], AHAXI(Photorealistic)image MMSIEE QT

«  Content2| Edge0i| 20| LMSI}H Penalty = Loss function L, H2)

3
L= Ve[O]" MV [O]
c=1

¢ = Channel V.[0] = Channel ¢ Output Image O [ NX1 |Z HlE{S}
O = OutputImage M; = Matting Laplacian Matrix
| = Input Image(Content) Input Image 17t NZ0[24H [ NXN | Q1 s ﬁfﬁ?}] = 2M;V.[0]

« M ;(Matting Laplacian Matrix)
- Matting : Image@| T&(Foreground Object)2 £2lAl7|= 7|&

Content Image?| Object?} 24A4El Output Image?| Object ZAA LX|

- HZG(Foreground Object)E & 22|6tX| Z6tH L, S S5olf Penalty

Levin, Anat, Dani Lischinski, and Yair Weiss. "A closed form solution to natural image matting." Computer Vision and Pattern Recognition, 2006 IEEE Computer Society Conference on. Vol. 1. IEEE, 2006.
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Advanced Style Transfer using CNN — Replace Loss Term

Jll Deep Photo Transfer

% Augmented style loss with semantic segmentation
7|29 Style loss?| 3tA| XA, Semantic Segmentation method X25}0] Style loss™2]

+  StyleZ} Content®] MismatchZX|(Spill over) &4 BiX|

- Style2| SegmentE BHSt Gram matrix2 Imaged (Localized Style)

Example of segmented image Contents Style Output

 Style Image2t Content Image2 18 X7} SAteH0F sk MA|EZ0| TR

Content ImageE Solf 244 Output Image0| Localized Style Transfer 20| Q9|0

Contents Style Output
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Height (H)

Advanced Style Transfer using CNN — Replace Loss Term

Deep Photo Transfer

* Redefined Style loss

(&
1 . _ -
£ . 2 C = # of segment in Image
Lot = Z; 2NZ, Z(G‘?"C[O] GeelS])i; Semantic Segmentation mask2| & %=
o= y i
M, [] = Layerl Q| ¢H% segment Image?| Mask

Fy o |O] = Fp[O]M J]I]  Fy . [S] = Fo[S|M,,.[S] Gy cl']

Input Image with
C segments
(Style Image)

Width (W)

Fy c[] @ YX[5H= Gram matrix

True/False mask in Resized mask of
C channels Same shape as
Feature map Style Representation To be used in
True (imresize) from chosen layer Style loss
Fal Feature UEELEe Gram
zles e Mask : feature _
mapping mapping Matrix
True Anent (©)
Element — wise
multiplication
by channel
Pre—trained VGG-19 Net
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Advanced Style Transfer using CNN — Replace Loss Term

il Deep Photo Transfer

< Photorealism Regularization (For Content)

3
L =) Ve [O]" MV [O]

c=1

<+ Redefined Style loss (For Style)

C
1 i
e=1 '€

i
+» Total Loss

L L
Lo = Y _le+T > Bl + AL,
=1 =1

a;, B = Weight to configure layer preferences
r = Weight that controls the style loss
A = Weight that photorealism regularization

7] KOREA
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Advanced Style Transfer using CNN — Replace Loss Term
Deep Photo Transfer

** Results

(a) Input and Style

byr=1

*  Compare with other models

not
photorealistic  photorealistic

1 2 3 4

™

Histogram transfer
(Pitié et al.) 3.1440.38

Neural Style
(Gatys et al.)

1.46+0.30

CNNMREF
(Lietal) | 4 434037

our algorithm —
2.71+0.20

(a) Photorealism scores

(d) A = 10%, our result

chance (25%)

(e) A\ = 10°

Histogram transfer | 5 gq,

(Pitié et al.)
Statistics transfer

(Reinhard et al.) I4'6%

Photoshop
Match Color

2.9%

our algorithm

86.8%

(b) Style faithfulness preference

H =10
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Advanced Style Transfer using CNN — Replace Loss Term
Results

< Input Image?| £41} Output Image?| =X0| Mz} Z&Fet CNN X 2 Loss function
CHFSHA| St

< 2I7| L2 EXE X|Y ImageS0l| 5l MKt SHCHH Style Transfers 517 A FX|
2| HQ

< 89| Anjof| CHet Hetd2 FHE0(2k= ofA|

< Image Style Transfer 0|2|0|== Audio Style Transfer, Video Style Transfer S
CIAUSH ApplicationS7t &t

e KOREA
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Graph Based Art Recommendation System
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introduction

Art Rental Service : Rise Art

1672071 &=, 858H %7}

Medium Al Mediums v Style All Styles v Subject Al Subjects v
Price OmmOmmQumQemQmmOm— () Size O O Color e ' . . . ‘ . . .
0 200 500 2000 Max S M L XL XA

Sort Al Art v

N
i

|

Liguid One (Constant Motion) Winter of our Youth (2) Dis_Play_No10

Alexander Grigorev £2,500 Pedro Correa £2,524 Zdenek Konvalina £1,800
Sculpture - 50x120cm Rent for £192/mo Photography - 80x80cm Rent for £193/mo Paintings - 100x100cm Rent for £146/mo
\VJ Y Vv
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introduction

Art Recommendation System

o II < =X
& GIEHY £ XE =X

Recommendation List

<7 AW HOW
e\ 005 ANDY

:L?M%MM
w PAINTING ?

—

DY 0 15 T0ALY
" AGRING WK A5
(0 T PRI O

The Red One .
Paintings - 160x160cm

< Sold

Artist ‘A’
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introduction

Art Recommendation System

n o IT =< =X
o GIEN =2 XZ X

Recommendation List

A HOW
e\ IFS ANDY
z % | il AT

PAINTING ?

WY 04 H 15 TOTALY

" AGRANG WIHI A5
10864 THEPHINTIGS CR
FITS O THE O FTHE DRRRES/

The Red One The Sky Blue One Désir de vivre Ashley
Paintings - 160x160ecm Paintings - 150x150cm Paintings - 90x90cm Rent for £155/mo  Paintings - 140x140cm
< Sold < sold £2,025 O Sold

Artist ‘A’ Artist ‘A’ Artist ‘B’ Artist °C’
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introduction

il Data Summary

Text

Meta

of the
is i
of
sel
ha:
the

This is one of a series of historical or

celehritv nersonalitv nortraita Thev helona

to. "Danilov" is inpired by the artist's childhood
W¢ memories of colours and symbols used in

“The Sky Blue One" is No. 11 of the "Andy
Series”. The "Andy Series" is an ongoing and
numbered Popart series, that covers day-
to—day topics in a humerous way such as
fashion, future, growing up, various views
of life and much more. Every painting has a
primary colour naming it (The Red One, The
Pink One etc.). On all paintings indirectly a
person called "Andy" is playing a role, but
you never see him.

Style Subject

Year

TF-IDF
Dov2Vec

Convolutional
AutoEncoder

y

Weight

Graph Based Similarity




Graph Based Similarity
. Text + Image Distance Matrix

< T2 concatenate (Text , Image)2 & DistanceE FLotH M7|= 2HH

| M-
«  Text?} Image= £40| CIE

« concatenates otHA X2 XF(2™)7} M7 Distance HIH0| 0242

Text Text + Image

This is one of a series of historical or celebrity

percnnality nartraite. Thaw halann ta a wirdar

P “Danilov" is inpired by the artist's childhood

x‘ memories of colours and symbols used in the

" eo PR AR

ac  "The Sky Blue One" is No. 11 of the "Andy

tir  Series". The "Andy Series" is an ongoing and

fo numbered Popart series, that covers day-to—day

ez topics in a humerous way such as fashion,

be future, growing up, various views of life and
much more. Every painting has a primary colour
naming it (The Red One, The Pink One etc.). On
all paintings indirectly a person called "Andy" is
playing a role, but you never see him.

Shape: [7922,64] Shape: [7922,64] Shape: [7922,128]
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Graph Based Similarity
Text + Image Distance Matrix

J/

< T2 concatenate (Text , Image)2 & DistanceE FLotH M7|= 2HH
«  Text?} Image= £40| CIE

« concatenates otHA X2 XF(2™)7} M7 Distance HIH0| 0242

Text Text + Image

This is one of a series of histori calo celeb ty
perennality nartraite Thav hal
P “Danilov" is inpired by the artist's childhood

| memori ies of colou rs an nd symbols used the

sc

ac Th SkyBI One’ N 11 fth Ady

tir  Series". The AdyS s an on d
ered Pop: s,

g Ispe alle
playing a role, but you er see him.

Distance Matrix

Shape: [7922,64] Shape: [7922,64]
Shape: [7922,7922]
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Graph Based Similarity
Text + Image Distance Matrix

< Text, Image ZtZ} Distance MatrixZ FL5t0] M3 At
«  Text2 Imagel| £0| CtE Ao CHst 5HZ =Y
+ Distance Matrix§ & I Xt2| XF7} LS| %S

o
«  Hyperparameter2! o2 Text} Image XX 7ts

Text

This is one of a series of historical or celebrity
pereanality nartraite Thav halann tn a widar
Pr “Danilov" is inpired by the artist's childhood
W memories of colours and symbols used in the
W o i e s s
ac  "The Sky Blue One" is No. 11 of the "Andy
tir  Series". The "Andy Series" is an ongoing and
fo  numbered Popart series, that covers day-to—day
ez topics in a humerous way such as fashion,
be future, growing up, various views of life and
much more. Every painting has a primary colour
naming it (The Red One, The Pink One etc.). On
all paintings indirectly a person called "Andy" is
playing a role, but you never see him.

Shape: [7922,64] Shape: [7922,64]
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Graph Based Similarity
Text + Image Distance Matrix

% Text, Image ZIZt Distance MatrixE ot M3 Aet

Text2}l Image?| £40| CtE Z0]| CHot off 224
HEFAH

Distance MatrixE & i X}&2Q| XF7t LMstX| LS
Hyperparameter?! o2 Text2} Image = 7}5
Text
0
a ’ + (1-a)
0
0
Distance Matrix
Shape: [7922,7922]

Distance Matrix

Shape: [7922,7922]

=7 KOREA
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Graph Based Similarity

% Meta Data &2

Improving Weight Using Meta Data

Art_title_name I Style

Subject

Year I Art_Abstract

The Pheasant Surrealistic
sisits Danny Kaye through tk Surrealistic

Marlene of the Lobsters Surrealistic
John of the Stagbeetles Surrealistic
The Chums Surrealistic
Dickens Surrealistic
Strindberg Surrealistic
Rossini Surrealistic
Nehru Surrealistic
Paul Newman Surrealistic
Kirk Douglas Surrealistic
Charles Darwin Surrealistic
Interior with Bird Surrealistic
Danilov Pop Art
Ashley Pop Art
France 120 Pop Art
Japan 110 Pop Art
Armerica 120 Green line Pop Art

Style: Surrealistic, Pop Art, Abstract, Figurative, Street Art -

Portrats o People
Portraits & People
Portraits & People
Portraits & People
Animals
Portraits & People
Portraits & People
Portraits & People
Portraits & People
Portraits & People
Portraits & People
Portraits & People
Animals
Transport & Auto
Portraits & People
Transport & Auto
Transport & Auto
Transport & Auto

2015 The PheasantPart of the 'Ghostjumps and Wormholes' series

2014 is one of a series in which we juxtapose images in such a way that new stories
2015 Marlene of the LobstersPart of the ‘Ghostjumps and Wormholes' series.
2015 John of the StagbeetlesPart of the 'Ghostjumps and Wormholes' series
2016 The ChumsOne of our first oil paintings done from a still life set up.

2013 portraits. They belong to a wider project called 'Ghostjumps and Wormholes' v
2014 y portraits. They belong to a wider project called 'Ghostjumps and Wormholes'
2013 portraits. They belong to a wider project called 'Ghostjumps and Wormholes' w
2013 portraits. They belong to a wider project called 'Ghostjumps and Wormholes' w
2014 lity portraits. They belong to a wider project called 'Ghostjumps and Wormhole
2014 ity portraits. They belong to a wider project called 'Ghostjumps and Wormhole:
2013 ality portraits. They belong to a wider project called 'Ghostjurmps and Wormhol:
2015 Interior with BirdOne of a series of wildlife in human interiors

2015 = of aircraft is actually built out of wood, and the erosion of time is painted on
2017 ilt on wood, the effects of wear and aging are a "trompe l'oeil” that were paints
2016 artwork is singular in its details and each wooden structure carry unique reliefs.
2016 artwork is singular in its details and each wooden structure carry unigue reliefs.
2018 ge, each artwork is singular in its details and each wooden structure carry unig

Cartoon > = 15 7}X|

Subject: Animals, Landscapes, Fashion, Still Life, Urban, Food -+ Sports > & 21 7IX|

Year: 1965 ~ 2018 > = 404
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Graph Based Similarity

Improving Weight Using Meta Data

% Meta Data & : Distance(Weight)= St Al

= OO0 a
.

Z2 Type Art0i| CH3H WeightS MEA|#H 7|= DistanceE 30 2H =

o
CIZ Type Art0l CHaH Penalty2 X8A|7{ 7|= DistanceE {X|

Type?| Z5 & Style, Subject, Year & 37}X| xHEH

Actual Computation

N : Number of meta data

(k) .
2N (k). + (k) AV : Weight of meta data
N (Zkzil(/1 (k;c” ) Z(A(k)) =1, k=12,--N
VA

A(k) :

Wij =exp| —

Number of types in each meta data

W;; : Weght of between picture i and picture j k=1,2,N

1 ,if same type in each meta data
2} Meta dataS 2+ HIE 113 (A3t 271 xl.j(k) - i
) 0 ,otherwise (for Vv i,j)
HHHSH= Meta data®| =71 H2+5 (W Z4 : RAE 371
T Meta datalll 3= £7} BLI (W 571 : QALE 24)

Feature weighting (FW) assigns different levels of importance to different features. (Debnath et al, 2008)

7] KOREA

UNIVERSITY




Graph Based Similarity

. Improving Weight Using Meta Data

¢ Meta Data & : Distance(Weight)= &4t A|Z
Z2 Type Art0l| CH5H WeightS MEA|7# 7|= DistanceE B0 2/ =
CIZ Type Art0l CHaH Penalty2 X8A|7{ 7|= DistanceE {X|

Typell &7 Style, Subject, Year & 37}X| XHEH

Actual Computation

NZ ()L(Style) . xij(Style) + A(Subject) . xi]_(Subject) + A(Year) . xi]_(Year))>

Wif = €xp <_ A(Style) + A(Subject) _|_A(Year)

- < 32(0. 4. xi]_(Style) +0.4- xij(Subject) +0.2- xij(Year))>
— ©XP 15 + 21 + 40

= [0.8883,1]

Feature weighting (FW) assigns different levels of importance to different features. (Debnath et al, 2008)
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Survey & Results
Art Recommendation

% Text 100%, Image 0%, Meta(X) — Top 7

1
iy
MM

Text Image Meta

100% | 0% (—o
50% 50% ?
0% 100% (1)
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Survey & Results

% Text 100%, Image 0%, Meta(X) — Top 7

Stavanger blue - Limited Edition Fine
Art print

Stavanger blue Fine Art photographic
print, professionally hand printed on
fine art Giclee cotton gallery paper
using archival pigment ink. Signed,
numbered with certificate of
authenticity.

Artists original photograph is worked in
layers using oils overlaid in post
production to produce the final work.
This is a limited edition print, signed
and number by the artist. Limited
edition print signed and numbered by
the artist. Giclee Hahnemhle Fine Art
gallery paper 308 gsm printed using
archival pigmented inks.

J Art Recommendation

Cactus blooms bright - Limited Edition
Fine Art print

Desert blooms at the cactus oasis,
composite pop art inspired by mid
century advertising, using layers and
paint on canvas combined digitally on
paper.

Fine Art photographic print,

Monterey green - Limited edition fine
art print.

Monterey green, California's swimming
jellyfish part of the underwater portfolio
inspired by mid century graphics.
Original worked in layers using textures
and washes to create the final print.

Fine Art photographic print,

professionally hand printed on Giclee
310gsm Museum gallery paper using
archival pigment ink. Limited edition

print signed and numbered by the artist.

Happy to create bespoke size prints for
clients, please get in touch with any
print requirements.

Text Image Meta

100% | 0% (—o
50% 50% ?
0% 100% (1)

Monterey Pink - Limited edition fine art
print

Monterey Pink, California's swimming
jellyfish part of the underwater portfolio
inspired by mid century graphics.
Original worked in layers using textures,
paint washes and drawings to create
the final print.

Fine Art photographic print,

professionally hand printed on Giclee
308gsm Museum gallery paper using
archival pigment ink. Limited edition

print signed and numbered by the artist.

Happy to create bespoke size prints for
clients, please get in touch with print
requirements.
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Survey & Results
Art Recommendation

% Text 0%, Image 100%, Meta(X) — Top 7

Text

Image

Meta

100%

0%

0

50%

50%

1
0

0%

100%

1
0

1

LOVE IS
FRIENDSHIP

SETTO
VErE =R

=~
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Survey & Results
Art Recommendation

% Text 50%, Image 50%, Meta(X) — Top 7

Text Image Meta

100% 0% ?
50% 50% (1)
0% 100% (1)
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Survey & Results
Art Recommendation

% Text 100%, Image 0%, Meta(O) — Top 7

Text Image

Meta

100% 0% (1)
50% 50% (1)
0% 100% ?
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Survey & Results
Art Recommendation

% Text 0%, Image 100%, Meta(O) — Top 7

Text Image Meta

100% 0% ?
50% 50% (1)
0% 100% (1)
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Survey & Results
Art Recommendation

% Text 50%, Image 50%, Meta(O) — Top 7

Text Image

Meta

0

100% 0% 1
50% 50% ?
0% 100% (1)
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Survey & Results
Performance Evaluation Method

% XA A1}
- S 00 WHES HIECE of FH AARI0] AH|X MSE0 7HE 37X FaFkS 0|F Af?
1. Onlyimage vs Onlytext vs Image + Text
Only image (69%), Only text (75%), Image + Text(72%)

2. Hyperparameter(a) =
TF-IDF7|& Image:Text > 0:1 (75%)
2:8 (74%)
5:5 (71%)
8:2 (70%)

3. Non-meta vs Meta
Non-meta (69%), Meta(73%)

4, TF-IDF vs Doc2vec
TF-IDF (73%), Doc2vec(69%)
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Text Image Meta

0
100% | 0% |2

= 1
J1E B 5 L M ]
0% | 100% +

1. Image Embedding

KOREA

UNIVERSITY




[l V1= &7 5t L JpM

« Text, Image, Texture 2| £40| CtE A0 CHSt oHZ =Y

Text

0

Distance Matrix

Shape: [7922,7922]

(1-a

Image

Distance Matrix

Shape: [7922,7922]

+1-

(1-a)
n

Texture

Distance Matrix

Shape: [7922,7922]

0O<a =<1
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o7 78]

71E o1 B 2 T

% Image Embedding
7|& 0= CAEE 8510 Image EmbeddingS %13l
CI¥st EmbeddingAl=(Pre—trained CNN, U net)2|0l= Embedding® LSt Performance measuret?l

Convolution step (convolution + pooling) Fully connected encoding step Deconvolution step (deconvolution + unpooling)

o e
. " - —]
* -
Shape: [7922,128,128,3] Shape: [7922,64] Shape: [7922,128,128,3]
Layer Size out Pooling / Sampling Output Size
Input 7922, 128, 128, 3
Convolution 7922, 128, 128, 64 4X4 7922, 32, 32, 64
Convolution 7922, 32, 32, 128 4X4 7922, 8, 8, 128
Convolution 7922, 8, 8, 256 4X4 7922, 2, 2, 256
Bottle Neck 7922, 64
4X4 7922, 8, 8, 256
Deconvolution 7922, 8, 8, 256 4X4 7922, 32, 32, 256
Deconvolution 7922, 32, 32,128 4X4 7922, 128, 128, 128
Deconvolution 7922, 128, 128, 3

Loss : 0.023 , Acc : 0.675
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GAN Based Style Transfer

Jl Pix2Pix

< Paired ImageE && (Supervised)

« Train
X
1
1
ST e e el B
2272 2 [ — .
e || )
G I
CNN (U-Net)
* L1Loss
min )" lly = 3ll) = min( ) lly = 6(0ll,)
(x,y) (x,y)
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GAN Based Style Transfer

Jl Pix2Pix

% L1 Loss & kx5

* Train
—
—
:';' 11 > | > —
=g o
-f wE
ey (| | - >
_____________________ .>
G I
CNN (U-Net)
« Test
— —_—
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GAN Based Style Transfer

Jl Pix2Pix

s GAN Term

GAN
Fake
(=1)
Generator Discriminator —
Y - Real
(=0)
Loss ar g max Exy (logD(G(x)) + log(1 — D(»))
~1 =0
arg mGin Ey, (logD(G(x)) + log(1 — D(y))
~ (0 ~ 1

argminmaxE., (logD(G(x)) +log(1 — D(y))
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GAN Based Style Transfer

Jl Pix2Pix

s L1+ GAN Loss

arg mainmlglx E., (logD(G(x)) + log(1 — D(y)) + AE,,|ly — G(x)|l1

+ Results

«  L1+GAN loss2 A%t 51&0| § Photorealismtg
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Art recommendation Survey & Results

Performance Evaluation Method

o ZAFHQ
- M 0fH HHES HIEIOR of FH A|AHO| AH|X M0 71 38X Feks 0= AN
1. Onlyimage vs Onlytext vs Image + Text
2. Hyperparameter(a) =
3. Non-meta vs Meta
4,

TF-IDF vs Doc2vec

Image Text Text + Image Meta
21 2.1.1. a=0.8 (img 0.2) 0,1
TF-IDF 2.1.2. a=0.5(img 0.5) 0,1)

(@=1) 2.1.3. @=0.2 (img 0.8) 0,1) 1872 (Igle(lz‘)l

1. ~ : moae iTLA
Random 99, 2.2.1. a=0.8(mg0.2) 0,1)
Doc2Vec 2.2.2. a=0.5(mg0.5) 0,1)
(@=1) 223 a=0.2 (img 0.8) 0,1)
2.3 2.3. a=0 (Img 1) 0,1)

o2 quatrics  amazonmechanical turk
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Art recommendation Survey & Results

Performance Evaluation

+ &%l words 3 SHQI To| 374 £&

= L=

- City, Landscape, Bl
- Zt JE0| CHoll A

u
)

e
== 18 16/ F&

Method

- 2 J0jl i3t 201 Top 5~ Top 10 2 12 AL

[ KOREA UNIVERSITY
BUSINESS SCHOOL

seese s

Q1. When you decide your
preference over multiple of
artworks, which is the most or the
least information that you will
consider? Please rank the three
information in order of importance?
(1; the most, 3; the least)

[You can change the rank upward
or downward by "click and draw"
the options upward and

downward.]

Artwork Style (e.g. pop art,
photography)

Artwork Subject (e.g.
landscape, animal)

Year when the artwork was
made public

Q2. Please choose the most

e
Q2. Please choose the most
preferred artwork out of three
artworks below.
Stavanger blue

The path to Methusiah

City Memories

=L

Powered by Qualtrics

KOREA UNIVERSITY
BUSINESS SCHOOL

Q1. When you decide your preference over multiple of artworks, which is the most or the least information that
you will consider? Please rank the three information in order of importance? (1; the most, 3; the least)
[You can change the rank upward or downward by "click and draw" the options upward and downward.]

» Artwork Style (e.g. pop ar, photography)

* Artwork Subject (e.g. landscape, animal)

» Year when the artwork was made public

Q2. Please choose the most preferred artwork out of three artworks below.

Stavanger blue
The path to Methuselash

City Memaries

[ [ ————

Survey Powsred By Qualirics.

Survey Powered By Qualtrics
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Art recommendation Survey & Results

Performance Evaluation Method

% ALY

Q1. 23S 7 O Ofl L8 & FAS 71 Lisk= HAIIQ? =AU HiX[sHZ=HIL.

1. Style (e.g., Surrealistic, Pop Art, Abstract, Figurative, Street Art ---  Cartoon)
2. Subject (e.g., Animals, Landscapes, Fashion, Still Life, Urban, Food -- Sports)
3. Year (BI22 XM= AHE)

Q2. #510iA| DO|= AES ot ELC.
Ol 371X 28 & 71 0180 E= 33 siLE MEsiFAMIS.

Stavanger blue The path to Methuselash City memories
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Art recommendation Survey & Results

Performance Evaluation Method

< A2

£)
P 0
KOREA UNIVERSITY Image 100%

&) BUSINESS SCHOOL

Q.3_1 Look at artworks below and measure your preference for each artwork base on the preference you have
shown in the Q2.

| like this artwork. | do not like this.
El Pas da la Casa v )
Winter Parkland 1l ) \/
Golden Il ) \/
VIETNAM STORIES 2. ) \/

Qweesh not Quiche
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Art recommendation Survey & Results

Performance Evaluation Method

% ALY

TF-IDF 80%
Image 20%

KOREA UNIVERSITY
BUSINESS SCHOOL

Q.3_3 Look at artworks below and measure your preference for each artwork base on the preference you have
shown in the Q2.

| like this artwork. | do not like this.
Monterey Bronze \/ i
Cape Hills . \/
Palm South Africa - Limited - /

Edition Fine Art print
Monterey gold

NN

Sound of sea
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Art recommendation Survey & Results

ll Performance Evaluation Method

o XA} 41}
The number of Respondents: 175 The number of Respondents: 174

Non-Meta Meta Non-Meta+Meta

City Landscape Blue Total City Landscape Blue Total
like | 190 232 175 597 127 304 175 606 1203
image100% total | 285 360 235 880 210 422 235 867 1747
ratio| _67% 64% 74% 68% 60% 72% 74% 70% 69%
like | 219 262 175 656 156 320 175 651 1307
TF-IDF 100%, Image 0% | total | _ 285 360 235 880 210 422 235 867 1747
ratio| 77% 73% 74% 75% 74% 76% 74% 75% 75%
like | 222 268 166 656 163 313 166 642 1298
TF-IDF 80%, Image 20% | total | _ 285 360 235 880 210 422 235 867 1747
ratio|  78% 74% 71% 75% 78% 74% 71% 74% 74%
like | 190 233 179 602 159 303 179 641 1243
TF-IDF 50%, Image 50% | total | _ 285 360 235 880 210 422 235 867 1747
ratio| 67% 65% 76% 68% 76% 72% 76% 74% 71%
like | 199 220 178 597 139 317 178 634 1231
TF-IDF 20%, Image 80% | total | _ 285 360 235 880 210 422 235 867 1747
ratio | 70% 61% 76% 68% 66% 75% 76% 73% 70%
R like | 175 262 167 604 140 328 167 635 1239
PocaVec 100%. Image Oioral | 285 360 235 880 210 422 235 867 1747
ratio|  61% 73% 71% 69% 67% 78% 71% 73% 71%
R like | 157 207 172 536 155 291 172 618 1154
Doc2Vec 800/0/°' Image 20 5oial | 285 360 235 880 210 422 235 867 1747
ratio|  55% 58% 73% 61% 74% 69% 73% 71% 66%
. like | 171 250 181 602 140 296 181 617 1219
Poc2Vec 50%. Image 50 o a1 85 360 235 880 210 422 235 867 1747
ratio | 60% 69% 77% 68% 67% 70% 77% 71% 70%
. like | 178 223 169 570 133 292 169 594 1164
Doc2Vec 29)/0/"' Image 8051 285 360 235 880 210 422 235 867 1747
ratio| _ 62% 62% 72% 65% 63% 69% 72% 69% 67%

like 4823 like 5032

total 7040 total 6936

ratio 69% ratio 73%
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