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Marketplace Vertical Commerce Payment
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Marketing Platform
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Point-based Marketing Platform Advertising
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Deep Learning - Artificial Neural Networks

e Perceptron (Rosenblatt, 1958)
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Deep Learning - Deep Neural Networks & Difficulties

It can be optimized by the back propagation algorithm. But, the training is not easy.
* Vanishing gradient problem: problems with non-linear activation
» Typically requires lots of labeled data

» Overfitting problem: Given limited amounts of labeled data, training via back-propagation does
not work well

* Get stuck in local minima(?)
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Deep Learning - Genealogy
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Deep Learning - 1st Breakthrough by Hinton et al. (2006)

DBN (Deep Belief Networks)
« Unsupervised pre-training (greedy layer-wise training)
« Supervised top-down training as final step

—

/ Linear classifier \

— QO00000) hs

RBM

Pretraining (unsupervised)
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Fine-tuning (supervised, MLP)

P(x, h1, h2, h3) = P(x|h1) P(h1|h2) P(h2,h3)
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Deep Learning - 2nd Breakthrough by Krizhevsky et al. (2012)

AlexNet (Convolutional Neural Networks): ImageNet Challenge Winner (2012)
« Same model as LeNet (LeCun 1989) but,
* Bigger model (7 hidden layers, 0.65M neurons, 60M parameters)
* More data (1M vs 1K images)
« Trained on 2 GPUs for a week (50x speedup over CPU)
« Better regularization (DropOut)
« + ReLU (Nair 2010)
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Deep Learning - Why again?
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Potential of Deep Learning
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Support Vector Machine
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Deep Learning
(Deep Neural Network)
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Deep Learning (Deep Neural Network)
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CNN (Convolutional Neural Network)
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CNN (Convolutional Neural Network)
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CNN (Convolutional Neural Network)
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CNN (Convolutional Neural Network)
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CNN (Convolutional Neural Network)
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CNN (Convolutional Neural Network)
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H AE7|2F 24 7] (CNN)
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‘ augmentation — overfitting 2X|
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Data Augmentation
(scale/rotation/translation/contrast/blur variation)

54



o}
>
ofn

e

Internet . = et
Explorer -
s ; o .
: 4 ‘.’ “.’,—t"' j‘ﬁ't.ﬁ
' ,;.'T. ..:'.
ﬂ Wt
e
F 4 T
P
” 5’& b §
e P |
1N AT
. T 48
A A
oo, -
I
- ' .
c“;}-w 5 -'*-r-‘ Y

I 3 Y ) - |
\ ARt e TENVG Y N/ ) LR [} e ; \
3 L% : -m..,-‘;h._.,.p Ll i}".‘ 2 ) ,f]' — 3O [’,’ ') g "
e 3 { L ‘ ; )
SR : Sey u {) £ g S
¥ ‘\ £ % Lo s - e e
[t B, s A S TSIV S MR i M <t g e e
SR 2 Py d A S P
A Mg PNRT o et SR : ‘x . ‘ ,-«29
", RN Py ot e ”‘W& e d —
e A ln%&"b“(ﬁfﬁw

A A

o=244 [

?@TW@WTH’IE‘IWM PHED . mume 2724 [







Torch?7
Scientific computing for Lua(JIT)
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CNN weights & 0| 7| (Precision)
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CNN weights & 0| 7| (Quantization)
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Deep learning vs M &% 2
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Motivation

® Global A} ZHxto 2 Q18 XI5 HHA A|AHIO| Tl g M =[|

- =2 117} httlo /lwww.11street.com.cn/html/main.html
— A3 AEFY =2 MH|A

= 25000 & 2EN UH--AIR AEIY BH-F 23
faf o RE=ZAEF2 Wi 1 2 201608 12 0O
11[‘.‘1 eneiane QY b 7
m powte O DM rewgd SE WE  o0ew
TEYR _ BANE RER WHERSE RONA DARE  RRe EXPDLUO HS[AUS0E N SENUD AT VI UpLS SEEJE HE XOIHE JUiNE

MENSE AN ABN'S M0 K200 MUIA80500 NS WAL

AR AES'E'HAUIAR."2M0NE".'FES' S R0, JiZ24+d. BUE B0 HXIet
DRS00 M SR AFIVUINUE SENC UNS F2S0I M8 AW, OW. A
AR BN NES MN2E BRI Z2HEMNM SESI e 2% =D
faEP MUAO

B

i

Bakke

RES R et )

2 \g\

REER UL .fl -

Gl

NR-RANEGYHY SHTERNT

0161114 - 11 ®LGrzan pR100

(LG s TEAT5. 74 o = >3 S\
! ‘ ]

11street for china Syrup style for china

Commerce £33} 8= X EHAH 7/

70


http://www.11street.com.cn/html/main.html

Motivation

® Deep-learning 7|4t 7|7 H 0| 754 &l

— WMT 2016 7|& Ct=2| HHA| 0| A 0| A Neural Machine Translation (NMT) 7| = 0|
£l Al o) =

— HIOIH, #+= & HH MH[AF TR0t 2MS0AM =2 7HE Ses B0l 7=

Czech-English German—English English-German English-Czech
# | score | range | system # | score | range | system # | score  range | system # | score | range | system
I 062 1 |UEDIN-NMT 1| 0OBZ| 1 |UEDIN-NMT I 0497 1  UEDIN-NMT 1 059 1 UEDIN-NMT
2| 032 2 |JHU-PBMT T 035 | 25 | ONLINE-B 21 040 2 METAMIND "2 043 2 | NYU-MONTREAL
3| 0.21 3 ONLINE-B 0.21 | 2-5 | ONLINE-A 3 029 3 UEDIN-SYNTAX 3 - 034 3 JHU-PBMT
4| 0.11 4-6 | TT-BLEU-MIRA 0,09 | 2.5 | UEDIN-5YNTAX 4 017 4 NYU-MONTREAL 4 030 | 4-5 | CU-CHIMERA
0.10 4.7 | TT-AFRL 018 | 2-6  KIT 57 -001] 5-10  ONLINE-B 030 | 4-5 | CU-TAMCHYNA
0.09 4.7 | TT-NRC-NNBLEU 0,04 | 5-T | UBDIN-PBMT —~0.01  5-10 KIT-LIMSI 5 022 6-7 | UEDIN-CU-SYTX
0.07 58 | TT-NRC-MEANT 0.03 | 6T | JHU-PBMT —0.02 | 5-10 CAMBRIDGE 0.19| 6-7 | ONLINE-B
0.03 7-10 | TT-BEER-PRO 3 012 8 | OMLINE-G —0.02 | 5-10 ONLINE-A 6 016 8-11 | TT-BLEU-MIRA
0.00 8-10 | PJATK 4 067 ] JHU-SYNTAX —(0.03  5-10 PROMT-RULE 0.15| 8-12 | TT-BEER-PRO
0.00 &-10 | TT-BLEU-MERT 5 —093 10 | oNLINE-F —-0.05  6-10 KIT 0.15 | 8-13 | TT-BLEU-MERT
S| =0.07 11 | ONLINE-A 6| —0.14 | 11-12  JHU-SYNTAX 0.14 | 9-14 | TT-AFRL2
6| 148 12 | CU-MRGTREES —0.15 | 11-12  JHU-PBMT 0.14 | 9-14 | TT-AFRLI]
71 =026  13-14 UEDIN-PBMT 0.13| 9-14 | TT-DCU
—0.33 | 13-15 ONLINE-F 0.13 | 11-14 | TT-FIFI
~0.34 | 14-15 ONLINE-G 7 008 15 | ONLINE-A
8 -0.03 16 | CU-TECTOMT
9 | _0.43 17 TT-USAAR-HMM-MER]
10 —0.54 18 | CU-MRGTREES
11 —1,13 19 TT-USAAR-HMM-MIRA
12 —-1.33 20 [T-USAAR-HARM

WMT 2016 BLEU score results
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Machine Translation History

® Rule-Based Machine Translation (RBMT)
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Machine Translation History

® Statistical Machine Translation (SMT)
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Machine Translation History

® Neural Machine Translation (NMT)
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Planet NMT o)



Planet NMT

® System flowchart

— Neural machine translation (NMT)2 end-to-end A|AEHIO 2
£2 Q0|2 X O R Ht2 W o]
- 12 Me[7|& AFESte S50 &A &< 7=
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Planet NMT

® Bilingual Corpus 1+
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Planet NMT

® Pre-processing
— BN 7t Het

« 3t [0|E Gl E|AE OO|E0 ZtEMOoZ =Xl HAZ QIS 2XH 22t
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Hk2Z ! " # 0 ? { -
U+ U+0021 U+0022 U+0023 U+0030 U+003F U+007B U+007E
™z ! " # 0 ? { ~
U+ U+FFO1  U+FF02 U+FFO3  U+FF10 U+FF1F U+FF5B U+FF5E
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Planet NMT

® Pre-processing
— A0 EXOHK] B = T

= THol M2
« AT EXBHA]| B2 HoSE e MG Lol flet X
© A/ FOf At S2 AFEO| EXWSHA = A2 Fe=s| #H Yo of o
- 28 X3 52 ER M S=0| 27%ts
ca g 28, XS Aol 320 : 28d Us Of =|AH& A&

T= Of| Al

[
Hl
<

X = 74043 2| NewYorkeeOj| Al £t& L C}.
EEY HA 11 74044F- I NewYorkee .
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Planet NMT

® Preprocessing
— Tokenizer

- ZHCHO{E 2783t olO|7t Qs Ho| JHE A2 TRl HEfAR 2
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Recurrent Neural Network (RNN)

[ Artificial Neural Networks ]

o —
e —
- —
.
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—
e
—

|

Directed ]

[ Feed-forward ]

| T~

[

(Multilayer) ] { Autoencoder ] Convolutional

Perceptron

Networks

[ Recurrent ]

¢ Recurrent

Boltzmann

N |
eura Machine

FE Networks

Neural

CNN

Restricted
Boltzmann
Machine

Deep Belief
Networks
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RNN — state

We can process a sequence of vectors X by
applying a recurrence formula at every time step: y

= fW(ht—la il?t)

new state / old state input vector at

_ some time step
some function X

with parameters W
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RNN - LSTM

® | ong Short-Term Memory (LSTM)
— 7|Z&9| RNNQ| 2X|™ 2l gradient vanishing problem= | 4
— Input / Output / Forget 37l|2| gateE 0 HEE A, E8{27|, §X|5t= 7|

—P
/ Output Gate

Forget Gate

\
\
\
\
\
N
N\
\
N

-, a

/, N 4

- s
- -

/ Input Gate
@ Block

fujo



RNN Applications — Sequence-to-Sequence model

one to one one to many many fo one many to many many to many
I t t 1 f I Pt
f f tot ot t ot ¢t i 1

\ Vanilla Neural Networks
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RNN Applications — Sequence-to-Sequence model

one to one one to many many to one many to many many to many
t t 1 f [ Pt
! f Pttt Pt 1 |

\ e.g. Image Captioning
Image -> sequence of words
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RNN Applications — Sequence-to-Sequence model

one to one one to many many to one many to many many to many
! Pt ! o] I
! f tt bt ¢t A

\ e.g. Sentiment Classification
sequence of words -> sentiment
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RNN Applications — Sequence-to-Sequence model

one to one one to many many to one many to many many to many
! Pt f [N t t 1
f t Pttt tt 1 it o, 1]

\ e.g. Machine Translation
seq of words -> seq of words
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RNN Applications — Sequence-to-Sequence model

one to one one to many many to one many to many many to many
! Pt f il tt
! f Pttt Pt 1 A

/

e.g. Video classification on frame level
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Planet NMT

® Seguence-to-sequence model
— Encoder®} decoder2 |1 M &[0 RS

Encoder Decoder

EiF HIERE K&

A4

A4
A4

<EOS>

A4
A4

A4

A4
A4
A4
A4
\ 4

i T

st=0/E S50/2  HYEIL/Lf | | <EOS> B7iE FIELL

A4

RiE

Sequence to sequence model
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ﬂanet NMT

® Encoder
— Word embedding: tt0]-& AFE7I O|5E == Rl= A2 B#Tiot= H4
» One-hot representation
:NZH2| THO7F ZXHSt= AFH M| B & Boie T NAHRI Q|
70 ZHEHSER|BE EHOPE ARO|S] mARY S AMO|HE BYlE = SIS
+ Word2Vec
P EFO{7t 7HX| = Q|0 & 7|82 2 THO{ & CHAHRl SZHof| A B ot et

<
9%
Q
e
i
2>
00

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
w(t-2) w(t-2)
wit-1) wi(t-1)

SUM /
—_— w(t) wi(t) —_—
wi(t+1) \ wi(t+1)
w(t+2) w(t+2)

CBOW Skip-gram



Planet NMT

® \Word2Vec

king : .~

Male-Female

walked
@)
x4
C),
walking
o
swimming
Verb tense

Spain \
Italy Madrid

Berlin

Ankara

Russia
Moscow
Canada Ottawa
Japan Tokyp
Vietnam Hanoi
China Beijing
Country-Capital

Word representations with relationship between words
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Planet NMT

® Seguence-to-sequence model with attention

Decoder
R M2 SIE <EOS>

ro
H
2
1

5302 HO S|} <EOS>

Encoder

Attention mechanism (from google)



Planet NMT

® Seguence-to-sequence model with attention

X Y Z <eos>

Attention Layer

Attention Layer

Context vector

Global align weights

w

Y

Attention layer Input feeding
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Results

® CHL{ 2| H|
— H|1 : 4|0|H, Baidu, Planet SMT(baseline), Planet NMT

« SMT : Hierarchical phrase-based machine translation
« NMT : Sequence-to-sequence with attention model

s =1
o o

&

1
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Results
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Results — Example 1
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Results — Example 2
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HA| flow

Deep learning 7| &= X &

EINZ, 7t M S 7HE22] o=

— EERERE] ZHE| 2| E|IMX .
el El Bl Grab-cut + Saliency

HoG+SVM £ Est A=

PuKappa

Pattern feature

Color feature

PuNKappa
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FHE| 1] 0=

t-shirt 0.45895

shr [0.25302
Yt 7e 223D

tee ‘©=

rot

PiNKappa)

] | J

| 1
Convolution Fully connected layer
ReLU activation Dropout “
Subsample pooling Softmax

Deng, Jia, et al. "Hedging
your bets: Optimizing
accuracy-specificity trade-
offs in large scale visual
recognition," CVPR 2012

20 40 60 80 100
convolution kernel
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Image & Segmentation

Filter

& Accumulate

Cateogry Grabcut

Regression

Background
Initial Mask

Box 3

Foreground
Mask

Saliency Map
Unknown Foreground
Initial Mask Initial Mask

A% AS

Dense HoG
+

SVM
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Visual Search 41}
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Visual Fashion-Product Search at SK Planet

Taewan Kim, Seveoung Kim, Sangil Na, Hayoon Kim, Moonki Kim, Byoung-Ki Jeon
Machine Intelligence Lab.
SK Planet, SeongNam City, South Korea
{taey16,seyeong,sang.il .na,hayoon,moonki,standard}@sk.com

Abstract

We build a large-scale visual search system which finds similar product images
given a fashion item. Defining similarity among arbitrary fashion-products is still
remains a challenging problem, even there is no exact ground-truth. To resolve
this problem, we define more than 90 fashion-related attributes, and combination
of these attributes can represent thousands of unique fashion-styles. The fashion-
attributes are one of the ingredients to define semantic similarity among fashion-
product images. To build our system at scale, these fashion-attributes are again
used to build an inverted indexing scheme. In addition to these fashion-attributes
for semantic similarity, we extract colour and appearance features in a region-of-
interest (ROI) of a fashion item for visual similarity. By sharing our approach, we
expect active discussion on that how to apply current computer vision research into

the e-commerce industry. )
http://arxiv.org/abs/1609.07859

- Open discussion

- Ongoing project

1 Introduction


http://arxiv.org/abs/1609.07859
http://arxiv.org/abs/1609.07859

Jacek Krywko

Machines with Brains

http://qz.com/821512/artificial-intelligence-for-fashion/

A floor-length, blush-pink Prada slip coupled with Bally heels and
diamond earrings by Chopard worn by Dakota Johnson on the red
carpet at the Venice Film Festival had Vogue talking about "90s
minimalism coming back again and catapulted Kate Young, Johnson’s
personal fashion advisor, to the very top of The Hollywood Reporter’s list
of 25 most powerful stylists in the industry.

With names like Selena Gomez, Sienna Miller, and Natalie Portman
among her clients, Young probably isn’t too worried about being out of
work anytime soon. Of course, Hollywood is fickle and fashions change
rapidly. And on top of that, Young and other stylists may be competing
with another type of latest and greatest: a fashion machine.

SK Planet’s Machine Intelligence Lab in South Korea has built a search
engine for fashion items powered by artificial neural networks. It


http://qz.com/821512/artificial-intelligence-for-fashion/
http://qz.com/821512/artificial-intelligence-for-fashion/
http://qz.com/821512/artificial-intelligence-for-fashion/
http://qz.com/821512/artificial-intelligence-for-fashion/
http://qz.com/821512/artificial-intelligence-for-fashion/
http://qz.com/821512/artificial-intelligence-for-fashion/
http://qz.com/821512/artificial-intelligence-for-fashion/
http://qz.com/821512/artificial-intelligence-for-fashion/
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e 2

® A L} O] Multi-ObjectOf| CHol R &= A= =
— Faster RCNN & &

RPN CNN 0| 0] X{&

». classifier

Rotcoline L({pi}, {t:i}) = cls(Pis P7) ZP@ reg (ti; t7)
prOpO% /7 4>
Y ROI Pooling layerS 0|£ Zt Region
N
Region Pmposa'NeW Proposal0]| Cl{3l| classification =2H
eature maps
T ‘
V' 4 S. Ren et al, “Faster R-CNN: Towards
y . . . . .
ot e £ Real-Time Object Detection with Region
Figure 2: Faster R-CNN is a single, unified network Proposal Networks’ "NIPS 2015

for object detection. The RPN module serves as the
‘attention” of this unified network.
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Detection Al A5}

11st 12 category dataset, multi-class, vggl6
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Feature Extraction

® Deep features

Low-Level| |Mid-Level| |High-Level Trainable
Feature Feature Feature Classifier

l

Feature visualization of convolutional net trained on ImageNet
(Zeiler & Fergus, 2013)
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Feature Extraction

® Deep features

Fully Convolutional
MaxPool

Global
MaxPool

C. Szegedy et al. "Going deeper with convolutions," CVPR 2015
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Feature Extraction

® Deep feature evaluation
— SAFAEQ CHSt ground truth£ BtE = A2 01 {2 =
- gM A7 Yot U4 DBE EH IR 7tsd WIS |2 o
— UKBench DB CjAf HAAH Al
* MAP 0.929

Deep feature is more suitable for a sort of semantic similarity retrieval application.
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Attribute Classification / Recognition

_\\ _w_:

b < o
1o ol in
od & K|
SIRE * T
o 50 _

2 _,_:_
..1-.‘ 0! n
od ni nju

<0 m )

<| Kl 57

:_ = vo t _
o <
[l ey
a1 a1 ol
20 o =M

od ar 1
<0y
<| Kl o K|
oF < %0 =

Al & -

o S g 1111 e e
B .

> e ol od MF 5<
e

20 77 < K|

125



Fashion Attribute DB

® More than 1 million images
® More than 90 attributes (thousands of unique fashion-styles by their combinations)

® Maximum 100 MM
® Almost 1 year

® Includes ROIs for a fashion item (for detection)

g waE 4 gloja » EE-E
X 158 Y 147 Width | 350 Height | 345
S olol| * A D) LEAS o O (O AD OF=LEAS =i A
”cl_llz- aaaaa C‘a ”""-:l:-cb ”chhcca
Bps
o= oH Nt
No 814776
Keyword Ak 20HEORY ~0pH2| =02 o=
Date | 2015-06-03 e == e oTE
= 05:54:21
87
- e oE2 @oIE o310|
Top 174
Width 3 oA QEHEENL oAER0E ZE oELAIES X% olILE
Height 411 2E|EE
Q X L o oXx Al o X
orE0! o oX 2EY 0 OX Ol o oox
clEd4 0 % Tr=TAl O OX HS 0 *




Fashion Attribute DB

Table 1: An example of fashion-attributes

Great category fashion-category = Gender Silhouette Collar sleeve-length
(3 classes) (19 classes) (2 classes) (14 classes) (18 classes) (6 classes)
bottom T-shirts male normal shirt long

top pants female A-line turtle a half

others bags : round sleeveless

Multi-label classification task
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Attribute Classification

® Simple classification?

,Q—>I Category

—)I Collar
p Sleeve
Z Length

Fully Connected Layer
Softmax Layer
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Attribute Classification

® Multi-label classification as sequence generation by using the RNNs

h

P(Gt, Qt—1y--- Go) :p(ao)p(a1|a0)p(a2|a1, ao) T

(. g
-~

p(GJOaal)
N ~~ J/
p(a/Oaal ,CLQ)
p(ag,a1,az2,...)

T Fashiun-aftﬁhutes:
=p(ao) Hp(at‘at—la L+, 00)- #Top-Bottom
t=1

#Dress :
#Round-neck . Long | ---
RNN 2 A1 7l = #A-Half-sleeved ;
= B = / e #Knee-length

- 1
L(9) : o, 8% [P6..q (@0]gs, (I)) X
D6... (a1]@0, g9, (1)) X
pﬁseq (a2|a’ﬂ1 al!QQI(I)) o .]
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Our vision encoder network

® ResCeption (Residual + Inception)

X

w

weigh

t layer

rrelu

Fix) 1
weigh

t layer

X
identity

K. He et al. “Deep residual learning
for image recognition," CVPR 2016.

Olltpllt(dcpth—cnncaf]

7x1 cony.
1x7 cony.
7x1 cony. 7x1 cony.
1x7 cony. 1x1 conv. 1x7 cony.
1x1 conv. MaxPool ||1x1 conwv. 1x1 conv.
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Performance evaluation of ResCeption

inception5 vs. BN-inception6 vs. BN-inception7 vs. ResCeption

100 -
®—e inception5, val-0.001
...... e—e BN-inception6, val-0.045
without BN e—e BN-inception7, val-0.045
o oo BN-ResCeption, val-0,045
w =
v, with BN
70| '.
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...... BN
\\\
60 | s
~
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~
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50 -— ———— ]
—— |
—_ = o ey
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Result of Attribute Classification

SHelx| QI Alo| FE MOIOX} 712 2X| H|Y2E
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Result of Attribute Classification

REDmonkey EEE P

9| ZE YOIojxt 2I1E FX| &£3i2t & 7Het AOI0X} O|L|E 32 AU X|A}ZIE
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A| 0§49| T XZ/FE EX|ZE/AT] e[l
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Result of Attribute Classification
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Guide information 2 M

g atof & oI A El= A|Z0f OpL2f
BHOY AP} BOAF S ME 0| ZYEIE S,

Cf LIOTIAT S AP AI7} Bl & 0] ZME/E 2

136



Guided Attribute Sequence Generation

Do, (a0|g6, (1)) —

*

LSTM

LSTM

?

ResCeption

peseq(a1|a’07 geI (I)) -

*

LSTM

96, (I)

a0 ~ pa,., (aolgs; (1)) }

Guided information

71

LSTM

} eseq

LSTM

T

-» a1 ~ Do, (al |aOa 9o, (I))
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Guide information extraction - NLP

A
Textual meta-information: Textual meta-information: Parsin g
women’s clothes/ brend-new/ &
cardigan and knit/ women’s shirts, blouse/ ) )
round-neck cardigan see-through blouse Morp holo gi cal An a|ys 1S

Synonym
&
Stopword dictionary

a) Women, cardigan, knit, round-nect
b) Women, blouse
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Attribute Classification Results

The same inputs but different results by

guiding fashion-product information
(sequence generation in RNNSs)

Guided fashion-category:
skirts

Recognition results:
#bottoms, #skirts, #woman,
#maxi, #pleats-skirts,
#no-slit skirts

Guided fashion-category:
tshirts

Recognition results:
#top, #tshirts #woman,
#normal-fit, #waistline,

#round-neck, #long-sleeved,

#striped

Guided fashion-category:

blous

Recognition results:
#top, #blous, #woman,
#waistline, #sleeveless,
#round-neck

Guided fashion-category:
pants

Recognition results:
#bottom, #pants, #woman,
#long-line, #skiny-shilloutte,
#normal-waist, #belt-type,
#button-lock, #in-pocket,
#roll-up cuff, #fading3°






Search results
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ROI detection

4

ROI detection

: A #

3 :
Information >—.-.m7.=.~n
Extraction recognition

7y

Attribute — |
recognition N :

g -

=

B s

8~ o P L

zzz < =

E Y- - = e | >
£ - o z

-_— = - b
ST R o 2 o= S =
ZEEEL <

2 3= -7 O =
o = ==

o8 3%



Guided Retrieval Results

29| RE 41101 IR BX| RS2} B Mol AE AIRI0IA 1B X US|} B Aol D 40101 2R PX| HYCETIZ} B Ae] IS MO0 2R PX| U2l &
21l S{ER|20] RAMNFS B CHEHIE,  210) So{R|2H0) UXHAUFN T CHEIE,  219) S{eR|20] UNHAFN B4 CHEUIE, 210 SufRI20l UAHUFRN B ClEYE,
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ﬁa

Guide: Jacket

- The “Guide” is automatically extracted from the meta

information uploaded by the seller.
22| RE HRUIOIA IR LX) R EF Rt § Ao AE QUK VW DX| (RUAC 2} F A2 DE HQU0IA R K| HYAEI 2 F M2 DE YOI 2R K| HUME |2t §
1 1 1 2O HYX|ZPF EAHAFA B CIEE, 2100 SYYX|2 TAHAFA OF CEHE, 210) HYX|2Q PAUAFA TS HEHE, 21Q) X2 BAYAFA 5 HEHE,
- User input is also possible! bbbl : st : . ok o

1149 1349 1en 13c3




Guided Retrieval Results

D

Guide: Bag

- The “Guide” is automatically extracted from the meta
information uploaded by the seller.

- User input is also possible!

)
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Guide: Shoes

- The “Guide” is automatically extracted from the meta
information uploaded by the seller.

- User input is also possible!
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Other Results

IS
backe:_coat
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Other Results

Aol E|ME HOI0ixt YRIEATA H2jziel uy 75 o) B[4 Aoloixt URHEAZA 2l2tel u 75 o] E|MZ A40I0ixt YR AT fajatel 22 u o] E|MX AoIoixt YRIHAZ sajatel uy 75
2| 040|F EIMX B EIMZ 2%| 0{42|F E|ME 7|=/2X| ElHZX 75 9X| 0i40I5 E|MZ B EIMZ 2x| 0f40|F EIME 7|=/2%| E[MZ

9| E|NZ HRICiA AXIYAUTA F2[2t2] ud 78 49| EINZ HloiAt ARIFARA F2j2tRl ud 78 49| EINZ HQICiA [AXIYAUTA F2l2tQl ud 78 49| E|MZ HoloiAt AR AT F2[2tRl ud 78
PR YR E|ME 2HR2E EIMZ £X| 0{82F EIMZE 7|2/FX| EIH= FA| YT E|ME 7| =/FX| EINZ= FX| Y2 F EIMZ BIR2E EIMZE

146



Other Results
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Thank you.

http://readme.skplanet.com
standard@sk.com
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