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ABSTRACT

Due to the huge potential in the industry, understanding fashion images has driven a lot of attention. The
visual fashion analysis techniques are used in various ways, such ais fashion recognition, fashion retrieval. Unlike
general object images, clothes with non-rigid properties usually suffer from a deformation and occlusion in a
image. Since the non-rigid characteristic makes hard to apply algorithms to fashion images, various research have
been actively conducted to overcome this problem. Recently, with an advent of large-scale datasets and a
development of deep learning, diverse fashion analysis methods based on deep-learning are introduced, which
achieved huge performance improvement. In this paper, we introduce fashion recognition and fashion retrieval

methods among prominent deep learning-based visual fashion analysis methods.
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Fig. 1. An example of fashion recognition, which aims to
predict a category and attributes of given clothes
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Fig. 3. Illustraction of the Attentive Fashion Grammar Network[3]
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Table 2. Quantitative results for category c1a351flcat10n and attribute predlctlon on the Deepfashion-C dataset.

are marked in bold.
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Fig. 5. Examples of fashion retrieval. Consumer-taken
images with black lines are input images, and retrieved
in-shop images are on the right. Images with green line are
correct results[1]

_l

3.1 GRNet™
GRNet(Graph Reasoning Network)!"*-2- f]2]<} 72
22| o]u|x] Alole] G-AMA (Similarity)% ofe] 27
% (Scale)?] A 54} Ao EAE ARl
gk wot) (13 6). e EAlo] x]oﬂ Ex]S 3}
ek P o1 ) e, A e
Aol AL =A] G = $
3 533&, ofe] Ao Ao
EH Z% (Graph Reasoning)<
=x)gko 2y o|Fe] T Ugh -

g ARE BEF 5 e sslc),
|

Jelet Aeie] §1Y datel diste

vzl = 7t %% (Pyramid Spatial Window)Z
o83l ofz] 2AUL HHE FEI) Fet A
2lele] Fjetrl= 2A1e 9] (A A AL A4
), yieka S ul, 2A|ede] e EAEye] va

se] chast o] fAM S, & SHak,

o
)
P|Wz yz|

S(zy) = 5
p\PI Il H P|x}—y}|2H2

I E = (Node)ol| eld=l= 2+ =AU fAF

A st s g ALgBle] S aee 2k Az}
wy" e Thgat o] 243k

g lmn _ exp((T ts;) (T smn))

v 26XD(( Outsll) (T sﬁq)) (6)

olal, TE R P& 413 wge g%
Ek

= 3kt oA )
Z2 (Similarity Reasonmg)fj; =13} H]]V}Z]
o= A}

~if Lij lbmn mp
8, = E w, Sy,

l ™

0y M, N

GRNet= A9 547} 2| EAS T18|= 28
. i

oslel 5 4 &
slek S w4 S Tl olelt

ﬂ—r (Outerwear)®l] T3l

www.dbpia.co.kr



B S o83 A2 SR 24 7% Avle]

FeaturE Extmmon

S imilarity Computati |un

=

! i

i 1 ’

| )

1 )

! )

J [l

'

1 I H

! | Coxl gk si* 1Build

} ShareIWeight ! ﬁ H h
= ' — 1 1

[ | P . iGraph 1

|1 ' H '

| oxt [ st | '

| | GoogleMet ﬂ H 2 a = ! H

(! ] — .. 1

|\ , b1 1 1,

A m i Gt . A R S 51

2! 6. GRNet2] E=A3H13]
Fig. 6. Illustration of the GRNet[13]

5 Ao 5L F¥3) B3] Q= A9l e

3.2 FLAM™

FLAM(Feature-level Attribute Manipulation)!'*-2
95 o]w|x] 74 (Fashion Image Retrieval, FIR)}
9] 54 %=} (Fashion Attribute Manipulation,
FAMYS 540 SHRlo2s 57 wele] Au 5
S (Capacity) & S7HIA A5 FE olFed W
wole} (51 7).

FLAM‘;- omﬂ\ﬂ 1:]—7:]]9,]. _ﬂa] E/H zzl— 7;]]; ‘,]_
WA, e Aol A]= FIRZE F3-3] &

4 s—zg F2/10 B4 o8 R, 549 4w
] (Attribute-specific Embedder) ¢, =
S

54z

H 37t (Attribute-specific
Embedding Space)ll $¥IE3lct. o] wf g tigh =
A AEE FFsb] SlEix A AR AH d,
(Attribute Dictionary)E ARkl B4 AR AR

"] F7to] Shape, Color, Patternol] thgh A w =

*\ — Graph Edge
@ Global Similarity
. Local Similarity

Classification Loss

Fuuoseay ydeig

e

AN 5 UEE 7t o] B4 AH AR S 2
% 7Fsgt getvlgelc). ¢
| 59 e A o e
5 Ly 7F ARSI o] o, x o} v
7= B4 WEE ¢ 2l 3tk
trip = max{0, dist(z,z*) —dist(z,z”) + p} 8)
o2 Fel B4 &2 tAl¢ll4= GAN (Generative
Adversarial Network)e] ARE-%c) 53 wlg] w0
(z, 2" )ell sl A437] (Generator) G= tha)
7o) 9 el ERL /A= EA wE] =1 A

g

4 Ang
L

Gz, ¢,(z7))—>x ©)

SA wEe] A N5 dddske 7] Do A
£ we] poll tsje] theat zko] A £AES
(Adversarial Loss) L, 7} 2%t}

P 9 31, e 5 elsf 5
© = Rske el He] g A ) Ly, = E,[logD(z)] + 10
= =X 7 V7] — —
= 5 L= Ez’f[log(l—D(G(Iv%(I ))]
Attribute-specific Embedder () Query Feature Manipulator (G)
<Embedder> <Generator> <Discriminator>
original feature cycle consistency
“Blue” “Red” original & fake features
5 /I orginal feature x) [FFCTY shape recovered feature (%) ‘!‘!HI
/| e S
I ——
)
Attribute dictionary
. 1
i) FHECT shape
nfake feature (£) L e s Re \?[Fk 2 ' = “‘ﬂﬁﬁ\
L fake feature (1) (FF T pattern P W = WEn
Attribute-specific embedding space
Feature matching
32| 7. FLAM W9 =A13)14]
Fig. 7. Illustration of the FLAM method[14]
1179

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "20-07 Vol.45 No.07

Iy
=
o
oX
oy ol
8
X
=
s
f
g
8
f
E
)
i)
P

A SRkl SA ARl o

B4 ARE 2381 A olvIAE A A
2 ill-posed A7} A=, FLAM o]v|#]7}
opd 54 W] whellr] 22hs gaste] 12k oA
55 SH3sigich ol FIRZ vie] sl 54 5%
715 AHe-lloksl7] wjioll End-to-End 3<5o] Er}a}
the ©e] olrk

3.3 Hlw

3.3.1 do|E{All

o5 12] odF-ell4+= Deepfashion-C2SM-S- 1l
ul= dlo]ejAlo 2 Al43lt} Deepfashion-C2S o]
Al o) ofol&le] - ojer]e} vlpe] wha -
T (2], 38, AR, 2Ela s T/ (AHEAF &
o, v Zad) AwE AlgIcl = 33,881712] olo]
dell tallx] 239,557709] &]F diks Al

3.3.2 Ms
ofF A9 HF7HERE Topk 3FE (Recall
Rate) S AH-31odth Topk 3|82 o3l #2] 94
o tal A 7Hg A=) =2 ko] Azl olvAE
< Adsta, AME oA FellA 7 34T D7}
At ALE =R} 44| Exol% A7
WTBI®'¢} DARNP ¥ T} GRNet3} FLAM -2 Abukgh
A5 ALY 9dglt). E3] FLAM HF o] 7].OL =2
oo SAEh

o=

o

l‘

o,

E 3. Deepfashion-C2S dlo[E]Mle]l gt o7 A A5 o
oAb Re gke Al EAE

Table 3. Quantitative results for fashion retrieval on the
Deepfashion-C2S dataset. The best score are marked in
bold.
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