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1. Edge Connect Introduction Sol

= [mage Inpainting

Image Inpainting, Image Completion2 0|0|X|2| =3t 222 L= Task

= Traditional Approaches
- Diffusion-based Methods : & pixel valueE missing regionsO| propagation A|7|= 4
- Path-based Methods : 7I% FAeH 222| pathE missing regions0f £0[|= 4]

> Over-smoothed and/or blurry 2H|7} SSXHOo 2 &/ st

(a) Ground Truth (b) Masked Image (©) Yuetal. [53] (d) lizuka et al. [22] (e) Ours (f) Ours (Canny)
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- Proposing Method

« Sketches2| Q&S ZXSIH 'lines first, color next’ MZ2HE ot

- 'Edge Generator’' and 'Image Completion'2 £ L} %= two stage processE T+ |0 UZ

(a) Input (b) Gntlpt (¢} PConv(Ours) (d) Ground Truth
X HFEH
<|EYEES
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- Proposing Method

« Sketches2| Q&S ZXSIH 'lines first, color next’ MZ2HE ot

- 'Edge Generator’' and 'Image Completion'2 £ L} %= two stage processE T+ |0 UZ

(a) Input (b) Gntlpt (¢} PConv(Ours) (d) Ground Truth
2= HFEH
<|EYEES
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- Proposing Method Overview
« SketchesQ| 2 HS ZZ8IH 'lines first, color next’ = H S At

« 'Edge Generator' and 'Image Completion'2 2 L} two stage processZ +HE| AS

<Edge Connect Model Architecture>

Hx W G Hx W HxWwW Hx W

H/Z xW/2 H/2Z x W/2 H/2 xW/2 H/ZxW/2

R HMX\J’M HMXHM Style(ﬁm, )
A CemnEsnmen| |- iEEESEENEEEE =
) e et 4 Reconstruction (Lf)
Dilated Conv + Residual Blocks Edge Map Input Dilated Conv + Residual Blocks Output o

Mask + Edge + D, D,
Grayseate DD ][ ReatrFake (£, ) DD (] e
adv,2
Feature Matching ( L,,)
Edge Generator (G, D4) Image Completion Network (G5, D-)
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2. Model Structure
1) Edge Generator

2) Image Completion Network
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< Edge Generator (G, D4) >

<Input>

¢
j‘ ' . <Output>

Mask 2 ¥ G

P £ /7 e ___H_ffjl,\;({f___ pimaan iy
,ﬁ ﬂ DHHU —

Mlssmg image Gray Dilated Conv + Residual Blocks - Edge Map
[
N DD[:H Real/Fake (L , )
‘ adv,1
Edge

Feature Matching ( L,,)

* Input & Output
v Cpred = G1(M rIgray ) Cgt)

« Notation
v" Ground truth image, edge map, grayscale : I5,Cy¢,1grqy
v' Mask : M (1 for the missing region, 0 for background)
v' Masked grayscale image : I jyqy = Igray O (1 — M)
v' Masked edge map : Cy; = C4r O (1 — M)

- 2 E 7t &2 Notation2 K| ¥ X[ X| 2 SHS LIEHH 2 (Masked)
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< Edge Generator (G, D¢) >

<Input>

N

<Output>

G HxW
1
xyﬂ (‘Yﬂ H/2 xW/2 AN H/2 xW/2
Y B U mugl)
Missing image Dilated Conv + Residual Blocks - Edge Map

D
. .HDD[:J[] Real/Fake (L , )

Edge 2
Feature Matching ( L, )

* QObijective Function

G D G

minmax L, = min ()\adv‘l ngix (Ladw1) + AR fﬁFﬂ,{)
. 1 .

10
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2. Model Structure S

< Edge Generator (G, D¢) >

<Input>
f&
<Output>
G| HxWwW
r‘:d (“",ﬂ H e H
L SEO | -
- IA %
Mss ng image Dilated Conv + Residual Blocks = Edge Map

Dy
. .HDD[:J[] Real/Fake (L , )

Edge 2
Feature Matching ( L, )

* QObijective Function

minmax L, = min | Poap 1 Max (Lage 1 )|+ ArmLEnm
G D1 G ) Dy )

> Adversarial Loss
Eadv,l - E(Cgt,lgray) [li)g' Dl (Cgt‘. Ig?'a-y)] + EIgm,y 102_; [J- - Dl (Cpf'ed-.« Igra,y)]

Z[CH=2t X|Ch S e~ Enkel N
10 7P Mo o = 00l ZH7HSI R OF Sto 2
GTE real 2 28SIEE Pred= fake 2 235l E

11



2. Model Structure

< Edge Generator (G, D¢) >

<Input>

8

<Output>

NiaaK G, HxW
y H/2 x WII2 HI2 x W12
(‘Yﬂ o ﬂ H/4 x W/4
roa T RA -
e
Mlssmg image Gray Dilated Conv + Residual Blocks - Edge Map
Dy
) DD ][ ReatvFake (£, )
Edge

Feature Matching ( L)

* QObijective Function

minmax L, = min
Gi1 D1 71

(Aadv,l 11;51){ (ﬁadv,lj +
1

A LEM

S5L *

Discriminator2| LayerS A %l

Activation Map

SEI UNIVERSITY

SEOUL, KOREA

=
=2 7zt H|@

== ~1°1

> Feature-Matching Loss s
/ >
L
(d) ’
Lry =E [Z N, (Cgt) — D77 (Cprea) IJ,’
S ENXCIN GToPredZt RAIBIRIZS .
\\
N
N
N
N\

D(l)

(2)

D< )(cp ed)
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< Edge Generator (G, D¢) >

<Input>
f‘Kﬂ
<Output>
G Hxw
{‘m (‘Ya H/2 x \//z A H/Z w2
> B - P8
Mi ss ng image Dilated Conv + Residual Blocks - Edge Map

( D
,’,JDD[:[] Real/Fake (L . )

Edge 2
Feature Matching ( L, )

* QObijective Function

G D G

min max L, = min ()\adv‘l ngix (Ladgw1) + /\FMEFM)
\ 1 \

v’ Regularization Parameter Setting

Agav1 =1
AFM =10

13
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2. Model Structure S

< Image Completion Network (G,, D) >

<Input>

<Output>

HxW Hx W
G,

»Style ( L’m/‘, )

*Perceptual ( me )

H/2 xW/2 H/2 xW/2

H/4 x W/4
Edge Map HDDH g
A Dilated Conv + Residual Blocks -

Mlssmg IMG L
g Di:] ][ Real/Fake
(L )
adv.,2

Reconstruction ( L, )

* Input & Output

v Ipred = Gy (igt ) Ccomp)

* Notation
v Composite edge map : Ceomp = Cgt © (1 — M) + Cpreg O M

14
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2. Model Structure SSL

< Image Completion Network (G, D,) >

<Input>

uxw  <Output>

HxW

G,

»Style ( Lsr_\ 5 )

H/2 x W/2 H/2 x W/2
N4 A
> PR e e
L 1 A ) »Reconstruction (L, )
J . !

Edge Map oy

S

Dilated Conv + Residual Blocks

.\.‘,A t D,
Missing IMG
> DD:]H Real/Fake
(Lmh. )

* Loss Function

ﬁGg — )‘E’l ﬁfl + )\a-du,‘Zﬁadv,Z + )‘pﬁperc + )‘Sﬁstylﬂ

15
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2. Model Structure S

< Image Completion Network (G, D,) >

<Input>

uxw  <Output>

HxW

G,

rStyle (L )

H/2 x W/2 H/2 x W/2 - y
N/4 (1
i I TR = N\ »Perceptual (L )
i s \ i
1 14003 R I ) Reconstruction (L, )
J < !

Edge Map oy

Dilated Conv + Residual Blocks

3 24 {H 0

Mlssmg IMG
> DD:][] Real/Fake
(LM‘.2 )

* Loss Function

ﬁGg — )\E’l ﬁfl + )\a-du,Qﬁadv,Z + )\pﬁperc + )\Sﬁﬁtyiﬂ

> L1 Loss

L{’I =E (|Igt - Ipred')

16
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2. Model Structure S

< Image Completion Network (G, D,) >

<Input>

HxW HxW <Output>

G,

HI2 x W12 HI2 X W12 . *style (L, ;)
/4 ;

Edge Map oy

D L 5 G *Perceptual (L)
] Y (AS) 1) P ) Reconstruction ( L/ )
,»131 )& 1
Dilated Conv + Residual Blocks -
2 1A {H o,

Mlssmg IMG
> DD:][] Real/Fake
(LM‘.2 )

* Loss Function

ﬁGg — )\E’l ﬁfl + )\a-du,Qﬁadv,Z + )\pﬁperc + )\Sﬁﬁtyiﬂ

> Adversarial Loss

Eadv,? — E{Ighcmmp) [ng DQ(Igts Ccom.p)] + Ecmmp lOg []- — DQ(Ipv'ed*. Cco-mp)]

Edge Generator2| Adversarial Loss2t 3 AFSHH,
Input2t 2bd O[O X[(Iye, Iyreq) 2 HE

17
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2. Model Structure SSL

< Image Completion Network (G, D,) >

<Input>
Hx W HxW <Output>
G,
HI2 x W/2 H/2 x WI2 rstyle (L ,,)
H/4 x W/4
Edge Map oy DE"'E 'E-"D ™ = ol »Perceptual ( L _— )
IR S O N £ O I ) ~Reconstruction11;/)
¥4 ) & 1
i Dilated Conv + Residual Blocks = -
% D
Missing IMG
> DD:]H Real/Fake
(L,40)

* Loss Function

ﬁGg — )‘E’l ﬁfl + )\a-du,‘Zﬁadv,Z - )‘pﬁperc 1 )‘Sﬁstylﬂ

ImageNet dataset2 E Pre-train =l
VGG-192| 1~5 Layer AH&

7
7’
> Perceptual Loss s
e
1 P 7 Layer1 vaGZ VGG
7 Layer3
_ L 4. $1(lge)
£p€‘."‘€ = E E —IF\IT' ”(;}1(191{) — wi(IPTEd)H]_]/// - $2Ige) Dm
R 11
1 g ~ - ¢3(’p d)
.~
0j2] Bte5o) 52 OH2 HEYI(vee-19)2 B8 e .
Activation map AHO|2] &4 S H| W REN
. . . ~
( ¢; is the activation map of the i’th layer) S
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2. Model Structure S

< Image Completion Network (G, D,) >

<Input>

HxW HxW <Output>

G,

HI2 xW/2 H/2 x W/2 » *style (L, ;)
/4 ;

Edge Map oy

BN EED » PEEERY e (L)
] Y (AS) 1) P ) Reconstruction (L, )
,»1;4 h— & 1
Dilated Conv + Residual Blocks
.,a “ H D,

Mlssmg IMG
> D [1[__]]l real/Fake
( Larf\'] )

* Loss Function

ﬁGg — )\E’l ﬁfl + )\a-du,Qﬁadv,Z + )\pﬁpm'c + /\sﬁstyie

> Style Loss
ﬁstyie — E_} HGf(iPTCd} — (;f(igf}nl:l

QM Perceptual Loss2t -??r*|'0|'71| Pred, GTE VGG-190] ¥ &5t0f L=
j’th Layer2| Activation map= Gram MatrixZ FH 25} X|'0|% LossE A&
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2.

Model Structure

< Image Completion Network (G, D,) >

<Input>

HxW HxW <Output>
G,
HI2 xW/2 H/2 x W/2 rStyle (L )
H/4 x W/4 S
EdEEE . i »Perceptual ( me )
("A » Reconstruction ( L/l)
o o, Dilated Conv + Residual Blocks
\ A4 D,
Missing IMG
DD:][] Real/Fake
( me\'_] )

Loss Function

ﬁGg — )‘E’l ﬁfl + )\a-du,‘Zﬁadv,Z + )‘pﬁperc +

> Style Loss
— E_;-' HGj}(iPTEd) —

ﬁstyle ¥f(lgf)||1

|
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S5L

Gram Matrix : Gj¢( )

ny X ny
n
+H see e ecee’
o000 o000

—» 0000 eeee ¢

v

Unrolled Version
Each row represents the

Ne Gram Matrix
[ ———
oo e
y " 1C
. © B L
olel e ‘):(: 7 ,,.,,I
o 0 o
olele '§ BEl NN
L

Correlation between filters

!

si2d o 3l
n. Xn dE2
o

Activation map 2t2|
MELCHE F X|-Ho|
Ae EHE 79
co-occurrences

(=]
S UAS.

M perceptual Loss2t FALSHA| Pred, GTE VGG-190] Y3 L=
j’th Layer2| Activation map= Gram Matrix© H S} 0| X}O| & LossE AlE
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< Image Completion Network (G, D,) >

<Input>

uxw  <Output>

HxW

G,

HI2 xW/2 H/2 x W/2 - »Style (L)
H/«I \//4 3 2
Edge Map oy A R R i ‘D " = ol »Perceptual ( me )
,,,,,,,,,,,,,,,,':,,,JL,J:,,,JL,J ) Reconstruction (L, )
,»1;4 )y & 1
Dilated Conv + Residual Blocks —
5 A4 D,
M ing IMG
> D [1[__]]l real/Fake
( Larf\' 2 )

* Loss Function

ﬁGg — )\E’l ﬁfl + )\a-du,Qﬁadv,Z + )\pﬁpm'c + /\sﬁstyie

v Regularization Parameter Setting

21
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3. Experiments
1) Experiments Setup
2) Edge Detection 2+ A&
3) Custom data Test

22
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= Experiments Setup
- Train & Test image size : 256 X 256
- Canny edge detector A& (o =2 )
- Dataset : CelebA / Places2 / Paris StreetView

- Baseline Models

1)  Contextual Attention (CA)
2)  Globally and Locally Consistent Image Completion (GLCIC)

3) Partial Convolution (Pconv)

- Evaluation Metrics

1) Relative #4
2) Structural Similarity Index (SSIM) : A|ZtHN ot & Xt0| & SALE Y (3|, CHH|, 71X)
3) Peak Signal-to-Noise Ratio (PSNR) : X|CHAl=CHESH|, O|O|X| E& &Y

4) Frechet Inception Distance (FID) : Feature space representation2| Xt0| &7
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3. Experiments SSL

Mask CA GLCIC| PConv¥ Ours | Canny
10-20% | 241 | 266 | 1.14 | 1.50 | 1.16
= | 20-30% | 423 | 470 | 1.98 | 259 | 138
< [3040% | 6.15 | 6.78 | 3.02 | 3.77 | 2.60
< [40-50% | 8.03 | 885 | 411 | 5.14 | 3.41
Fixed | 4.37 | 4.12 : 3.86 | 2.22
10-20% | 0.893 | 0.862 | 0.869 | 0.920 | 0.941
& [ 2030% | 0815 | 0771 0777 0.861 | 0.902
= [730-40% | 0.739 | 0.686 | 0.685 | 0.799 | 0.863
2 [740-50% | 0.662 | 0.603 | 0.589 | 0.731 | 0.821
Fixed | 0.818 | 0.814 | - | 0.823 | 0.892
10-20% | 24.36 | 23.49 | 28.02 | 27.95 | 30.85
%, [2030% | 21.19 | 20.45 | 24.90 | 24.92 [ 28.35
Z [ 30-40% | 19.13 | 1850 | 22.45 | 22.84 | 26.66
& [40-50% | 17.75 | 17.17 | 20.86 | 21.16 | 25.20
Fixed | 20.65 | 21.34 | - | 21.75 | 26.52
10-20% | 6.16 | 11.84 | - 232 | 225
L | 2030% | 14.17 | 25.11 | - 491 | 3.42
@ 30-40% | 24.16 | 39.88 | - 891 | 4.87
40-50% | 35.78 | 54.30 | - | 1498 | 7.13
Fixed | 831 | 8.42 : 8.16 | 3.24

24
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» Edge Detection &3 A3

- Effect of o in Canny Edge Detctor - Alternative Edge Detection Systems
2077 ‘
32 —— CelebA —&— CelebA
—#— Places2 —#— Places2
* r./'"'*"'-t--.t_: oV 15(| W= PV 1) Canny Edge Detector : speed, robustness,
28 —u_ e S
% 26 » Hom * 2w 0w ease of use
24 '; A R l.
¥ Sﬁ L) 2) Holistically-nested Edge Detector(HED)
22 !
20l oo_-.__:__._._'_._._-. § > NN 7| 82h Noise B &, &2t f|F

3) Element-wise multiplication

I

My

Figure 8: (a) Image. (b) Canny. (c) HED. (d) Canny©HED.

My

Figure 7: Effect of o in Canny edge detector on inpainting ‘
results. Top to bottom: o = 1, 3, 5, no edge data. } 25
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= Custom Data Test L fie e o pl

Dilated Conv + Residual Blocks

P cule (L, )

w2 xw2 wzxwn
R “ i it “ Fs\ Perceptual (£,,,.)
/ B reconsirucion (£,)

Dilated Conv + Residual Blocks

| ecgemap  inpuc Output

Mask + Edge + D,

D,
Gi It M— —
revseale [ reatrFake (£,,, ;) D [ Real/Fake
(L)

Feature Matching ( Ly, )

9= 0|O|X| Inout Edge Generator Image Completion
P
Result Result
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