FE © www.gwylab.com

JRSCKIR | https://arxiv.org/pdf/1801.08792.pdf

[cs.CV] 21 Mar 201¢

arXiv:1801.07892v

Jiahui Yu! Zhe Lin? JirneiYang2 Xiaohui Shen? Xin Lu? Thomas S. Huang?!

1University of lllinois at Urbana-Champaign 2Adobe

CelebA CelebA-HQ DTD

ImageNet Places2

https://github.com/JiahuiYu/generative inpainting

Research

[3,25,30,31,36,41 ]

[3,14]
[10,11]

(3]

CNN GAN
[12] [17,27,32,41]


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf
https://github.com/JiahuiYu/generative_inpainting

#E - www.gwylab.com JESCRIR  https://arxiv.org/pdf/1801.08792.pdf
b
WGAN [13]
(17]
CNN
b
CelebA [28] CelebA-HQ
[22] DTD [6] ImageNet [34] Places2 [43]
64 6 3x3
2 [17,22]
2.1
[40]
GPU 512
x 512 [2,4,10,11]
Simakov [36]
(36]
softmax PatchMatch [3]
GAN
[23,39]
Con-word Encoders [32]
Wasserstein GAN [1,13] 128x128
64x64 2
lizuka [17]
1
) lizuka [17]


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

#E - www.gwylab.com JESCRIR  https://arxiv.org/pdf/1801.08792.pdf
Con-word V. MAANT @ 2
[17]
Yeh [41]
[27]
256 %256
[37,40] [5,26]
[40] lizuka
[17]
GAN
2.2.
spir [15] [24]
Jaderberg [19] [17]
STN
[18] [17]
ELU [7] RelLU
[44] tanh sigmoid
[17] GAN
VP U P v Wasserstein GANs
DCGAN [33] [17,27,32]
(8]  Jeon [20] WGAN-GP [1,13] WGAN-
GP
[17]
WGAN-GP GAN
3 1 fil 0
[17]
WGAN EM a.k.a.Wasserstein-
1 W Pr; Pg

Kantorovich-Rubinstein


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

#iFE © www.gwylab.com JESCRIR  https://arxiv.org/pdf/1801.08792.pdf

f Tooopmmend]|]

Dilated Conv.

||ooomeEeo

Dilated Conv.

[ -

Raw  Inputand Mask Coarse Result Inpainting Result | DD = :

Coarse Network Refinement Network N f—_—l—_éf—g—l_—é[—lt_l—g :J
2: WGAN-GP
T o
7t wTu AG
min max Fxp, [D(x)| — Exp [D(x
tinmax Ex-p, [D(x)] — Ex~p,[D(X)],
D  1-Lipschitz Pg x~ = G(2)
z Gulrajani  [13]
WGAN

Mg, (|[V&D(%)[|2 = 1)%,

XN g Pg Pr
D XN=(1-t)+tx?
X" VaD'(%) = R [38]
M
m Y Y
0.99
AEsp, (|[V2D(X) © (1 —m)lls — 1)%, [32,41] [41]
0 1 else-where
10 77 Pathak [32]
1 [17] x10
WGAN
WGAN Wasserstein-1 1-EM !
WP By) = nf Elxy)mrllx=yll): - Dlacess
Pr: Pg Xy [43] [17] 11,520 GPU
Pr Pg K80 120 GPU GTX 1080
WGAN 100 [17]
1 4.


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

#E  www.gwylab.com JRSCKIR | https://arxiv.org/pdf/1801.08792.pdf

il

O00M00H

Contextual

Deconv. for
Reconstruction

U Attention Layer |
),
Coarse Eesult L' |:| I:| |:| D D D D l:l D4
Dilated Conv.
Feature

Softmax for

4 Matching Comparison

Foregroun

3
4 -
softmax
t 0A€i
S*x+1yx6+1, y o
4.1.
ém’y,mf’y’ = : :
ie{—k,..,k}
nu 3
3
3x3 JEav Qv 128x128
{fxy } {bx, ¥y &
GPU
s _ ( fI,y bﬂﬂ',y’ ) 1
mlyﬁmrﬁy’ - ? 1
[zl 1bar ] ;2
Sxy,x6 , y 6 x6, yo X,y
x&0 softmax
4.2,
Sy X0, yO=SOFTISAWK&E oy § P &
4 2. bottom
, softmax

{bxéd }y 0

Visualization

»

Attention Map

-

Concat

Il

Inpainting Result

Attention Map Color Coding

, S*™,yx0, y o6

*
Seiyy,a’ iy

64x64
12,288


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

FE © www.gwylab.com

JRSCKIR | https://arxiv.org/pdf/1801.08792.pdf

z=X

x&G(z,m) x0

x"=z+x6 (1-m)
[_11 1]

1

Algorithm 1 Training of our proposed framework.

while G has not converged do
fori=1,...,5do
Sample batch images x from training data;
Generate random masks m for x;
Construct inputs z < x ® m;
Get predictions X < z + G(z,m) ® (1 — m);
Sample t ~ U[0, 1] and X < (1 — t)x + tX;
Update two critics with x, x and X;
end for
Sample batch images x from training data;
Generate random masks m for x;
12: Update inpainting network G with spatial dis-
13: counted ¢; loss and two adversarial critic losses;
14: end while
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More Results on CelebA, CelebA-HQ,
DTD and ImageNet

CelebA-HQ [22] We show results from our full
model trained on CelebA-HQ dataset in Figure 10.
Note that the original image resolution of CelebA-HQ
dataset is 1024 1024. We resize image to 256 256
for both training and evaluation.

CelebA [28] We show more results from our full
model trained on CelebA dataset in Figure 11. Note
that the orig-inal image resolution of CelebA dataset
is 218 178. We resize image to 315 256 and do a
random crop of size 256 256 to make face landmarks
roughly unaligned for both training and evaluation.

ImageNet [34] We show more results from our full
model trained on ImageNet dataset in Figure 12.

DTD textures [6] We show more results from our
full model trained on DTD dataset in Figure 13.

10

B. Comparisons with More Methods

We show more results for qualitative comparisons
with more methods including Photoshop Content-Aware
Fill [3], Image Melding [9] and StructCompletion [16] in
Figure 14 and 15. For all these methods, we use default
hyper-parameter settings.

C. More Visualization with Case Study

In addition to attention map visualization, we visualize
which parts in the input image are being attended for pix-
els in holes. To do so, we highlight the regions that have
the maximum attention score and overlay them to input im-
age. As shown in Figure 16, the visualization results given
holes in different locations demonstrate the effectiveness
of our proposed contextual attention to borrow information
at distant spatial locations.

D. Network Architectures

In addition to Section 3, we report more details of
our network architectures. For simplicity, we denote
them with K (kernel size), D (dilation), S (stride size)
and C (channel number).

Inpainting network Inpainting network has two
encoder-decoder architecture stacked together, with
each encoder-decoder of network architecture:

K5S1C32 - K3S2C64 - K3S1C64 - K3S2C128 -
K3S1C128 - K351C128 - K3D25S1C128 - K3D4S1C128
- K3D8S1C128 - K3D16S1C128 - K3S1C128 -
K3S1C128 - resize (2 ) - K3S1C64 - K3S1C64 - resize
(2)-K3S1C32 - K3S1C16 - K3S1C3 - clip.

Local WGAN-GP critic We use Leaky RelLU with =
0:2 as activation function for WGAN-GP critics.

K5S52C64 - K552C128 - K552C256 - K552C512 -
fully-connected to 1.

Global WGAN-GP critic K5S2C64 - K5S2C128 -
K5S2C256 - K5S2C256 - fully-connected to 1.

Contextual attention branch K5S1C32 - K3S2C64 -
K3S1C64 - K3S2C128 - K3S1C128 - K3S1C128 - contex-
tual attention layer - K3S1C128 - K3S1C128 - concat.


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

¥ www.gwylab.com

L1 AK S EN

g, gﬂﬁ C
® BI EDII

CelebA-HQ

10

11

CelebA

11


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

FE © www.gwylab.com JESCRIR  https://arxiv.org/pdf/1801.08792.pdf

13 DTD

12


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

#iFE © www.gwylab.com JESCRIR  https://arxiv.org/pdf/1801.08792.pdf

il

attention map of fuII model

Content- Aware F|II [3] ImageMelding [9]

StructCompletion [16] our baseline model our full model attention map of full model

14

13


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

#E  www.gwylab.com JRSCKIR | https://arxiv.org/pdf/1801.08792.pdf

Content-Aware Fill [3]

7

our full model

our baseline model our full model attention map of full model

StructCompletion [16]

15

14


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

JRSCKIR | https://arxiv.org/pdf/1801.08792.pdf

FE - www.gwylab.com

=3=]

(;‘54_
(nlt.g_

C '
| |
: s

16

15


http://www.gwylab.com/
https://arxiv.org/pdf/1801.08792.pdf

