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Xig, MNERPREAISRISRENEN 12,288, XA
BERSE GPU IREFFHE. AT RIRXMNEE, FHAISIN
TEMNMEI: 1) RENBEEELSHNERIERLURD ISR
HE UK 2) ERZAGE/NIREAD YA BEEE
ZERKERIE.,

4.2 55— EEMLE

ATEREENER, BAIBINTHEANFITmISE, 0
4 Ffi. EFE 2. bottom JRIBF[EIHETERE (FE)
HRBRAE, MIERERNZHSINE RREAII)
BE. EERNMREESRNRHFEERSFHRA—


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

FE © www.gwylab.com

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

BNMEEEREREHH. ATHEBRNXANIKE, il
LB 4 FmiA I BT, BIMERReIERS
MIRERNSREHKENG SN TIENUE. F0, B
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MAEG, RIBANEERE x'=z+x 0 (1-m), AT
HEGEEMAERN-1, 11EFREERT . JIHEFNE
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Algorithm 1 Training of our proposed framework.

1: while G has not converged do
2: fori=1,...,5do

3t Sample batch images x from training data;
4: Generate random masks m for x;
5: Construct inputs z < x ® m;
6: Get predictions X < z + G(z,m) ® (1 — m);
7: Sample t ~ U[0, 1] and X < (1 — t)x + tX;
8: Update two critics with x, x and X;
9: end for
10: Sample batch images x from training data;
11: 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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RELSBEHITRLIELSE, MEGESNATL7IIER.

BTk, HAVERRENKMRY Places2 RS, BT
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Places2 LRIIGIEEE PRI 1 iRE, FIUE2 RE, BE
SIREL (PSNR) FMIREZE (TV) REGERSHANIAIF
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Method f1loss Ffoloss PSNR TV loss
PatchMatch [3] 16.1% 3.9% 16.62  25.0%
Baseline model  9.4% 2.4% 18.15  25.7%

Our method 8.6% 2.1% 1891 253%

3+ 1: 7 Places2 ERIIIEES FRIY 11 MEIR, F9E 12 iR,
PSNR TV loss RUEERLITS%E,

BAINEEEREE 2.0M 8%, ALE[L7]PIRER
EAEIR—, HRBVE TensorFlow v1.3, CUDNN v6.0,
CUDA v8.0 E3CHl, H#EEH CPU Intel (R) Xeon (R)
CPU E5-2697 v3 (2.60GHz) #1 GPU GTX 1080 Ti RIRE{4
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E&ih 1.5%, XYFEYDPEI 512x512 HIEIE.
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More Results on CelebA, CelebA-HQ,
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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.
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