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Generative Image Inpainting With Attention Propagation

CAO Cheng-Rui' LIU Wei-Rong' SHI Chang-Hong' ZHANG Hao-Chen'

Abstract There are disordered structures and blurred detail textures in most existing image inpainting methods,
because the inpainting network cannot make full use of the information in the non-damaged regions to infer the con-
tents of the damaged regions during reconstructing process. To address the issues, an image inpainting network
driven by multi-scale attention propagation is proposed in this paper. Firstly, the high-level features extracted from
the full-resolution images are compressed into multi-scale compact features, and then the compact features are driv-
en to perform multi-scale attention feature propagation in order of scale size. As a result, the high-level features in-
cluding structures and details are fully propagated in the network. In order to realize fine-grained image inpainting,
a compound granularity discriminator is proposed to constrain image inpainting process with global semantic con-
straints and non-specific local dense constraints. A large number of experimental results show that the proposed
method can restore higher quality inpainting results.
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Fig.1  The structure and detail issues encountered in

current image inpainting method
& 2 fros oA e R EEBIE R T REH R
(17 B4 5 25 A B 265 . oAbt PR 225 2 ) 25 G Y
1FENRERHE, KR EREIEN BT BEATRHAIE

PRI, SR 5 i i A S AT D e B IR AT
W TR B S E B0 G B &% 45 14 A7 A2 AR 7™ 5 10
fIEAE 35 52 BH 8, e S X 7 e SRR Ak T ok
(— RN 64x64 BER AN, RBUFIERESY 5K G
GASSE RN SOk S R 1R N VE DT Sl RES TR
I H) S5 TR AE, RIS BELAS T 45 A A4 T A5 Ak AE
[RE SN NNTIES 3 O C5 =R 4P S B4y ok pi)
FHTE SO GBI L 52

B FRAESRIK

}64 Bz

—

64 15%
2 HWHLE gL E

Fig.2  Conventional autoencoder
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Table 2 Quantitative comparisons on CelebA-HQ, Facade and Places2
PSNR SSIM Mean L1 loss

HoE e HERG
CA MC Ours CA MC Ours CA MC Ours
10% ~ 20% 26.16 29.62 31.35 0.901 0.933 0.945 0.038 0.022 0.018
20% ~ 30% 23.03 26.53 28.38 0.835 0.888 0.908 0.066 0.038 0.031

CelebA-HQ

30% ~ 40% 21.62 24.94 26.93 0.787 0.855 0.882 0.087 0.051 0.040
40% ~ 50% 20.18 23.07 25.46 0.727 0.809 0.849 0.115 0.069 0.052
10% ~ 20% 25.93 27.05 28.28 0.897 0.912 0.926 0.039 0.032 0.028
20% ~ 30% 25.30 24.49 25.36 0.870 0.857 0.871 0.064 0.052 0.047
Facade 30% ~ 40% 22.00 23.21 24.53 0.780 0.815 0.841 0.084 0.068 0.059
40% ~ 50% 20.84 21.92 23.32 0.729 0.770 0.803 0.106 0.086 0.074
10% ~ 20% 22.49 27.34 27.68 0.867 0.910 0.912 0.059 0.031 0.029
20% ~ 30% 19.95 24.58 25.05 0.786 0.854 0.857 0.097 0.051 0.048
Places 30% ~ 40% 18.49 22.72 23.41 0.714 0.800 0.805 0.131 0.071 0.066
40% ~ 50% 17.54 21.42 22.29 0.658 0.755 0.765 0.159 0.089 0.081
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Results with/without attention propagation
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Results with/without compound discriminator
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Table 3  Effectiveness study on each component
A8 x f f =l fa H
Att4 x p3 | a ol el
At2 x x i =] =l &l
Att0 x x & X f i
Single-D H H H H H ¥
Cg-D x T x 7 & f
Mean L1loss 0.091 0.089 0.086 0.081 0.078 0.074
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