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Diff-2sIR: Diffusion-based refinement two-stage image restoration model

Zhang Xu Hu Junfeng

(College of Computer Science and Control Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: In recent years, significant progress has been made in the field of image generation, but the consistency
between the repaired and unmodified regions remains a common challenge in image inpainting tasks. This paper
proposes a two-stage image inpainting model based on diffusion models (Diff-2sIR) to enhance the consistency between
the repaired and unmodified regions. thereby improving the overall quality of image inpainting. Based on the theory of
diffusion models, a two-stage inpainting framework is designed. By improving the U-Net architecture and the diffusion
model sampling algorithm, the initial inpainting results are further refined in a second stage, alleviating the
inconsistency between the repaired and unmodified regions. In the face inpainting task on the CelebA-HQ dataset, the
Diff-2sIR model achieves the best FID score (2.92), significantly improving the inpainting quality. Experimental
results show that the model further refines the inpainting results based on the guidance module, demonstrating
exceptional performance. The Diff-2sIR model effectively addresses the inconsistency between the repaired and
unmodified regions, providing a new solution for image inpainting tasks, with significant theoretical and practical
implications.
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Diff-2sIR results demonstration
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Algorithm 1 Training process of Diff-2sIR

1: repeat

2 xp ~ p(xp)

3: m ~ p(m)

4: xr = Varxg + V1 —aze, & ~ N0, I)

5 Xm —mO &y + (1 —m)Oxg, &m ~ NO,I)
6: Xe—mox+(1-m)ox

7: Take a gradient descent step on

Vollm © fy(xm, X, @) —mo &l

8: until converged
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Algorithm 2 Sampling process of Diff-2sIR
1: Stage 1:
2: if Utilize diffusion models then
3 xr, ~ N(0,1)
4: fort=Tg,...,1do
5
6

g ~ N(0, I)1ft> lelses =0
X = w/_( t 7 ﬂfﬁ(xm,xt,ar)H

“ —

7: x:_l=m(3x:_l+(l—m)®x0

8: end for

9: else
10: Perform restoration using other models
11: end if
12: return Xy
13: Stage 2:

14: xr = ari + \/l —arer, et ~ N, I)
15: forr=7,...,1d
16: 8~N(0 I)lft>lelse£—0

17: X ‘ﬁ(x, ﬁfb(xm, Xr, @)+
V1 —ae

18: X1 =mOx_1+(1-m)Oxg

19: end for

20: return xp

The illustration of the principles of Diff-2sIR

Algorithm 3 Sampling process of Diff-2sIR+
: Stage 1:
: Same as Algorithm 2

Stage 2:
xr = \arxo + VI - aer, er ~ N©O,I)
: Let Ty €{1,2,..., T}
: fort="Ty,..., 1do
e~N@O,Dift>lelsee=0

X1 = ﬁ(xt - \'/l_f'—’(_,‘fo(xm,xu&z)) + V1l —-ae

9: X1 =mOx_1+ (1 =m)Oxg
10: end for
11: return xg
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Table 1 Comparison with other advanced inpainting models
CelebA-HQ (256 X 256)
LAY Para. X 10° Small Mask Large Mask
FIDy  IS* PIDS/% 4 UIDS/%*  FIDy IS*  PIDS/% 4 U-IDS/% 4
MAT 62 3.00 3.70 20.25 31.32 5.20 3.52 11. 96 22.84
+ Diff-2sIR™ 62 2.92 3.71 17.91 30. 20 5.15 3.55 8. 45 21.58
LaMa 27 3.96 3.55 10.12 22.39 8. 50 3.37 2.10 9.20
+ Diff-2sIR” 62 3.17 3.59 14.27 26.78 6.24 3.46 4.81 15.39
DDNM 113 3. 60 3.59 10. 89 23.91 7.67 3.45 3.01 10. 57
+Diff-2sIR " 62 3.07 3.63 16.20 29. 69 5.84 3.49 7.22 17. 89
DiffIRg, 26 3.74 3.61 9.42 23.24 8. 06 3.39 2.61 9.61
+ Diff-2sIR™ 62 3.02 3.64 14.53 27.13 5. 86 3.50 5.21 16. 37
EdgeConnect 22 5. 13 3.45 6.05 15. 85 12.10 3.21 0.94 2.92
+ Diff-2sIR” 62 3.87 3.59 11. 66 24.17 8.33 3.42 3.44 11. 01
M2S 68 3.79 3. 66 12.50 24. 64 7.25 3.50 4. 04 13.03
+Diff-2sIR™ 62 3.21 3. 65 16. 40 29. 62 5.77 3.57 8.05 19.55
WavePaint 13 4. 14 3.53 7.35 16. 56 8. 89 3. 20 1. 34 3.91
+ Diff-2sIR™ 62 3.17 3.59 14.27 26.78 6.42 3.43 4.94 14. 62
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