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Method Comparison to SoTA

> Overview > Restoration with Ideal Reference

Motivation

Simple solution: Use the Similarity matching of CLIP

* Butsometimes, inaccurate results appear on hard cases embedding to find the Topa related images as the reference
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* Similarto LLMs, we define it as the ‘hallucination’
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: Reference Image Retrieval High-fidelity Image Restoration : M th d CUFEDS WR-SR
, | p oo PSNRT SSIMt LPIPS| NIQE| FID] |PSNRT SSIMt LPIPS| NIQE| FID]
I
| | C2-Matching [45] | 20.77 05169 0.7282 84438 282.43| 22.63 0.5627 0.7177 8.3238 157.61
e ( T . I DATSR [46] 20.75 0.5130 0.7301 8.6765 282.19| 22.62 0.5620 0.7210 8.4329 157.54
! E"\ dractor | i | MrefSR [47] 20.84 0.5218 0.7853 9.6524 286.44| 22.68 0.5703 0.7748 9.7742 156.57
I Low-quality — ' Retrieved Images I,
| | — SmlESEE | BSRGAN Y] 20.22  0.5256 0.4135 4.2204 203.17| 22.07 0.5735 0.4073 3.8703 133.50
! | e e E o § o ' Real-ESRGAN [8]| 20.31 0.5543 03698 3.8832 17591 22.14 0.5974 0.3631 3.7001 97.88
| At b st ) . . StableSR [16] 20.46 0.4480 0.6532 6.3433 292.69| 21.22 0.4421 0.5899 5.2040 145.07
: | DIiffBIR [15] 19.76 0.4886 0.3820 3.5629 154.75| 21.30 0.5284 0.3938 3.8736 76.05
- |
| I SeeSR [19] 19.94 05195 03660 3.7912 142.92 21.73 0.5658 0.3501 4.0155 65.78
! e G ds ‘U h : di I SeeSR+ReFIR 20.32  0.5289 0.3338 3.7831 134.62 21.86 0.5664 0.3460 3.9089 61.22
oy | | econd Stage: Use the retrieved images ' Aimprovement | +0.38 +0.0094 +0.0322 +0.0081 +8.30 +0.13 +0.0006 +0.0041 +0.1066 +4.56
Reference Ground T"“‘h | ' SUPIR 18.97 0.4665 0.4807 4.5624 168.26 2091 0.5426 0.3791 3.7587 75.85
| > Reference Im Retri | . SUPIR+ReFIR 19.00 04729 0.4341 42085 148.69 21.02 0.5497 03785 3.7478 71.82
» Diffusion-based restoration models have gained success , ererence image hetrieva | Aimprovement | +0.03 +0.0064 +0.0466 +0.3539 +19.57 +0.11 +0.0071 +0.0006 +0.0109 +4.03
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. . . . > REfe rence Ima = REtriev al SUPIR SeeSR+ReFIR  SUPIR+ReFIR Groun;i Truth High-quality Iage T SeeSR SUPIR SeeSR+ReFIR  SUPIRReFIR
dilemma of diffusion restoration models T ____E ____________ e , S— e e —— e %
. . . : { Source Reference Chain (, ; | (S Arener ]| : r” DiffBIR StableSR Lm?)uf?n?; Wf’Ag;Ji ?*cc‘s}‘:
* Train alarger model for hard samples seems impractical - I } (- EEE - S B g D SOR e
1| Retrieved Reference Image | | | ::'":::": ;m rd B B e W SRR e re— Wﬂ:m@ﬂﬁiﬁ
B | L L | N Exm N - R Rl = Medin T
. \ P . I 4 . —l Ground Truth High-quality Image SeeSR SUPIR SeeSR+ReFIR  SUPIR+ReFIR Ground Truth High-quality Image T SeeSR SUPIR SeeSR+ReFIR  SUPIR+ReFIR
* Ourldea: Inject ‘external knowledge’ from extra reference images! | | 1|| |l| — .. - @ ame— T : :
| : -w.i‘__ | Q KV B A o o :
B)— e | l 1 S |1 1 L8 oo | ' > Restoration in the Wild
: | Bl e e = |
Model Probing a N W . e | (s Adapre G 1 Meiee | StableSR DiffBIR PASD CCSR SeeSR SUPIR SceSR+ReFIR SUPIR+ReFIR
oo | : vl | : o : | CAHICS [16] [15] [17] [18] [19] [20] (Ours) (Ours)
. T l'z High-quality Image O
- | OUTIEHETE o POmies s Reares || nose % 6 : : l _,“_4,. l 2 | : NIQE/| 37695 2.8458 5.1603 5.5082 4.7432 3.5076 4.4566(+0.2866) 3.4593(+0.0483)
: | - | | Lo H :a'ﬁj»ﬁ . |1 MUSIQT | 5195 6520 4901 3226 5554 59.84 57.13(+159)  60.49(+0.65)
E . % | E—) orgetRestorstionChain C; | | » T %« | ' CLIPIQAT| 0.6852 0.7845 0.5863 0.4568 0.6575 0.5692 0.6732(+0.0157) 0.5722(+0.003)
Z s 2 30, £ T v
g S \ ) 2 |
[ f | T |
e i ﬂ .
| s L% -

* Separate Attention
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We can divide the working mechanism of diffusion | | | | \ ,} e B a R R
¢ Spatlal Ada ptlve Gatl ng Low-quality Image SeeSR SUPIR SeeSR+ReFIR SUPIR+ReFIR Low-quality Image SeeSR S.UijiR."SeesR+RéFiiz SUPIR+ReFIR

restoration models into two stages
1. Denoising Structure Reconstruction

Ofuse — (1 o SM) X O'intra 5 SM X Oi'n.te"r
* Distribution alignment
O}use — AdaIN(Ofusea O'int-ra)

T » Working Mechanism
The self-attention in the ControlNet reconstructs a

clear overall structure from the noised representation

Additional Resources

2. Detaill Texture Restoration

Finally Modified Xtz
The self-attention in the UNet decoder fills scene-specific Advantages of ReFIR ® O
textures based on the denoised structure map. Force from LRM/4
(Internal Knowledge) y
@ We can transfer high-quality, scene-specific textures from the e > Q/_,:o',gfmgkeférence
reference images during the detail texture restoration stage! Currentlatent Xeeert! knowledge)




