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<2 12|Z 1> H|etsH= restore-from-restored 2 112|59) & F=

Algorithm 1: Restore-from-restored algorithm
Input: noisy input image Y

Output: fine-tuned parameter 6*, restored image fp-(Y)
Require: pre-trained network fy,, number of training set N, learning
rate «, noise level o
11+ 0
while i < N do
2 n ~ N(0, 02) // generate random noise
3 Loss(0;) = (fo, (£, (Y)4m;) — £5,(Y))? // calculate the loss
4 Oiy1 < 0; —aVy,Loss(0;) // update the network parameter
5 i+ i+l
end
6 0* «+— Oy
Return: 0*, f5-(Y)

<HE 3> LISt L|OJEIAl CFFSH 1 0] 2fHofl LSt £ A [k 0/&] 7|259] C|'=0& A5 H[u. £5/, DnCNN 8, RIDNet [15], RDN [16] HER/32| Zf2fa|E
QIC0|E M= 2 C|-0[F Zif7f H7[=[0] QL1, X7| K= 8t50] Afgdt= H0[E{S] 21 N 0] Z{A+5 L] 0|& &&50| L= /fME= 21 8fl7fs 3.

Urban100 DIV2K testset

BM3D [1] - 35.77 | 31.92 | 29.38 | 27.06 | 36.15 | 32.13 | 29.58 | 27.49 | 35.75 | 31.52 | 20.07 | 27.19
FFDNet [17] - 3543 | 31.87 | 29.51 | 27.60 | 36.36 | 32.55 | 30.08 | 28.11 | 35.82 | 31.87 | 29.55 | 27.82
Fully pre-trained | 36.18 | 32.98 | 31.09 | 29.71 | 36.99 | 33.41 | 31.39 | 29.99 | 36.28 | 32.51 | 30.47 | 29.11

N=5 36.26 | 33.07 | 31.20 | 29.84 |37.05 | 33.47 | 31.46 | 30.07 | 36.33 | 32.56 | 30.53 | 29.18

RIDNet [15] N=10 36.28 | 33.10 | 31.24 | 29.88 | 37.07 | 33.49 | 31.48 | 30.09 | 36.35 | 32.57 | 30.54 | 29.19
N=15 36.30 | 33.12 | 31.26 | 29.91 | 37.09 | 33.50 | 31.49 | 30.10 | 36.35 | 32.58 | 30.55 | 29.20

N=20 36.31 | 33.14 | 31.28 | 29.93 | 37.10 | 33.51 | 31.50 | 30.11 | 36.36 | 32.59 | 30.56 | 29.21

Fully pre-trained | 35.85 | 32.49 | 30.51 | 29.07 | 36.73 | 33.12 | 31.08 | 29.66 | 36.16 | 32.35 | 30.29 | 28.91

N=5 35.93 | 32.60 | 30.63 | 29.20 | 36.78 | 33.17 | 31.14 | 29.72 | 36.21 | 32.40 | 30.34 | 28.96

DnCNN [8] N=10 35.95 | 32.64 | 30.68 | 29.25 | 36.81 | 33.20 | 31.16 | 29.75 | 36.22 | 32.41 | 30.36 | 28.99
N=15 35.97 | 32.66 | 30.71 | 29.29 | 36.82 | 33.21 | 31.18 | 29.76 | 36.23 | 32.43 | 30.37 | 29.00

N=20 35.99 | 32.68 | 30.74 | 29.31 | 36.83 | 33.22 | 31.19 | 29.78 | 36.24 | 32.44 | 30.38 | 29.01

Fully pre-trained | 36.27 | 33.01 | 31.08 | 29.65 | 37.07 | 33.48 | 31.44 | 30.02 | 36.22 | 32.43 | 30.39 | 29.02

N=5 36.33 | 33.11 | 31.18 | 29.76 | 37.12 | 33.53 | 31.49 | 30.08 | 36.25 | 32.46 | 30.43 | 29.06

RDN [16] N=10 36.37 | 33.15 | 31.23 | 29.81 | 37.14 | 33.55 | 31.52 | 30.11 | 36.27 | 32.48 | 30.44 | 29.08
N=15 36.39 | 33.18 | 31.27 | 29.85 | 37.16 | 33.57 | 31.53 | 30.12 | 36.27 | 32.49 | 30.45 | 29.09

N=20 36.41 | 33.20 | 31.30 | 29.89 |37.17 | 33.58 | 31.54 | 30.14 | 36.28 | 32.49 | 30.46 | 29.10

32 #&ntojc|of M253 25
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Noisy Input (o = 40) pre-trained fine-tuned Noisy Input (o = 40) pre-trained flne-tuned

< — — [

Nousy Noisy

Nmsy Input (o =40) pre-trained fine-tuned Noisy Input (o = 40) pre-trained fine-tuned

Noisy Input (o =40) pre-trained fine-tuned Noisy Input (o = 40) pre-trained fine-tuned
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