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Team LPIPS LR-PSNR Div. Score MOR Final
S10 [%] Rank
svnit_ntnu 0.355 27.52 1.871(11) - -
SYSU-FVL 0.244 49.33 8.735(10) - -
nanbeihuishi 0.161 50.46 12.447 g, - -
FudanZmic21 0.273 47.20 16.4507) - -
FutureReference  0.165 37.51 19.6366) - -
SR_DL 0.234 39.80 20.508 5, - -
SSS 0.110 44.70 132858 4.530@3 5.5
BeWater 0.137 49.59 239483y 4.720(y) 35
CIPLAB 0.121 50.70 23.091(4) 44782 3.0
njtech&seu 0.149 46.74 26924,y 49775 3.0
Deepest 0.117 50.54 26.041(2) 4.372y 1.5
SRFlow 0.122 49.86 25.008 4.410 -
ESRGAN 0.124 38.74 0.000 4.467 -
GT 0 00 - 3.728 -

Table 2. Quantitative comparison of participating teams. (4X)

Team LPIPS LR-PSNR Div.Score  MOR  Final
S1o [%] Rank
svnit_ntnu 0.481 25.55 4.516(1) - -
SYSU-FVL 0415 47.27 8.778 9) - -
FudanZmic21 0.496 46.78 14.287 7 - -
FutureReference  0.291 36.51 17.9855) - -
njtech&seu 0.366 29.65 28.193;) - -
SSS 0.237 37.43 13.5485y 4.6923 5.5
SR DL 0.311 42.28 14.817¢) 4.73814y 5.0
BeWater 0.297 49.63 237003y 5.133;5 4.0
CIPLAB 0.266 50.86 233204y 4.6372) 3.0
Deepest 0.259 48.64 269415y 4.630;) 1.5
SRFlow 0.282 47.72 25.582 4.635 -
ESRGAN 0.284 30.65 0 4.323 -
GT 0 00 - 2.613 -

Table 3. Quantitative comparison of participating teams. (8x)
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GAN: minimax the ’
classification error loss.

\4

VAE: maximize ELBO.

Flow-based
generative models:
minimize the negative

log-likelihood

Discriminator

D(x)

Encoder

49(2[x)

Flow

\

F(x)

\ 4

Generator

G(2)

\ 4

Inverse

f~(z)

\ 4

\ 4

-Simple distribution to
Complex distribution

-Inverse functions

-Not deterministic model



SRFLOW

SRFlow: Super-Resolution + Normalizing Flow

Normalizing Flow : Generative model, P(x|z)
X =2k = fr o fz° f1(20)

afi
log P(X) = log mo(z9) — £, log | det-— " |

dzi_q
Function f;

Invertible & easy to compute jacobian determinant
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SRFLOW

Inference & Trajr_l Input: Low Resolution Infeg:nce
Low-Resolution Encoder gg Tralrr_ling

| 3ef E 0 s I E
: 5 %" 2, s B Inference Output:
= =i T‘:: M "‘g“ s "é = = | Super-Resolution
§EN & 5 g % |-
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Transition Step E
“ Scale Level e
. .. raming Input:
Bz, B Invertibe Normalizing Flow fy High-Regsroh?tion
Normalizing Flow Conditional Normalizing Flow Affine Injector
1. zq, z, = split(z) 1. z4, z, = split(z) 1. scale,bias = fn(LR_image)
2. scale,bias = fn(z,) 2. scale,bias = fn(z,, LR_image) 2 7= — bias
Z1 . Z1 . scale IR
3z = — bias 3z = — bias i AW
scale scale Y/ )
4. Zpew = concat(zq,z) 4. Zpew = concat(zq,z) N



Adding
Noise to generate
Various images

DIV2k 828 DIV2k 873
LR-PSNR: 21.53 LR-PSNR: 24.11

/ e
N\
/ N
) )|
N\ < //
N



DIV2k 828
LR-PSNR: 21.53

DIV2k 8

LR-PSNR: 24.11

Noise Conditional Layer
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Conditional Affine
Coupling
(Noise condition)
Affine Injector
1X1 Convolution
Actnorm
1X1 Convolution
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Conditional Flow Step Transition Step N
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Github repo: https://github.com/younggeun-kim/NCSR | “/



DIV2k 828 DIV2k 873

N\

LR-PSNR: 21.53 LR-PSNR: 24.11
Model w/o NCL with NCL « SM: - . - -
- B = S 2
Diversity 2538 2672 SR S s R : WS
LPIPS 0.1228  0.1193 sSEMZS: £ S © S W ¢
LR PSNR 50.08 50.75 S =S € . = =
LR PSNR-worst  47.32 49.14
Conditional Flow Step Transition Step R
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NCSR

Noise Conditional Super-Resolution Model

Noise perturbed data
— Noise sampling

c; ~ Unif|a,b]
Zi = CLZI

Noise Conditional Flow

|. Noise sampling

2. Data Perturbation v; ~N(0,%;)

xt =x+v (GT)
yt =y + w (LR), (w is dowsampled v)

3. Noise Conditional Flow

fretlytv) =2



NCSR

|. Noise sampling

2. Data Perturbation
xT =x+v (GT)

y* =y +w(LR)

3. Noise Conditional Flow

Tt ly*tv) =z

Normalizing Flow
1. Z1, Zyp = Spllt(Z)
2. scale,bias = fn(z,)

z ]
3. z, =———bias
scale

4. Zp.w = concat(zq,z,)

Inference Train
(with noise)

(without noise)

Inference output :
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Super-Resolution
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Conditional Flow Step Transition Step

Conditional Normalizing Flow
Z1, Zp = Spllt(Z)
scale, bias = fn(z,, y)

z ]
= —1 — bias
scale

Znew = concat(zy,z,)
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Train input :
High-Resolution + Noise

Conditional Normalizing Flow with Noise

1. Z1, Zp = Split(Z)
2. scale,bias = fn(z,, y*,v)

_ Zq _ . // ;\\'».
A= scale bias [ 19) :})
4. Zyew = concat(zq,z) N 7/



DATASET

Train data : DF2K

800 + 2650 2K resolution images
Test / Valid : DIV2K

100 2K resolution images
Additional Dataset is allowed except DIV2K valid and test datas -

Unsplash2K

Crawled from unsplash.com
498 pairs
http://github.com/dongheehand/unsplash2K



New Super Resolution Dataset
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Figure 5: The sample images of Unsplash 2K
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New Super Resolution Dataset

Noise Conditional Layer X X v v v
Std Conditional Layer X v X X X .
Noise-free block X v X v v Ablation Study
Add extra data X X X X v
LR-PSNR worst 47.32 45.78 49.01 49.14 50.13
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HR

Bicubic

ESRGAN

SRFlow

NCSR (Ours)



Model Diversity LPIPS LR PSNR

RRDB [28] 0 0.253 49.20
ESRGAN [28] O 0.124  39.03
ESRGAN+ [26] 22.13 0.279  35.45
SRFlow [22] 25.26 0.120 49.97
NCSR (Ours) 20.72 0.119  50.75
NCSR* (Ours) 26.79 0.118  50.88

Table 1: General image SR x4 results on the 100
validation images of the DIV2K dataset

Bicubic ESRGAN SRFlow NCSR (Ours)



Model Diversity LPIPS LR PSNR

RRDB [28] 0 0.253 49.20
ESRGAN [28] O 0.124  39.03
ESRGAN+ [26] 22.13 0.279  35.45
SRFlow [22] 25.26 0.120 49.97
NCSR (Ours) 20.72 0.119  50.75
NCSR* (Ours) 26.79 0.118  50.88

Model Diversity LPIPS LR PSNR
RRDB [28] 0 0419 4543
ESRGAN [28] O 0.277 31.35
SRFlow [22] 25.31 0.272  50.00
NCSR (Ours) 26.8 0.278  44.55
NCSR* (Ours) 25.7 0.253 49.97
Bicubic = ESRGAN  SRFlow  NCSR (Ours) Table 2: General image SR x 8results on the 100 validation

images of the DIV2K dataset



0850 from DIV2K SRFlow NCSR (Ours) 0847 from DIV2K SRFlow NCSR (Ours)
Figure 6: Qualitative comparisons with other methods for x8 SR model.
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Lower : X8 SR model

2

y NCSR. Upper : x4 SR model

b

Figure 7: Random samples generated




Team LPIPS LR-PSNR Div. Score MOR Final

SlO [%] Rank
svnit_ntnu 0.355 2752 1.871(11) - -
SYSU-FVL 0.244 4933  8.735(, - -
nanbeihuishi 0.161 50.46 12.447 - -
FudanZmic21 0.273 47.20 16.450(7) - -
FutureReference  0.165 37.51 19.636 ¢, - -
SR DL 0.234  39.80  20.508s - -
SSS 0.110  44.70 13.285(5) 4.530(3y 5.5
X4 task BeWater 0.137 49.59 23.948(3 4.720(4) 3.5
CIPLAB 0.121 5070  23.091(y 44783 3.0
B njtech&seu 0.149  46.74 26924, 49775 3.0
B Deepest 0.117  50.54 26041y 43723, 1.5
SRFlow 0.122 49.86 25.008 4.410 -
ESRGAN 0.124 38.74 0.000 4.467 -
GT 0 o) - 3.728 -
Table 2. Quantitative comparison of participating teams. (4 )
SR.DL SYSU-FVL FudanZmic21 svnit_ntnu
Figure 2. Qualitative comparison between the participating approaches for 4 x super-resolution
Team LPIPS LR-PSNR Div. Score MOR Final
S10 [%] Rank
svnit_ntnu 0.481 25.55 4.516(,0 - -
SYSU-FVL 0.415 47.27 8.7789) - -
FudanZmic21 0.496 46.78 14.287 7y - -
FutureReference  0.291 36.51 17.985 5y - -
X8 task njtech&seu 0366 2065  28.193 . -
SSS 0.237 37.43 13.548(8) 4.692(3y 5.5
SR DL 0.311 42.28 14.817¢6) 4.7384y 5.0
BeWater 0.297 49.63 2377003y 5.1335y 4.0
FutureReference techfesen CIPLAB 0.266 50.86 23.320¢4) 4.637(9) 3.0
Deepest 0.259 48.64 269413y 4.630(y) 1.5
SRFlow 0.282 47.72 25.582 4.635 - _
ESRGAN 0.284 30.65 0 4.323 2 A
GT 0 00 . 2.613 - 19))
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Figure 3. Qualitative comparison between the participating approaches for 8 x super-resolution



SUMMARY

Flow-based model(not deterministic model)

Noise adding to generate diverse super resolution images
Noise conditional layer to inform noise to model

Solving dimension mismatch leads good perceptual quality

Got |5t place in NTIRE 2021, Learning for the Super Resolution task both of
X4, X8 tasks.

Github repo: https://github.com/younggeun-kim/NCSR

If you have question about paper or presentation, please send mail to
eyfydsyd97@snu.ac.kr
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https://github.com/younggeun-kim/NCSR

