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1) Rethinking Noise Synthesis and Modeling in Raw Denoising [ICCV 2021]

Background

 Noise in normal light

D= KgKo(I+Ny) +KyK;Ny+KgNy+ KgN,}
signal—dependent signal—independent

-Kq4(I + N, + N;) : analog signa©| analog gaing 71 X[ 7| T1 % 2| 2}7 01 M 2| noise
LA FH B M (RIAF A )
5Ny Photon shot noise
:'* N : Analog gain T Of| 2d5t=CtE 2 &
:': K, : Analog gain, ADCO|| S0{7}7| M M=

-Kg4(...+ Ny + N, ) : Digital THA O M M= 7} HSte[ 1 S5 &= 17 0| M 2| noise
;= N, : Digital gain 0| &4 ot=LCHE 2= L O|=2| ¢
52 Ng : Quantization noise

.« Kg : Digital gain
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1) NAFNet: Nonlinear Activation Free Network for Image Restoration [ECCV 2022]. Available: https://github.com/megvii-research/NAF Net
2) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]. Available: https:/srameo.github.io/projects/levd

Background

* Video Denoising
- Image Denoising vs Video Denoising
~Noise in Video = Typical Degradation in Image + H|C| 2 &= I 0| M M SH= 0| =

- =X

<1 & Video Denoising =& Of| A|>
; 61-’0"C|| 3_';.'3. mage 14e0 Denoismg | o O:" | VDS
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Temporal As a Plugin:
Unsupervised Video Denoising with Pre-Trained Image Denoisers (ECCV 2024)
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1) Supervised Raw Video Denoising with a Benchmark Dataset on Dynamic Scenes [CVPR 2020]

Introduction
» The Challenges of Existing Video Denoising Methods

- Supervised Learning:

- X2 B2 Held 2E50| {2 supervised learning 2 4]
- 232 oM = B2 2] paired noisy and clean videos= HR2Z o
=2 20[ B2 T HO| M| noisy-clean videos | O|E &= =&5St= A 0| 024 HX|E =7t=
Ht= H IS0 O|0|X|Z9| 0= =2l & B L2 BM3D HE5H0 GT =g -

- Unsupervised Learning:

- #|2t Z£2 O] F= noise videosTt 2 2 St52 =St = unsupervised methods A| 2t
- J2{L}, unsupervised methodsi= CH S artifacts, residual noise 2 4

Noisy Raw
Clean Raw

\ Noisy sSRGB

ﬁ Clean sRGB

Noisy 7 UDVD (unsupervised) FIoORNN (supervised) Ours (unsupervised)
R - Flg 1. 7| & video denoising £-OF & & H| > <A paired noisy-clean image> |_|VDS
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1) Beyond a Gaussian Denoiser: Residual Learning of Deep CNN for Image Denoising [[EEE TIP 2017]
2) Efficient Multi-Stage Video Denoising with Recurrent Spatio-Temporal Fusion [CVPR 2021]
3) Temporal As a Plugin: Unsupervised VideoDenoising with Pre-Trained Image Denoisers [ECCV 2024]

Related Works

* Unsupervised Video Denoising

- DNCNND

- Model for Image Denoising

- Convolution, BN(Batch Normalization), ReLU, stacked plain block, global residual connection(Zt X} &+&)
- EDVR?

- Supervised Video Denoising Model

- PCD(Pyramid, Cascading and Deformable) & & 2=, TSA(Temporal and Spatial Attention) 82 2=

- REDS datasets, Vid4, Vimeo-90K-T datasets AF2

- Temporal As a Plugin?

- X2l ™ clean-noise O|O|X| 42 =T3t7| O{ & 7|0 Unsupervised & 4] 2| Video Denoising

R TEERTT

- Pre-trained image denoisers 7|=2 2 S0 tunable temporal modules =7+ & EH
ol 7to !
D —

- Temporal module: 02 .= O|= Z2|| Q] 7+2| 7t =& Al temporal information= & -&5tE =

ot
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Methodology

» Overall Architecture of Video Denoiser
- AL 2h&El Image denoiser?t Temporal module= & &6+ 474

« Input: Y = {y4, ... ¥, -, YN}
-H|C| YO A T7HO] =R F=&: v, € RTXHPWXCin S| M= T=5
-S4 =gy, € RXIWXCinZ ESIY] video denoiserl| YH2E AR

= Output: X= {X1, o Xty .. XN}

X

Residual | T<H<WxC tﬁzl‘emporal LHW=C ["Residual ¢l )
Blocks Module Blocks Ll

TxHxWxCly, A

1 A I HXWxClout
Ye-1 Y Y1 transferred transferred t
offset features Pre-trained layers
Temporal Module * Keep frozen

1

Offset convolutions

Ay

Y

/ H W % * HW
1 x— St T
: esidual | 72" 2% Temporal |"2*2 % ["Residual | | ¥ ;z'ggﬁ:_nnmgées
: Blocks Module Blocks (3%3) 3x3 Convolution

'
/7 Deformable Convolution
1

I §
q 8 i
’ o ' i *
H
[ i I 7 H W A, HW Downsample
[ ! = S ¥ s 5
: b Sc . IS Residual | 73 77“C" Temporal |7 27 2C [ Residual ¥ Chunk and downsample
i I —
g8 U S Blocks Module Blocks Upsample

Element-wise Addition

4

*
D
1x£xExSC “ idual 1><£><Exsc ﬂ Offset
A 8§ 8 _ 3 8 @ Aligned Feature
<Fig 2. M| 2kt video denoising overall architecture>
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Methodology

* Overall Architecture of Video Denoiser

- 4-level encoder-decoder 7|8 image denoiser
- O2{ 719 residual block2 £ 4
- Encoder-decoder AFO|Of| Z} skip connection Ol temporal module & &
'+ spatial information= = =6 H M temporal information 2-&

- 3 x 3 Convolution £ £ & FZ, residual blocksE &1IStH feature map 37| = 2~(downsample)

| Residual Residual
Blocks Blocks

A

e »J ;{J'"_":' L — - - .-i‘ ; .1‘ () y
L I Y
o i A A _“*\ o } L il
- e W y esidual vd ff “{| Residual
Temporal Modale C ; Blo& ‘ 7‘ ¢ ‘ ; Blocks 2 \
. ) . R i .
. ,>f‘¥f}'-" - 10 - ‘ 1 ! -kr-\ o |
] 1V [ AL
‘ i 'y

.

=== e v | ot 1 . B
L : ‘ Residual L o “{| Residual ||" '
A Blocks Blocks ||,

Blocks

<X| 2F2t video denoising method 2| residual blocks 2>
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Methodology

* Temporal Module
- Level-15-H Level-377}X| skip connectionOf| temporal module & Z (Level-40]| X)
- Residual BlocksS E8| 37t HE7I E0{QH |G D EO| A|Zt HEHE HIYSIEZE &

— ! ! !
. Input: Flt m € RlXH XW'™XC

-

. TaohHo| Halshe Zae 4
e m:-T/2~T//2

o Residual | TxHxWxC Q6"1'131:|1pc>ra1 IxHxWxC esidual
Blocks Module Blocks

A

- Output: F; € RIxH xw’'xc’

i

: ] A
: / transferred £ £ | transferred N v
m e offset i { ?..*' features ':ﬂ.}-
o A iy v 0w " ow :
esidual TXTXszcﬁTemporal L5572 PResidual '
Blocks Module Blocks

[f] R N v nHE W HW
Ly, : 8 Residual | 2" 2" Temporal 4G R esidual
Blocks Module Blocks

S
k,
-

' 3% g .
B

<X| 2kt video denoising method 2| temporal module 125>
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Methodology

* Temporal Module

- Deformable convolution(DCN)= H-&5t0 2E framel| &Y frame?2| deep featureS 8 B

.“s‘T‘mJPoral L Level 1

g i — _
Y1 Ve Yoo Mod“:F ofF=™ = C(Concat[Ff, FI™™])
Temporal Module d . #
} i 0™ = Conv (Concat[Of ™ O[1t )
Temporal L Level 2
Module ceve Deformable Convolution

at FE™ = Conv (Concat [D(Flt ™0™, +1TD
st t

Temporal [
s Level 3

offset

<temporal module2| offset 2t& Of| A[>

R S THdED | VDS |
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Methodology

» Unsupervised Progressive Fine-tuning
- Temporal moduleS HZI X2 = 2HSI7| £/t H| X[ T fine-tuning T =F
- Input yEF B AHH &5 E pre-trained Image Denoiser & &off 7§ R ot O O] X| £5m 4 /o
251 0f QYH o2 L O|= B FII510] Psm 4

- Additive White Gaussian Noise(AWGN)

- Poisson-Gaussian Noise

- A paired psuedo noisy-clean video: {¥Sm | £5m}

= (1,23} =MUE 2=0| 42| Y E = S2t7H fine — tuning

O'T 1xH
[ emporal

Real noisy video

A% Pseudo clean video at step 1

X% Pseudo clean video at step 2

X** Pseudo clean video at step 3

¥ Pseudo noisy video at step 1
X* Denoised video of 5)"
" m  Noise

<temporal module fine-tuning 1F7&>
R MBS | VDS |

H
Temporal e
Module
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Experiment

* Implementation Detail

- Video Denoiser: NAFNet(Encoder-Decoder)= baseline image denoiser= At-&
- sRGB, raw O|O|X| & denoiser 7ff & & O|O|E{ All
' SRGB: BSD500, DIV2K, Flickr2K X WED dataset
v Additive White Gaussian Noise(AWGN) = O0|= &t
= Raw: SID, SIDD, CRVD dataset

vPoisson-Gaussian ‘= 0|= gt

I Residual esidual
Blocks Blocks

A
e 39
o | TxHxWxC ><W><C emporal | 1x, AL ™ C
.o X A X b

Gl Module ) W’

; : v T H WGt |

1Yt Yenl ¥ Jransferred § - i
esidual offset 4| Residual Pre-trained layers
Temporal Module 4 B ? * Keep frozen
BlOCkS xzca 1)( Blocks Qﬁ’ Temporal modules
: i 2 Temporal || i To be fine-tuned
0 Module Py 3%3| 3x3 Convolution
AL Offset convolutions
B @ Deformable Convolution
w !6’ 1 * Downsample
“_\ 7XTX4C Temporal E * Chunk and downsample
Residual Module b Upsample
Blocks Blocks @ Element-wise Addition
w R (=P Offset
\ o R -1 5 Aigned Feaure
Blocks

<NAFNet 7|2} image denoiser 7+ 2>

R MBS VDS
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Experiment

» Experimental on synthetic Gaussian video denoising

- Supervised method 2| FIoRNN L2 2

- BE 0|E0| T2 BL= 4% test dataset2 2
- DAVIS datasetO]| H| S} Set8 datasetO] FEH 2 =

- TAP-T2} 7|Ef 2 EO| | O|E{ Al

-FE

CQ 2%lol -

107 DAVIS Of

Temporal information= & 21

1

Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

M52 LiE

PN
~

| ol
o=

H ﬁne—tuning =

|.II

HI6H Set8O| I Xt0|7} F
Oz QN Its

‘I\Iﬂl‘h()d ‘ a=10 =20 oc=30 o =40 o =50 Average
) PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Traditional |VBMA4D [29] 3758 - 338 - 3165 - 30056 - 2880 - 3239 -
NAFNet [8] 38.79 0.965 35.37 0.933 33.47 0.904 32.17 0.879 31.18 0.858 34.20 0.908
Supervised FastDVDNet [42]| 38.71 0.962 35.77 0.941 34.04 0.917 32.82 0.895 31.86 0.875 34.64 0.919
@ " |PaCNet [43] 39.97 0.971 37.10 0.947 35.07 0.921 33.57 0.897 32.39 0.874 35.62 0.922
N FloRNN [21] 40.16 0.976 37.52 0.956 35.89 0.944 34.66 0.929 33.67 0.913 36.38 0.944
S MF2F-T [11] 38.04 0.957 35.61 0.936 33.65 0.907 31.50 0.852 29.39 0.784 33.64 0.887
RFR-T [18] 3931 - 36.15 - 3428 - 3292 - 318 - 3490 -
Usisiipervised UDVD |{8] 39.17 0.970 35.94 0.943 34.09 0.918 32.79 0.895 31.80 0.874 34.76 0.920
i ~|RDRF [47] 39.54 0.972 36.40 0.947 34.55 0.925 33.23 0.903 32.20 0.883 35.18 0.926
BRERT[SS] _ [3952_ - 3649 - 3460 - 3329 - 325 -_ 3533 - _
'TAP 39.69 0.972 36.62 0.948 34.71 0.925 33.37 0.903 32.36 0.884 35.35 0.926!
TAP-T 39.80 0.973 36.74 0.950 34.84 0.926 33.49 0.905 32.49 0.886 35.48 0.928!
Traditional |VBM4D [29] 36.00 - 3219 - 3000 - 2848 - 2733 - 3081 -
NAFNet [8] 36.52 0.943 33.55 0.802 31.81 0.869 30.59 0.842 29.65 0.818 32.43 0.875
Supervised FastDVDNet [42]| 36.44 0.954 33.43 0.920 31.68 0.889 30.46 0.861 29.53 0.835 32.31 0.892
) PaCNet [43] 37.06 0.960 33.94 0.925 32.05 0.892 30.70 0.862 29.66 0.835 32.68 0.895
2 FloRNN [21] 37.57 0.964 34.67 0.938 32.97 0.914 31.75 0.891 30.80 0.870 33.55 0.915
@0 MF2F-T [11] 36.01 0.938 33.79 0.912 32.20 0.883 30.64 0.841 28.90 0.778 32.31 0.870
RFR-T [18] 36.77 - 3364 - 3182 - 3052 - 2950 - 3245 -
Ussiipeevisei UDVD [38] 36.36 0.951 33.53 0.917 31.88 0.887 30.72 0.859 29.81 0.835 32.46 0.890
RDRF [47] 36.67 0.955 34.00 0.925 32.39 0.898 31.23 0.873 30.31 0.850 32.92 0.900
BROR-TIS9] _ [3755_ —_ 3430 - _ 3245 - _ 3109 - _3005_ - 3310_ - _
TAP 37.76 0.956 34.51 0.925 32.76 0.899 31.21 0.873 30.27 0.851 33.30 0.901!
TAP-T 38.02 0.958 35.07 0.927 33.42 0.900 32.10 0.875 31.16 0.852 33.95 0. 902I

<Fig 1. Quantitative evaluation(using PSNR and SSIM) of video denoising results on the DAVIS and Set8 datasets>
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Experiment

» Experiments on real raw video denoising

- Indoor& CRVD dataset Al& (raw image)

1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

- Dataset®] 7|7} Et 1, 250 2 TEFSHEQF Ol X012 2k 912
- Outdoor& dataset2Ch= HAE Al S2& EO{R
ISO| 1600 3200 6400 12800 25600 Average
Method
NAFNet (8] 48.02 46.05 44.04 41.44 41.49 44.21
Supervised |RViDeNet [53] |47.74 45.91 43.85 41.20 41.17 43.97
FIoRNN [21]  |48.81 47.05 45.09 42.63 42.19 45.15
UDVD [38] 48.02 46.44 44.74 42.21 42.13 44.71
Unsupervised RDRF [47] 48.38 46.86 45.24 42.72 42.25 45.09
Ours 48.85 47.03 45.11 42.44 42.33 45.15

<Tab 2. Quantitative evaluation (PSNR in dB) of raw video denoising results on the CRVD indoor test set>

R 247 T8
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Experiment

* Visual Examples of real raw video denoising

- Outdoor& CRVD dataset AF-& (raw image)
- Supervised method €| FIoRNN2 M E8HA| £ E2{F A1 44
- Unsupervised method 2! UDVD= = 0|= X|H S30| HO{&
- =2 0| A K| 2Fet TAP 222 FloRNN 2H32| 2t ==

e T R TR s

Noisy Image UDVD FIoRNN' TAP

<Fig 5. Visual examples of real raw video denoising on CRVD outdoor set>

P s1a3andha | VDS I
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1) Temporal As a Plugin: Unsupervised Video Denoising with Pre-Trained Image Denoisers [ECCV 2024]

Ablation Study

» Ablation on different Fine-tuning strategies

- Experiments are conducted on the DAVIS dataset with noise level 6 = 30.
- Original: fine-tuning temporal modules progressively
- Case 1: fine-tuning all parameters progressively
- Case 2: fine-tuning three temporal modules jointly

- Case 3: repeat the fine-tuning process twice

Step 0 Step 1 Step 2 Step 3

Original 33.47dB 3447 dB 34.77dB 34.84 dB
Case 1 33.47dB 34.02dB 34.14dB 34.20 dB
Case 2 33.47dB 34.49dB 34.62dB 34.55dB
Case 3 - 3454 dB 34.81dB 34.86 dB

<Tab 3. Ablation on different fine-tuning strategies>

” 5.1')6-c“ &1._._‘,\_ VDS
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

Classic Video Denoising in a Machine Learning World:
Robust, Fast, and Controllable (CVPR 2025)

R ) [vos]
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

Introduction

» Deep-learning based Video Denoising model
- L O|= HAH EE S 2L robustobX| Xt
~ Compression artifacts X & temporally correlated®t noise= noise patternO| Ct &l 50| 024 Z
- Training data0f 3 A| 2| E5t= d&S £ ¢
* Classic Video Denoising machine learning model
- Real-world2| =& St video noiseOl| = robustStA| 2 &St £ 7t S
- 2 ==0| A = differentiable denoising pipeline based on traditional methods= X[ A|

—

-« PipelineOf| 2 29+ £ &M Q| parameterE neural network = 0| =

36 | *
NAFNet [9] Qurs - RFCVD
§ /
2 * x MF2F [14]
Sophisticated Simple T 35+ » SIDT 7]
Degradation = Degradation g o
N < ’ & # FastDVDNet [42]
Anch ar AT - t
I i ] * BasicVSR++' [0]
- * TOFlow [49]
DI || o= i
\ b 1 VRT' [26]
Soph. Model or Supervision Noise Profiling Classic Denoiser t t t |
0 5 10 15 20 25 30
(a) Related Work (b) Ours FPS —» faster

<Fig 2. High-level comparison of how related work approaches>  <Fig 3. Video denoising on the CRVD (sRGB) benchmark>

R A% THEED
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

Related Works

* Video Denoising Pipeline
- Classical Video Denoising
- Block matching 7| 2t2| CtYSt denoising 2 &

=
o
- £ 9] bilateral filtering, image pyramids2| 7 &=

Jél-
S| =
- Machine Learning 7|2} Video Denoising

- Explicit Matching / Implicit Correspondence

-ohset d Qe LO0|IZ I EH2 MA E7Fs

- Noisy-clean video H|O|EH{ & F=&5}t7| O 2{} self-supervised leaming = A| =l
- Noise Simulation

- GT(Ground Truth)Ofl &1 /A 9l 'L O|= & F7}5}0] noisy-clean video Cl|O|E{ £ Ths

:: O|f = O|= XMAH =2 SR X| 2 Letst 952 B Y

O
- O
- O| Y training data2t & K| H|C| 22| Ct St noise patterns 7+2| = L X| A4

OCOoL- =2 ]

g AW USSR . | VLQS |
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

MethO d Consistency loss

Lestsy = [|A0 — Ab; |,

* Noise Profiling
- Video2| noise profile= A|7HO] X[L} = 5K QICH= HZ2 0| &3 noises A7 5H7| O
noise profiling t= THA & F7t
- StLEQ| anchor frame= 4 E1S} O] noise profile(0) =

=0 =60° + Af — hypernetwork 2 AGE 0| Z(NPA)
vNPA: PHEX 21 0| 52 @[5l 0| 2l H ER A 2| 7HEX|(6)E &
- P(+; 0): denoising parameterS 0| 55t neural network, =% L&
O© 2 MEASI consistency loss AFHESHY Y2 FX|

- B: % | =& neural network, Backbone2 ConvNext AFH&

& Ol =ot= T, A6 E Ol=
o *@5._* noise map 0l &

‘= Anchor frame= video2| A frame2

Noise Profiling on an Anchor Frame Through a Hypernetwork

Training Time Only

s - N
Lc;tsy
1
@
R AR <Fig 4. Noise Profiling on an Anchor Frame Through a Hypernetwork> |V_DS|
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

Method

* Denoising the Video

- Optical flowS F= 010 frame= align®t & temporal noise X| 7
- Target frameO| Y2 H, A FZ 27| QI frame T&
- SpyNet 222 Optical flow =, & %= S 0AM L O| =0 CH St robustness, A4t & 24t
- =3t Optical flow £ target — 2/ & frame 7} alignment

+SXY0| Y BUAN MAK O HUS YHES H

- AlignE frames2 F Wiener filter2| input 2 £ x| S-&
;- RandomO}F 1! temporal®t £/82 7} noise & align®t frames= E l-H £|10|jc A

Noise Pr u/"lmo on an Anchor Frame Thunmh a 111])31 ‘network

Training Time Only
R i

f
1
|
1
1
1
1
|

Lcstsy 1
1
1
1
1
1
1
1
1
1

’ E—{w) B

' Classic Denoiser

1
1
1
1
1
1
1
1
1
1
1
1
1
1
|
1
I
1
1

Optical Flows

R AW THED <F ig 4. Class Denoiser on an Anchor Frame Through a Hypernetwork> VDS
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

Method

* Denoising the Video
- =73 =l noise profile(9)= AHE S0 & =l framesE F B StLES| clean frame &

-P(-; )2 FH noisel| &4t 622 LIEFLH = noise map= Wiener Mergerd| M

- Wiener Merger
: YEPE O 2 Wiener filter= 2= & A0 CHSH & ot £ O|= |=&0|2f 7HE3t 1 = 0|= K| A
= 570 2| frameOFCF & 2oF EA 2 X[0f| Al noise map(a?)2t 2 29| 24He?)S H|

v O|= 2410l A 0|2V R B = ot HEHE X &
2 0|2 22 YR 2 2 temporal noise | HS |'D4*‘| aligned frames= OFLIE merge

| Classic Denoiser |

Bilateral Laplacian
Pyramid Filter

—————_—— — -

I

Aligned frames ——) l !
b Denoiser
Noise map ™= L——==!

R A THBED <Fig 4. Class Denoiser on an Anchor Frame Through a Hypernetwork> |V_DS|
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

Method

* Denoising the Video

- Temporal noise 7} K| 7{ &l frameO|| Bilateral Laplacian Pyramid Filter =&

- Bilateral Laplacian Pyramid filter
= Spatial noise K| 7{S+7| 2|5l Bilateral filter + Laplacian pyramid(3 levels) 2 2ot filter
« P(+; 0)0| ZH= noise map= bilateral filter2| og(Spatial Sigma), or(Range Sigma). = A&
vog(Spatial Sigma): 725 =2 715X
vor(Range Sigma) : 17|, M&0| H| &5 =2 75X
- EdgeRt E 7|1 CtE 222 blurring®t | spatial noise Xi| A

! Classic Denoiser i

Bilateral Laplacian
Pyramid Filter

i
|
1
1
1
|
|
i
I

)
—

1 - |
Classic

b Denoiser I

L

R A THBED <Fig 4. Class Denoiser on an Anchor Frame Through a Hypernetwork> |V_DS|
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

Experiments
e Results on the CRVD benchmark

- AN 7t 2t 2 E S noise/t U= sRGB dataset2 £ " & T}
- 25t 0 o= E7H5 %t real-world2| noiseOf| CHo ROt & 2t SSH=X| 20l

-1SOE CHA 7K |2 2&/5H0f e 21
- RFCVDZ} 31.66FPS7IHX| 5& & (RTX 3090 GPU)
- Classic denoising 7| &2 A& S} generalizabilitys 2F2&f A 74 real-world2| noise I & 2

mhorgt 4 QI T

150 1600 150 3200 150 6400 IS0 12800 150 25600 Owverall Speed

ShAEs ny PSNR  rank PSNR  rank PSNR  rank PSNE  rank PSNE  rank PSNE  rank FPS  rank

(higher PENR is beller) (higher PENR is belier) (higher PENR is betier) (higher PEMNRE is bebler) (higher PEMNE is beiler) (higher PSMNE s beller) {higher FPS is beller)
SID [7] 3885 Thofl0 3768 Thof10 3582 4hofl10 3351 4hof10 2918 3of10 3501 4%of1d 695 3of10
NAFNett [9] 3048 3Indof10 3812 Sthof10 3504 3dof10 3353 Jdof10 2055 2mdof1) 3532 2edof10 160 Thof 10
FastDVDNett [42] 30.16 S5hof10 3792 6hof10 3560 Sthofld 3256 Sthofld 2793 Ghofld 3463 Shofld 572 4hof10
TOFlowt [49] 3825 8hofl0 3697 &hofl0 3490 ThoflD 3221 6hofld 2807 5hofld 3408 Thofld 284 6hof1D
BasicVSR++1 [6] 3940 4hof10 3824 2ndof10 3555 6hofl0 3172 ThoflD  26.78 9hof10 3434 6hofl0 T4l 2edof 10
VRTT [26] 30.55 2Mof10 3812 4hof10 3482 8hof10 3077 Shof10  26.01 10hof10  33.86 &Mof10  0.05 10%of 10
Real- ESRGAN [46] 2998 10tof10 2827 10%of10  28.04 10%hof10  27.52 10%of10  27.63 8hof10 2820 10hof10 024 8bofld
UDVD [40] 3115 9hof10  30.72 Ohof1n 3023 9hof1d 2010 9hof1ln 2763 Thofld 2077 9hof1d 016  9%hof10
MF2F [14] 39.09 6hofl0 3820 3Wof10 3636 1%of10 3357 2edof10  29.04 4hof10 3525 3dofl0 462 5hofl0
Ours - RFCVD 4035 1%of10 3860 1%of10 3628 2+dof10  33.86 1%of10 3112 1%ofl0 3604 1%of10 3166 1%of10

R T <Tab 2. Video denoising results on the CRVD(sRGB) benchmark> VDS
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1) Classic Video Denoising in a Machine Leaming World: Robust, Fast, and Controllable [CVPR 2025]

Experiments

 Test for Robustness and Generalizability
- 7| deep-learning 7|9t denoising = 2 9| ‘training dataOll 81+ noise pattern’ = ‘Domain
GAP Ol EOtLE & TiASt=X| 45
- Training data
- AWGNII H.264 compression noise= & @/ image
- Test data
- Testl: film grain noise + AV1 compression

- Test2: spatially correlated noise(gaussian) + H.265 compression

film grain noise w/ AV1 compression spatially correlated noise w/ H.265 compression Speed

PSNR rank SSIM  rank LPIPS rank PSNR rank SSIM  rank LPIPS rank FPS rank

(higher PSNR is better) (higher SSIM is better) (lower LPIPS is better) (higher PSNR is better) (higher SSIM is better) (lower LPIPS is better) (higher FPS 1s better)
SIDT [7) 27.05 5hof7 0.664 5hof7 0.293 Athof7 28.44 3dof 7 0.771 4Ahof7 0.282 &thof 7 15.00 34dof7
NAFNett [9] 2716 Ahof7 0.672 4hof7 0.294 5thof7 28.40 Athof7 0.764 6Mof 7 0.257 3dof T 3.812 6hof7
FastDVDNetf [42] 2739 3dof7 0.686 3dof 7 0.272 3dof T 2792 6hofT7 0.769 5hof7 0.296 6hof T 12.09 4thof7
TOFlow' [49] 28.15 20dof 7 0.750 20dof 7 0.220 1% of 7 28.39 5hof7 0.788 3dof 7 0.258 Athof 7 5.665 5hofT
BasicVSR++T [6] 26.90 6hof7 0.651 6%hof7 0.313 6hofT7 2748 Thof7 0.728 Thof7 0.358 ThofT 15.32 2ndof 7
VRT' [26] 26.55 Thof7 0.629 Thof7 0.331 Thof7 28.78 20dof 7 0.803 2ndof 7 0.206 1% of 7 0.105 Thof7
Ours - RECVD 28.59 18 of 7 0.774 18 of 7 0.247 20dof 7 28.93 18 of 7 0.808 18 of 7 0.239 2ndof 7 69.73 18 0of 7

<Tab 3. Video denoising results on REDS dataset w/AWGN & H.264 benchmark>

R 417 TN VDS
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