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A Review of Video Super-resolution Algorithms Based on Deep Learning
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Abstract
high-resolution video with realistic details and coherent content by utilizing intra-frame and inter-frame information of low-

Video super-resolution (VSR) is an essential research realm within low-level vision tasks. It aims to reconstruct

resolution video, which positively impacts the performance of downstream tasks and the improvement of user’s perception
experience. In recent years, VSR base on deep learning has emerged abundantly. These methods have continuously
exploited and broken through from perspective such as inter-frame alignment and information propagation. On the basis
of briefly describing the task of VSR, the existing public data sets and related algorithms are combed. Subsequently, the
focus shifts to the innovative work progress of deep-learning-based VSR. Finally, the challenges and future development
trends of VSR algorithms are outlined.
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Fig. 1 Examples of video super-resolution datasets from REDS (left) and Vimeo-90K (right)
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Table 1  Datasets of video super-resolution based on deep learning

Kl se HA ATH g PR it 23 ]
YUV25 18] ERS 25 - 386 x 288 YUV
Turbine 648 x 528
Dancing 950 x 530
TDTFF [16] Treadmill iR LE 5 - 700x600 YUV
Flag 1000 x 580
Fan 990 x 740
Foliage 49 720 x 480
vidgha Walk ik g 4 o 720 5480 RGB
Calendar 41 720 x 576
& City 34 704 x 576
g YUV21 7] MR 21 100 352 x 288 YUV
i Venice 18] WIZrgE 1 1077 3840x2 160 RGB
5 Myanmar [19] =S 1 527 3840%2 160 RGB
CDVL [20] =S 100 30 1920x1 080 RGB
UVGD 21 M 16 - 3840x2 160 YUV
LMT [22] ERS 26 - 1920x1 080 YCbCr
SPMCS [23] WIZREEA KL 975 31 960 x 540 RGB
MM542 [24] =S 542 32 1 280%720 RGB
UDM10 [25] iR 10 32 1272x720 RGB
Vimeo-90K [12] NGRS 91 701 7 448% 256 RGB
REDS [14] WIZRSEAN IR SE 270 100 1280x720 RGB
Parkour [2¢] WAL 14 - 960 % 540 RGB
Real VSR 127] GRS 500 50 1024x512 RGB/YCbCr
% VideoLQ [28] HIURFRES 50 100 1024x512 RGB
g RealMCVSR [29] YIGRSEAN IR L 161 - 1920x1 080 RGB
. MVSR4 x [30] PSRRI 300 100 1920x1 080 RGB
% DTVIT 31 ZRGERMR S 196 100 1920x1 080 RGB
YouHQ 132 WIZREEAN IR 38616 32 1920x1 080 RGB
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Table 2 Performance comparison of video super-resolution algorithm with bicubic downsampling

W= RARE T R

M WA ZHE M) DS (RGB W) Vimeo-90K.T (Y i) Vidd (v IBi)
Bicubic - - 26.14/0.7292 31.32/0.8684 23.78/0.6347
VSRNet [40] - 0.27 -/- -/- 22.81/0.6500
VSRResFeatGAN [41] - - -/- -/- 24.50/0.7023
VESPCN [42] - - -/- -/- 25.35/0.7577
VSRResNet [41] - - -/- -/- 25.51/0.7530
SPMC [23] - 2.17 -/- -/- 25.52/0.7600
3DSRNet [4°] - - -/- -/- 25.71/0.7588
RRCN (44 - - -/- -/- 25.86/0.7591
TOFlow '] 5/7 1.41 27.98/0.7990 33.08/0.9054 25.89/0.7651
STARNet [47] - 111.61 -/- 30.83/0.9290 -/-
MEMC-Net, [46] - - -/- 33.47/0.9470 24.37/0.8380
STMN [47] - - -/- -/- 25.90/0.7878
SOFVSR 148l - 1.71 -/- -/- 26.01/0.7710
RISTN 149 - 3.67 -/- -/- 26.13/0.7920
MMCNN [24] - 10.58 -/- -/- 26.28/0.7844
RTVSR[50] - 15.00 -/- -/- 26.36,/0.7900
TDAN [51] - 1.97 -/- -/- 26.42/0.7890
D3DNet [52] -7 2.58 -/- 35.65/0.9330 26.52/0.7990
FFCVSR[53] - - -/- -/- 26.97,/0.8300
EVSRNet 54 - - 27.85/0.8000 -/- -/-
StableVSR 7] - - 27.97/0.8000 -/- -/-
DUF ¢l 7/7 5.8 28.63/0.8251 -/- 27.33/0.8319
PFNL 57 77 3 29.63,/0.8502 36.14/0.9363 26.73/0.8029
DNSTNet (58] - - -/- 36.86/0.9387 27.21/0.8220
RBPN [59] 77 12.2 30.09/0.8590 37.07/0.9435 27.12/0.8180
DSMC [60] - 11.58 30.29/0.8381 -/- 27.29/0.8403
Boosted EDVR [31] - - 30.53/0.8699 -/- -/-
TMP [64] - 3.1 30.67/0.8710 -/- 27.10/0.8167
MuCAN [62] 5/7 - 30.88/0.8750 37.32/0.9465 -/-
MSFFN [63] - - -/- 37.33/0.9467 27.23/0.8218
DAPI[64] 15/5 - 30.59/0.8703 -/- -/-
MultiBoot VSR 6] - 60.86 31.00/0.8822 -/- -/-
SSL-bi [66] 15/14 1.0 31.06,/0.8933 36.82/0.9419 27.15/0.8208
EDVR67] 5/7 20.6 31.09/0.8800 37.61/0.9489 27.35/0.8264
RLSP ©8] - 4.2 -/- 37.39/0.9470 27.15/0.8202
TGA©9 - 5.8 -/- 37.43/0.9480 27.19/0.8213
KSNet-bi [7] - 3.0 31.14/0.8862 37.54/0.9503 27.22/0.8245
VSR-T 71 5/7 32.6 31.19/0.8815 37.71/0.9494 27.36/0.8258
PSRT-sliding (72! 5/- 14.8 31.32/0.8834 -/- -/-
SeeClear [73] 5/5 229.23 31.32/0.8856 37.64,/0.9503 27.80,/0.8404
DPR[™ - 6.3 31.38,/0.8907 37.11/0.9446 27.19/0.8243
BasicVSR[79] 15/14 6.3 31.42/0.8909 37.18/0.9450 27.24/0.8251
Boosted BasicVSR 31 - - 31.42/0.8917 -/- -/-
SATeCo (70 6/6 - 31.62/0.8932 -/- 27.44/0.8420
IconVSR 7] 15/14 8.7 31.67/0.8948 37.47/0.9476 27.39/0.8279
ICNet [77] - 18.34 31.71/0.8963 37.72/0.9477 27.43/0.8287
MSHPFNTL (78] - 7.77 -/- 36.75/0.9406 27.70/0.8472
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Table 2 Performance comparison of video super-resolution algorithm with bicubic downsampling (Continued)

W= UARE T R

M W B M) S (RGB W) Vimeo90KT (Y M) Vidd (v i)
PA ] 5/7 38.2 32.05/0.8941 -/- 28.02/0.8373
FTVSR &0 - 10.8 31.82/0.8960 -/- -/-
C?-Matching [8"] - 32.05/0.9010 -/- 28.87/0.8960
ETDM (82 - 8.4 32.15/0.9024 -/- -/-
BasicVSR++ (8] 30/14 7.3 32.39/0.9069 37.79/0.9500 27.79/0.8400
RTA (84 5/7 17 31.30/0.8850 37.84/0.9498 27.90/0.8380
Semantic Lens [ 5/- - 31.42/0.8881 -/- -/-
TCNet [8 - 9.6 31.82/0.9002 37.94/0.9514 27.48/0.8380
TTVSR 7 50/- 6.8 32.12/0.9021 -/- -/-
VRT [88] 16/7 35.6 32.19/0.9006 38.20/0.9530 27.93/0.8425
CTVSR 3 16/14 34.5 32.28/0.9047 -/- 28.03/0.8487
FTVSRA++ 90 - 10.8 32.42/0.9070 -/- -/-
LGDFNet-BPP [#1] - 9.0 32.53/0.9007 -/- 27.99/0.8409
PP-MSVSR-L 2] - 7.4 32.53/0.9083 -/- -/-
CFD-BasicVSRA4+[127] 30/7 7.5 32.51/0.9083 37.90/0.9504 27.84/0.8406
RVRT [°?] 30/14 10.8 32.75/0.9113 38.15/0.9527 27.99/0.8426
DFVSR P4 - 7.1 32.76/0.9081 38.25/0.9556 27.92/0.8427
PSRT-recurrent [7?! 16/14 13.4 32.72/0.9106 38.27/0.9536 28.07/0.8485
MFPI 93] -/- 7.3 32.81/0.9106 38.28/0.9534 28.11/0.8481
EvTexture (9] 15/- 8.9 32.79/0.9174 38.23/0.9544 29.51/0.8909
MIA-VSR [¥7] 16/14 16.5 32.78/0.9220 38.22/0.9532 28.20/0.8507
CFD-PSRT [127] 30/7 13.6 32.83/0.9140 38.33/0.9548 28.18/0.8503
IART [?8] 16/7 13.4 32.90/0.9138 38.14/0.9528 28.26/0.8517
EvTexture [0 15/- 10.1 32.93/0.9195 38.32/ 0.9558 29.78/0.8983
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Table 3 Performance comparison of video super-resolution algorithm with blur downsampling

TR T R

ML nEwE - SRR (M) UDMIO0 (Y i) Vimeo-90K-T (Y il)  Vidd (v i)
Bicubic - - 28.47/0.8253 31.30/0.8687 21.80/0.5246
BROCN [99] - - -/- -/- 24.43/0.6334
ToFNet [12] 5/7 1.41 36.26/0.9438 34.62/0.9212 25.85/0.7659
TecoGAN [100] - 3.00 -/- -/- 25.89/-
SOFVSR[8] - 1.71 -/- -/- 26.19/0.7850
RRN [101] - 3.4 38.96/0.9644 -/- 27.69/0.8488
TDAN [51] - 1.97 -/- -/- 26.86,/0.8140
FRVSR [102] - 5.1 -/- -/- 26.69/0.8220
DUF [ 77 5.8 38.48/0.9605 36.87/0.9447 27.38/0.8329
RLSP (8l - 4.2 38.48/0.9606 36.49/0.9403 27.48/0.8388
PFNL 57 7/7 3 38.74/0.9627 -/- 27.16/0.8355
RBPN 159 77 12.2 38.66/0.9596 37.20/0.9458 27.17/0.8205
TMP [61] - 3.1 -/- 37.33/0.9481 27.61/0.8428
TGA 69 - 5.8 38.74/0.9627 37.59/0.9516 27.63/0.8423
SSL-bi (661 15/14 1.0 39.35/0.9665 37.06/0.9458 27.56/0.8431
RSDN 03] - 6.19 -/- 37.23/0.9471 27.02/0.8505
DAP [64] 15/5 - 39.50/0.9664 37.25/0.9472 -/-
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Table 3 Performance comparison of video super-resolution algorithm with blur downsampling (Continued)

TR T R

ey . " -
ML WM B M) G (Y OB) Vimeo 90KT (v ) Vidd (¥ i)
SeeClear 73] 5/5 229.23 39.72/0.9675 -/- -/-
EDVR[67] 5/7 20.6 39.89/0.9686 37.81/0.9523 27.85/0.8503
DPRI[™ - 6.3 39.72/0.9684 37.24/0.9461 27.89/0.8539
BasicVSR[75] 15/14 6.3 39.96/0.9694 37.53/0.9498 27.96/0.8553
IconVSR[7] 15/14 8.7 40.03/0.9694 37.84/0.9524 28.04/0.8570
R2D2104] - 8.25 39.53/0.9670 -/- 28.13/0.9244
FTVSR[ - 10.8 -/- -/- 28.31,/0.8600
FDAN [105] - - 39.91/0.9686 37.75/0.9522 27.88/0.8508
PP-MSVSR 192 - 1.45 40.06,/0.9699 37.54,/0.9499 28.13/0.8604
GOVSR 11odl - - 40.14/0.9713 37.63/0.9503 28.41/0.8724
ETDM [2] - 8.4 40.11/0.9707 -/- 28.81/0.8725
TTVSR[7] 50/- 6.8 40.41/0.9712 37.92/0.9526 28.40/0.8643
BasicVSRA+ [83] 30/14 7.3 40.72/0.9722 38.21/0.9550 29.04/0.8753
CFD-BasicVSRA++ [127] 30/7 7.5 40.77/0.9726 38.36/0.9557 29.14/0.8760
TCNet [86] - 9.6 -/- -/- 28.44/0.8730
VRT [88] 16/7 35.6 41.05/0.9737 38.72/0.9584 29.42/0.8795
CTVSR [8] 16/14 34.5 41.20/0.9740 38.83/0.9580 29.28/0.8811
FTVSRA++ 190 - 10.8 -/- -/- 28.80/0.8680
LGDFNet-BPP 1 - 9.0 40.81/0.9756 -/- 29.39/0.8798
RVRT 193] 30/14 10.8 40.90/0.9729 38.59/0.9576 29.54/0.8810
DFVSR (94 - 7.1 40.97/0.9733 38.51/0.9571 29.56,/0.8983
MFPI 93] -/- 7.3 41.08/0.9741 38.70/0.9579 29.34/0.8781

Frame 045, Clip 015, REDS

K 2

RVRT (93]
B4y VSR BUEZE REDS 4845 T 0L L e 45
Fig. 2 Visual comparison results of VSR methods on REDS dataset
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Fig. 3 Visual comparison results of VSR methods on Vid4 dataset
F4 FEET R VSR MEREXS L5 R
Table 4 Performance comparison of real-world video super-resolution algorithm
S - Real VSR MVSR 4x
PSNR/SSIM/LPIPS PSNR/SSIM/LPIPS
RSDN [103] Z R 23.91/0.7743/0.224 23.15/0.7533/0.279
FSTRN [107] 7 23.36/0.7683,/0.240 22.66,/0.7433/0.315
TOF [12] 7 23.62/0.7739/0.220 22.80/0.7502/0.279
TDAN 5] 7 23.71/0.7737/0.229 23.07/0.7492/0.282
EDVR[67] 7 23.96/0.7781/0.216 23.51/0.7611,/0.268
BasicVSR [7] BT i 24.00,/0.7801,/0.209 23.38/0.7594/0.270
MANA [108] FiT A i 23.89/0.7781/0.224 23.15/0.7513/0.285
TTVSR [87] JTA i 24.08/0.7837/0.213 23.60/0.7686/0.277
ETDM [82] A ot 24.13/0.7896/0.206 23.61/0.7662,/0.260
BasicVSR++ (53] JT A 24.24/0.7933/0.216 23.70/0.7713/0.263
RealBasicVSR [28] A i 23.74/0.7676/0.174 23.15/0.7603/0.202
EAVSR [30] JTA 24.20/0.7862/0.208 23.61/0.7618,/0.264
EAVSRA+ Y B st 24.41/0.7953/0.212 23.94/0.7726/0.259
EAVSRGAN+- 1301 FiT A i 23.99/0.7726/0.170 23.35/0.7611/0.199
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LI NS PR A 0458, X ARG A VSR 5L it
AP I H T IR K. Ak, Chan &5 750K
TIREE 2 211 VSR 28 K1) 53 A5 BAE R ot ] X6
T RHIE SR A FRML SR DY AN 5, B 23 B A0 e adE B
AR R b AR T ] B T A R AR S
FREH E M % BasicVSR. JE £ 7L TAE K2 MELLIX
— it Sdk VSR P2 H (145 S5 A% 18 o 8] %o 5545

VRT (88

A, DR S AF I E AR PR, A — Lok
S5F03HT T VSR H%, FIRAEIAGN G S5 W1 TR
FE2A 21/ VSR 5. BUAh, 25 R S a) o 55 45 R0
VSR P RE R 2 5200, — L8 AR AR 4 i 18] 45 2 A
T FNRE VSR 5357038, Mo iR 78 LA m]
DA Y, 3R 73 5875 1 R e 58w HERf 3L ) 20 BUA 1
BAR RN VSR 53k, SOA SCIRYE R 45 2840, S8 i
B M TURE 22 21 () VSR 5.
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Fig. 4 Architecture of the paper
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Fig. 5 Timeline of video super-resolution based on deep learning
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M 2& (Video super-resolution convolutional neural
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Fig. 6 Architecture of VSRNet
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%% (Video efficient sub-pixel convolution network,
VESPCN), fd&izshffiit . iazhs A 2 AR &R
LR & =5, difunE 7 s, Hd, 123
fili THAR PR AE AN [8] RBE B AE b ek 330 40 M A 1 D
WAE S, a3 ME R POR] H 7 (R AL #:  4% (Spatial
transformer network) >k A& 5 il 2 8] 1) 7% [7] 22 45
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#7705, VESPCN K H 18Rl G 5 mg (759 45 1
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Fig. 7 Architecture of VESPCN
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7R, Wang 28 USIEE 7 JEF 56 0088 43 10 A0 4008 43
M 2% (Super-resolve optical flow for video super-
resolution, SOFVSR), FH G E &M %% (Optical
flow reconstruction network, OFRNet) LAt 4H 2
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Kl 8 SOFVSR ity
Fig. 8 Architecture of SOFVSR
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Kl 9 TOFlow 4
Fig. 9 Architecture of TOFlow
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Fig. 10 Architecture of DUF
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H A

Kl 11 FSTRN 45t}
Fig. 11 Architecture of FSTRN
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Fig. 14 Architecture of TGA
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Fig. 15 Architecture of MuCAN
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Fig. 16 Architecture of MANA
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14 =l ) 1

¥R XX

ML S, DAME VSR, W28 1] FH AH SE i i Iy 2= _E R
SCAT 2 H G b B A S A R A A, o L
18 BN B B AR AR AR A G N A 6. B I A
Kot At AR B 1 /N T — 1 R 1,
JE B I B 1 i EeT DL VSR T RE,
H i 22 (1) K th 2 AN BTk Gt 36 D0 T E SRR, S m
FR#I T VSR SZRRM . 52, BTH % E R
HS, VSR MEANGA 2 IR 5 th A 3 (7] — R At
AR VSR B R 4R .

B8 Transformer 7E H #8185 5 4b 2 4545 b (1)
RV E e, W TN SRR A I AT U B RE 0 R R
VSR 751 2| 7 51 1) B2 v 5 ) 70 38 7 AR T 96
P2 2 5. 5 8 B A4 A B 1 EME DR
FHAE J7 A 1 R ] 2 4t 2 B = R AR 5 e
Cao "¢ Yk Transformer i&FL 3| VSR 1, %
ih 7 - SR B S E ARG T, 4
S TR 2 5 BB A5 S5 R0 2 18 AH 48 A0 A5t 8] 19 AH 5%
PE, gt 18 fros. HARHL 2% 0 4% B SRR 1E$2
. Transformer %5 2% DA S B 2 X 2% =4y, H
H, Transformer Zafd 28 & 7 -0 G BEEZ
JERRL A CHLAT 5 ZE AR O, - S E
B 1E R AN 1) ) 248 32 XU 23 7 2 A it f)
TG R, R TS S 18] i = AR R
TAE B IIBCR AN, 152 7 35w )RR, EHERT)
BEAE R 1Z N 28 T BRI A I R B A = () B 2 ] (R A
FE, 2% ST N R (R TR SRR, N T R S
Transformer 4 ¥ 4% 7 15t /2 J0 26 RCER 25 i (8] A
FME R 1 f, VSR Transformer ZERIHZEF5IN T
HH SpyNet i vH75 21 18 [\ A0 FF AR A

N T > VSR Transformer 7 B 3 A0 25 5 44
AL iz 5 &, Liang %5 %1% Swin Transformer
N T R B SwinlR 3R ESGE 0 ME 55, 1%
7 2 REMME R Transformer (Video restora-
tion transformer, VRT), &5 Wik 19 fras. HAk
M, VRT FAK 5 #2080 7 o BANE S 1) B,

I B HE R 15 (Temporal mutual self atten-
tion, TMSA) V35 I [A] 4 B2 k47 1 B A) 5 2l AE,
TG TR FN AL 128 I . TMSA Bidess
A TETWHIHE DK HEEE S (Mutual-attention)
AR 7T (Self-attention), 437 F 5% 7 FFfiE Fi
MU BAE. BAGEBERE I, BEEN
2 T AR 70 0 oK AN R WL (B SR 25 1),
13 2R AL EE HA T 2 WU SCREM T TG R Z 8] Y
AHIME. TMSA SR W IR L = 0 B 55 P {5
B, R T EA RS R, TIN BRI AME T
TRIE R, 4R b REE 1R 2 77 05 30
BT R BOWTE 5 G AR 4 AL BRI B A0
B R, VRT it 114738 (Parallel warping)
BL, S FH 2 T O00R 51 T 1 ) AR T A Rk — 20 %
FERLAMT, - AE DU A AN 5] e RUBE b BLA [F) 2R /) ) Jk
52 B 58 BURFE SR AN, 720N 73 HE 3 AL AU AE L 4k
P 5K 2 1R 32 30 58 B 5%, 1T 98K ) 43 7 % T 5
AR T 2 1 R A S BLR & R RS B

2.2 ETEREME VSR BiX

A 22 X 2B 5 2 P 91 B0 R AR 2R VR RR AL,
RN Dy —Fof e 51 B8 S SR T LR FH AR 24 45 4 52 B
RS AT 55 J TR0 AL RO AL 7 7% = T i
SR MUY 3t Ak BRATR 70 0 R (RO ML AIUE, 3455 IS e 4 2
AN T SE T AN AL SR B AR R B I Ta] R LA
NEEHHIWIN S EER. 5T IFTRMM VSR
SEALE, IX ISR LAAT ROR R B B8 K 8] 5
FEE AR AT A S5, 3 5 0 D9 8% 1) 25 it 52 P DAAE R
REEMCHIERKERN S, T KRERE
S RANAE VA 73 A 230 28 () 1) . 42 RS AR 6 7
[ AR AN TR, 32 478 24 A ) S5 T LRI 0 D 2 T
(6] A% 1 A SR AN T XA R SR O Sk, e, S
[e] A% 4% (1 208 H T AE AL 0 R L 3
S, TR Ik A 47 P SR V0 i A 2 R R SR A A
AR S, D 2 i o) S R R A 1 B A A S
A AT R THAILAIEE 73 H R B AT 55 I P RE.

18 VSR Transformer & #4&]
Fig. 18 Architecture of VSR Transformer
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®

TRSA (Nx)

TMSA

Layer Norm

Temporal Mutual Self Attention (TMSA)

Reconstruction

Parallel Warping

forward
‘warping

123

backward
warping

B 19 VRT 4HHE
Fig. 19 Architecture of VRT

Tao 200N 7 48 7 40 47 14 IR 5 A A0
7 HEE M 4% (Detail-revealing deep video super-
resolution, DRVSR), #|H ConvLSTM # ek kb
RN RE R, S5t 20 Fros. BAgkHh, DRVSR &
=B AN TR BT AR RIS B M
JZ (Sub-pixel motion compensation, SPMC) [#]iz
FIFMEBLSRI LA . g, SPMC Al LARR A i
)6 AR BT AR &Mt [R] B B AT E R A A Bl M
PRAE, BOHE RS A2 Al RRAE 2R, AR s S iR i

HE AR o0 e 2 2 T o | AR R e 45 31 1 3 PR 25 A, R
FE A% FEAE 5 73 03 25 0] vp 58 Ad e 434
4] S
a° g |

20 DRVSR %14
Fig. 20 Architecture of DRVSR

Sajjadi %5 1028 T [ il 415 25 LA 45 P R
@M% (Frame recurrent video super-resolution,
FRVSR) , FIl FH O£ 5 2 1 5 7 HE R s A HL G T
Je ST DU R 2E B P 2 AR I P b — B0k, R B
KT MR THE IR, A 21 s, g,

FRVSR SEMADEHLMG T4 FNet T AR HER K
HI— W 21 24 F UGS S, FE R XU PR R R
13 2 AR PO R B s o PR AROA, I
L5 I — T 1 20 M A A A R S, I AR
JE AR AR BRAT NS FE WA 2 A RROAS, i i A X
FEAF IR 5 73 HE AR W AR 3 5 R A g N\ B 7 T
S P 28R AT H bl B 4R

IER FNet IR

Upscaling
e Space S0
il gl Warp o RNt -
depth
Kl 21 FRVSR 41K

Fig. 21 Architecture of FRVSR

5% DBPNUI) )5 %, Haris %5 P 7 18 28
AL 4 (Recurrent back-projection network,
RBPN), &i#ni& 22 fros. BAkH, RBPN 454
TR N 28 5 9w L SR 2 4500, T R G iES:
PRARMT R 25 N SUE R, F B VIR RHE SR EL
2 IR A AN AR AT B i = AP B, R WIURRRAE TR
I B Sy g s R o R N 2 By R
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SR R B AR, AT ELECRE AT A 23 % S A A ot
SPONFFIESK & L, J5 & & I A0S A i i ot
Z IR DETUE B IF M R TR M. 2 Rt
B ER A T B 3 SCRVRFAE, 3l 3 IS AR A TBOR AN 4 /N i
FEOUAL HARMIRIRSAE. ghd @8- i 245 UGS k— 1
A LARFAERIES kA M ORFEAE 95N, TR g i 25 45
HALFE U 70 HE R R AL, 7 A 4% T R A 2 AR
DHRNEAT D ZEEERRIN, B2 A
R 7 EERRE 5 i e EE AR 1 20 R AL

K 22
Fig. 22 Architecture of RBPN

RBPN £5#J

Fuoli %5 O8I/E 1 P17 76 2% 18] 4% 3% W 4% (Recur-
rent latent space propagation, RLSP) H {4 H # Hi
— A R BEIRAS 51N 2 B B @ AR, AT RAAE
T BT AE 2 [ v i =t A% F I 45 5L, 45 04 ]
23 fron. HAkHh, RLSP AR 2 8 s shfhit
BB M, 2 TE 4 FE 05 1 WS RS 20 A
BTS2 25 A5 3 2 il i) g
5L T SEHLE A MR IR 5, RLSP i % A
THTE ) 2 AR 4R v 20 1 5 B A T RIS AR

).

Kl 23 RLSP Zi#KE
Fig. 23 Architecture of RLSP

Isobe % MOSTR HA (#1328 A 5 K- 2015 I 45 (Recur-
rent structure-detail network, RSDN) & HH XU &5
FI-AH B (Two-stream structure-detail, SD) 41
BRI PR A 22 W 2%, K Bk — it 7 88 ik ST A% 3 1 45
R A5 735, 70 ol i R AL AT ) 6 A5 JE A v A
HHE R, St 24 fros. BAAkM, fEA RS RE
X AE B AE SD B AW AZ B, AT LA/ RS 55

MRRG4854 £ [R] IR A 2800 R AR s 45 A2, Lk,
RSDN Rt BUfR AL P sy i, M Y IR 2 & e
PRty AR AR RE R D9 B ZS08 7 AS [ RO AL, 7T DA
IE B AR (A I 2R 5 B H .

Kl 24 RSDN £iHJE
Fig. 24  Architecture of RSDN

Isobe OURFLL T 2T 2D CNN. 18l ¢ )
3D CNN G4 22 95 245 B DS 7 e 3¢ B 2 SHVK
HIISATIN B]. SRER SRR W], 3D Z5H94 T 2D 4h5H,
BATIH NG T A5 106, MEIA 2 M 45 5 2 1) PR RE
i 8RR, ti, Isobe 25 BOUBE T 6 A5,
Z M4 (Recurrent residual network, RRN), 7£H
AIEEBERE N ZE Z W 51N TR Z WSS, AT
TRAF SRS BIFGEME TREEETH R IR, A B T 58
U UKL PR ORI 21, S5 AEATI 25 P,

K 25 RRN 45t
Fig. 25 Architecture of RRN

Fuoli %4 v A& B i & /1 & F ¥ (De-
formable attention pyramid, DAP) 5| AT 1§
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IR BRI AT 73 % 5 T A X 2% - DA A2 A e LA
R Y R TE R, S5 26 Fras. Bk
Hh, DAP H12 REZGiGE . Al AL TEVE Ry BHURIE
PO B = AN FB 73 K R, K 5015 9 20 0 2% o B
WS LR Fr. 8 T BRARAE G B BB i
BLITAH, WA A3l A5 1 A RF AL 1 i %
AR ER 2R E. DAP ¥ | ZRmIGaRE R
=24 o PR I IR S D A R R L DU 5T R 2% B A
Ho MR — WU RFAE A B MBER AL BT A
AN SoftMax )it & 11 iH 5 BLKE ZE ALt s Bl
T 1) %o 5

Kl 26 DAP 45
Fig. 26 Architecture of DAP

N TR R IR A AR TR A I ) SR AR T T P 5 R v
A0S 344 B0 2 2% A2 B 3 5 T AR RE A B Y 1) R,
Isobe %5 520 g T FEAIR 43 Mk 2 A1 i 3 1 2 2% () o &2
FHL AR P 22 3 ALY (Explicit temporal differ-
ence modeling, ETDM), Z5# 1/ 27 s, H A&k,
AR HEZe 25 A b, ETDM 1H 5.2 2 il 5 AH 482
[B) B 22 5 9 R FH X 38053 i B8 (Region decompo-
sition module) ¥ H 73 fi# A7 % (Low-variance,
LV) i) % (High-variance, HV) X3, 435X} b
AR B MANE 22 7 BRI X35, ETDM KiE
LV X 35 AR <R i (8] B 20715 05 02, AN HV SRIBCHLI 1)

Feature Extraction

Motion Branch

____________________

HFEAE S, 70 AR R AN TR R /N B 2 B 126 AR R
PEREAT AL, A2 7 R 2 ), ETDM F5G AR &1
o I 3 7 % 3 B A A R 22 S, 8 2 o )
I RERE T 25 R SR (AT 20 8 73 25 3 h 3R A

Hidden State Flow  —> _Forward Flow

5]

27 ETDM 454K
Fig. 27 Architecture of ETDM

LA B AE LA E 73 5L R 22 2 ST b X B —
WUdEAT IZ sl T s s M, IR T RIUAR. T
FRAR ML )38 B 2% 2 e BE AR DG 8 1%, Zhang 25 61 %
TH T AELRATGE 43 I 77328 A% #6 5 % (Temporal
motion propagation, TMP), & & 2 11z s it
77 2ot (o ek 1, a5t tn il 28 pow. B,
TMP FFIE T TFAE TR 4 7 il (138 3h o &, 1 /2 4k
AT R — TR 3z B Ok B I DR A DL TE 24 A il
[FIF, 2% RS 2 A 2 A F 1)ig ) 28, TMP %
18 ) fifAd o RIS A BLZ B, 43 0] $38 24 11 i
HON GBS RIS PR A RS XA R A B AR A I,
M AL B Pl Iz 3 S8 HY A 4w Wl B ME R AR T
AL AL B, FEAL 2B BIAH B WU AT A, SR
SR/ R R AT L.

TMP Module

Kl 28 TMP 454
Fig. 28 Architecture of TMP
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BT R AR R RO S A RV R I R A IR R
RO SRz, 3 DA S AP 51 b SR 2% BRI 1 B 3
KA. BLAh, RTINS P BRSO sk & S BT
A7) F e B %) B S ot o B AR ) R, A S S
ZI K655 N Fr A5 2 0 R AR T . T XA A%
8 11 525 AT DA T I R P 5 2 A0 R SRAN A ot 4 45 R
0 Huang %5 PO F T X0 £ 47 (40976 34 1 22
%% (Bidirectional recurrent convolutional Network,
BRCN) s BEAUM P 21 (KR B R 3CE R, St n i
29 7. BRCN G 4ERTTAT S B A5 2%, 535
FH T A0y WS B L 5 WURFE < (R R B E. A
B A SN fi b Z AR, X R
IRFAE AT 3D H G AR A A G B R K.
o, 3D A AR 42 2 w21 5 J= AR
k= A PN E SR =, 1630 6 BAUNE £ T
FHAR M2 18] ) B2 . BRON I I 1 B e 28 0 2% 4
BT R ARAOR &R, R BEAT S s sl
s, FEOCILE BRI VSR e

|

|
BoQolvo

|
BoQoQ0o

|
B Q0 Qo]

|

|

Kl 29 BRCN 45t
Fig. 29 Architecture of BRCN

Li BB T XU i 228 3 B R R 25 (Resid-
ual recurrent convolutional network, RRCN), F|
1l CLG 2273k H xor K HoAH B it it 47 32 sl i 1
MIZ B A2, AR RN IS AL i e N\ 32 I X 45 3R
RIE AR ZE A m ik 22, g5 30 B, AT E
## H e 407515 5, RRCN R4 Frfa ik 2=
K. 7£ RRCN 924t I, RRCN+ #1 RRCN++ 5]
AN T HERK (Self-ensemble) Tl F1 L G HE 7y 7%
k2% EDSR+, M3k 1 5 AL & 3 P R AL
HAMR.

2 Hw XX ¥
©0000 ©0000®
00000 00000
00000 00000

P07 ggg PPPT

K 30 RRCN 4514
Fig. 30 Architecture of RRCN

Yi PTG IR R 4 (Pro-
gressive fusion non-local, PFNL), 1% M %% — &
Hdadt & 5k Z 3 (Progressive fusion residual
block, PFRB) 1%, 51 NE R #E & 71 Rk @A
PR A 2 8] B I 25 A0 SR P, S5 A anfEl 31, PFNL
B e R AR R 5% Z 3 (Non-local residual block,
NLRB) 5 8AME K 5 Brf b HAb AR 2 2 /) 1)
FH OGP IR I R AE, BAR T 2R iE sl it iz
FFMEISFE. #5, PFRB &t Z 26 flfix L
FRAESRAF A0 5 577 (B B AR A I [8]45 B R E.

\\\\\\\\\\\\\\

Kl 31 PFNL Z5i#EIAIPFRB 417 %
Fig. 31 Architecture of PFNL and Detail of PFRB

AW R R, Zhu 25 WO H TRk 2 W] s
i % 2% (Residual invertible spatio-temporal net-
work, RISTN), fi {13 Z "l ik (Residual invert-
ible block) 5% > AL EE (47 AE R s PAOR RIS 70 H
it 5 7k % 5 B g T T PR 5 ) — SO, S R A
32 fn. HAkHh, RISTN (L3675 AL, B [A] ik
AV B =35y, Horh, BRBEIRE S 24 P47
sk ZE nl i e, T 3R BUVE D I TR e A 11 J2 Tk
FRAE, T B AR AR 53 7% 22 A0 1 40 R 2R AN AT 2 [R) 22
J FRRHAE B I TR R B B = AR B R K
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R ICZ M & M 2% (Residual dense convolutional
LSTM, RDC-LSTM) AbERRFE &, DA 3% LA A0
T PR P T 5 U, [ IS A 20 6 AN ) 2 2k ) 4 T AR
BN P R AR AIE Rl 1Y) SR AT G 4t i 5 R

NESRAS 43 HE 2 LA
“4Wl w*!h
RISTN Z5#E

32
Fig. 32 Architecture of RISTN

Yi S5 10O T A R WL ATUER 4> B e B A ) 4%
(Omniscient video super-resolution, OVSR), &5
TR Sy 1 B ORGP R R
Sk B BER 25 AE A 4 i mil i) 2 S S, 45 A & 33
Firas. OVSR A& 1 B W 2% F f5 B W 2%, i &
2% M A A 1% 25 A0 A ot R A5 0 46 1 R 1 R
HAEMAEEARE, J5EMEERRE ST
HAE AR ##K%)ﬁbﬁf]]ﬁ T R R ) 2 R
IAE Jydse 2 i s A 25 L. 4 IR B X 2% 0 i B DY 4%
AL E 5 ), OVSR 73 A Rk 4 REM 45 (Local om-
niscient VSR, LOVSR) 4 54 fe M 2% (Global
omniscient VSR, GOVSR). HH1, GOVSR A LA[A]
)R R 20 R A A o0 R MR AT R A R
i, RIRTE 2 A B 2% A IR T M A e 2 3
(R AbBE 7 (Al AH [F N, LOVSR AN BE R A I 2 A0 R
AKWE E. #:52, LOVSR fl GOVSR 73 3li& &
8 FH 75 2 FH B8 AT 73 37 55

BasicVSR architecture

Forward and backward propagation branches

D D
S R R R
Net,

Net, Net, Net,, Net,

fulalulals

Net, => Net; ~* Net, > Net; ~=» Nets
Forward l I I

K 33 LOVSR (£) FMIGOVSR (4) 45K
Fig. 33 Architectures of LOVSR (left) and GOVSR

(right)

B IR B 24 ) B ML AR o3 38 I A I A R
SeTH L > PERE, At DR 51N R Y Ak BEAR B 3 B
I 2% 52 A 3 LS. Chan 55 U9V 2100 470 6E 43 1
HEZRAUE . X5 A S ERBEIUASHAF, 720
YA T7 R E KRG B2 ameshaE, TEHjTﬁ-ﬁ
LTI A A AL AGER 7 5 L3 U5 %€ Basic VSR, 45
el 34, AR I A5 SR R AR B A BB A
%)uﬁf?ﬁu:ﬂ’lﬁfﬁl%%ﬁiﬁ BasicVSR mﬂiﬂﬁ
a4, w] BL7E 70 B BSOS S, A ok
T AN S22 AN B 1 F) 1) L. E AL O 5 5
i, BasicVSR A HI it W £ F AH <68 ot 1] £ 't I
5 S, FERAL R T S BT A X 5, ARk T ASKE

FETAGTH T PR 2 X 55 H R SR A1 O 2 Il it
7£ BasicVSR f3ERE F, ChanZs ™15 N 7 {5 B E i

(Information-Refill) ## & % # (Coupled Propa-
gation) PIMHLHIVE RAE RIS RE T i BARR 22, 1R
T PERE S SR I ALSIGE 73 B 2% TCONVSR.

N

1

{xio1, i, Xi4a} § € L

"
Li |-

|

[
m
=
<
Se— c — 5 —

Information-Refill Coupled Propagation

[ 34 BasicVSR (7£) MIICONVSR (£1) 4 El
Fig. 34 Architectures of BasicVSR (left) and ICONVSR (right)

Liu %577 BasicVSR 2284 [ B fikh B8t it T
B35 &N Transformer (Trajectory-aware trans-
former, TTVSR), #t— PR ZE W 58 A RPN =

S, S 35 Bras. TTVSR DAL
EPE’JfFﬁjﬂ'JE RFAIE, R IR 22 R Y AL B AL 5 X
N RIE N E LA s sh L. BiEE L
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) NI R — B S P & W RS R E. Y T SE
BUX—#AE, TTVSR Iy st it 1 A0 BRI, X
TG RE SCHIAILTE o5 1L P A o o BB BT AT 328 3 A ik
FUEBALSERFAC P ) H ). X e A I 2 4 5
BT AR SEE, TTVSR A K T 514,
S J R AR R B LU AE A e

Kl 35 TTVSR 45t
Fig. 35 Architecture of TTVSR

PR R 2% 18 7 B4 S B, TTVSR X R A4
FE A AL ER R AN, Ak, Tang %5 BIRA FH 28
[ 45 A0 $E 1) 2 () 3 5 )Y 28 (Spatial enhanced net-
work, SEN) HI Fp A5 26 5% (0 I 7 00728 1 5% o) 2%
(Temporal-trajectory enhanced network, TEM),
et T RAGE 7 # 2 B B PME Transformer
(Collaborative transformer, CTVSR), Z5#4 U1l 36
Fios. BAk#h, SEN HH 4R %33 E ) (Token
dropout attention, TDA) A A £ kA8 XiER )
(Deformable multi-head cross attention, DMCA)
k@A R AN 4 Jm ) A B4 L, AR T TTVSR
PEREEIE. AFRT TTVSR AE R R —iz 3h§dk
H AR E R, TEM ik | — e fE 2% K
B LHT RGO 5, R 1A IR B ST
B — R e Dy 200 I 2% % BE R M

Kl 36 CTVSR 454
Fig. 36 Architecture of CTVSR

Lee % POy kg T 5F 225 AT 43 %
H M4 (Reference-based video super-resolution,
RefVSR), &ittuni&l 37 pran. HEAkh, RefVSR #H

FHL A A ) A B 5 K [ Il SRAR 70 e R AT A,
A7 5 2 201 (1 R 2 HER AU, R JE A D9 R A
BhE B4 5 VSR IMERE. 76 BasicVSR XUl 4 3L [
M oe, E—r 2 ERES A A S T i K5
RRAR T FER WP HE R, 1 HIDR 7t & soRk
o 0 HE R 2 2 WU 401, DR 22 I F) e e 45
SAEMIRIXS T IR A e 2 AR k. O 1R 2 Al
ZIH) 2B ML, RefVSR #it T 2% % 55 Fl A% #%
PR, E B AR GEARUE . 25X 55 AL AR I e il
AT Horh, RGEARUEE R e 2 PR
2 25 WUPMURT A5 25 22 A1 70 0 2 i ] 11 % 52 AR AUUE
By AR P B AR T R S MBS B S %
FrAREERA 2R 51 ERE S 25 iSRS 5 2R
O HR A, AL TR P i AU 5 2 TR G
IRl B R AT Rl

K 37 RefVSR 45ty
Fig. 37 Architecture of RefVSR

5 RefVSR A [, Jiang %52 1) O
Mathching, & H 2% = 70 HFRAIE &, (U H]
MHRALAIZy 5% v 1 55 B0 — T s 7 2R R A Do B B
G, G 38 Frus. Oy 1 ARSI 225 1K
QAL AL 73 He 2P J7 TH K % 57, C*-Mathching 73
BT TR EE A X R 2% (Contrastive correspon-
dence network) FHZUM-2 42 KIK 751872 (Teacher-
student correlation distillation). HAAH, XT LE X
X 28 R FH = e 4145 2 i 3 (Triplet margain loss)
5 SR 73 AR ORI 5 3 HE 2 22 JR MR (R 8 i TR AR Y
XL FR, i BOM- 22 SRR AR 3t — 2B ER T
B 6F I (X 2% S8 A 0 T A S A2 PO 7 A B2 380 oA 2%
TR T e o3 R o3 R R TR A] ) SUH N B K R,
TR R ZE TR s 1 AR - m o R B
U@ IR
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LAy

Kl 38 (C2-Mathching 45#) &
Fig. 38 Architecture of C?-Mathching

REKEEHEIET RE NS 7R, H1E
A B S s p B 2 Z FE R AL, RILEA R
A 7. Chan %5 %0 BasicVSR #h /@ 8 H 52y 5, 4%
7 RealBasicVSR M %%, it 39 fras. N T
fifR DA AR AL Tk A2 H R A 7 R 2% R R UK 1)
i) @, RealBasicVSR 5l N T — A sh &AL EL,
R 5 B A A0 T 3 N 3 R AT 2 R T AL B S O\ B
BasicVSR. =24t 45 & B, RealBasicVSR X &#
K512k VSR, 4% 0] LLEE bt 1 FH K FR S B,
X b A SR BN R AR (Batch) PASRTS A2 € AL
BN B

Refinement
hY
' ‘ f \
——> Cleaning =3 Backward =— Forward =—

I
v
hY
¥
> Cleaning = Backward = Forward =——|
v
v
A
¥
——> Cleaning ==t Backward == Forward =—t—3

v
BasicVSR

K] 39 RealBasicVSR 4514
Fig. 39 Architecture of RealBasicVSR

Fefphith, Qi 5 BOVEF X AEAENRE P | TEAR DR O
B, Wik TR A B B ¥ 2E- I -43 Transformer (Spa-
tiotemporal frequency-transformer, FTVSR), 45
gl 40 Fros. BARH, £ [A)-I (8] -4 1K) 2 5
o, FTVSR RS 70 o R B, P 46 o i
B, B B BB — M EIE AR T MR XMEROR
BRXA BT FTVSR WEME IR EER ), &

ARIX 73 FSL QA S A VR [N, O 1 R
P 2 B R, FTVSR RHA T R & )
L1 A S A 2 =y TR 78 AR 004 0% 2R, 0 ) A B A4
TN TR A [ e B A e A A 4 D s SRR AL R R Bk
4, FTVSR A HLAE 2 [A]-I [A]- 4312 52 A 38 b AR i
A7 3 (8] - AT 7 g vh BRI B)- A0 v R 0
A, X RPN By A T
BN PR AR

B 40 FTVSR 4it&

Fig. 40 Architecture of FTVSR

£ 5+ Basic VSR 7E I 715 2L 4 At 6] % 5% 77
T HIAS A, Chan 25 831 5] N\ i X kS A% 45 A1 G L 51
ST AT 4R T BasicVSRA4+, 45 41
FioR. 1E45 BRI SRS, BasicVSR++ B 4651
N XA 3 28 ST ) AR T 43 S 8] 4R R AT #e, F
F =B 5y SRR R o s T B A AL 3, B4
MU 252 5k E AR AR i Y BROIR 2, 1B 832k B Wi
— MR RRCRAS . X AR TE 7 3 B 178 24 10 i 1) 2
ARG NEZ N FER, 7T LLE RO e
AL G . Ry, N7 R TSR Z AT
SE 31 B RS Rk A) A, Basic VSR ff G
e S BB I M, MU LIRS FEE T
AR B RMWAS &, 18T DASR T W 28 )11 25 1 B e 1k
BasicVSRA-+ tH A1 HAH X 45 52 119 X 458 R0 A 5 76 1)
VAR RN G SRR AR A

000!

oy BEESOT , 2 EEESE 4

Kl 41 BasicVSRA++ 454K
Fig. 41 Architecture of BasicVSR++
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Fig. 42 Architecture of PSRT
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Fig. 43 Architecture of IART
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Fig. 44 Architecture of MFPI
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Fig. 45 Architecture of DFVSR
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Fig. 46 Architecture of MIA-VSR
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Fig. 47 Architecture of RVRT
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Fig. 49 Architecture of StableVSR
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Fig. 50 Architecture of MGLD
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Fig. 51 Architecture of Upscale-A-Video
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Fig. 52 Illustration of different inter-frame alignment
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Fig. 53 Explicit alignment based on optical flow
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Fig. 54 Deformable convolution-based alignment
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Fig. 55 Flow-guided deformable alignment and flow-guided deformable attention
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Fig. 56 Inter-frame alignment based on 3D convolution
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A BRI A R A2 I AR %0 55 7 v 3 AR
Yy, WMOHLRBUR A, K5 S MR S8 B &
LS S [ I S M = R TR S Py
AR RS AR S S AT AR S BURT AT
AR T 0.01 M A4

5 A [FEImE X 57 AR R A S b
Table 5 Performance and parameter comparisons of

different inter-frame alignment

NP
777 R SHdE (M) R S
GT  SpyNet
RITAMEE  31.84  31.78
AT () 1.35 WLV 31.92  31.85
WA 31.93  31.89
BEXFF OGS
1.60 MRS 32.08  31.98
AL E) & f
AR CRTS
1.56 WERMEME  32.03  31.94
HIR AR TR 7T) . f
AR RS -
1.35 FARATHEE 31.81  31.82¢
R Bt ) R
NP N R SRETE ) v
RAEXFE (oS SR E=walidl 3214 32.05
I B U 55) [GEEETE

N GEAVPDUAS T3] ) 4 2846 0[] 36 55 B X 2
PRATER 73 14 B 5 2803y SR (W e, AR SCAE [A]—F &
(GeForce RTX 3090) T 1Al 1244 H A7 AQZ A% 1R
ATGER 2> 53, SEIR4E B 6 Fron. Hod P HE
HEIS ()45 B K 43 FE RN 320 x 180 I 43 7 2 i
FSRFEA 1280 x 720 PRI K, BIFE REDS £
£ EXHESE 100 WiBEAT 4 % L oRAEFT TR IE). DAY
W= UAFAE T RFER) REDS $dE £ m 2 45 1 N
%, BasXx 5% (EDVR) FIEF XS5 (DUF) M T &
655 (TOFlow) REWES BT R B X AH 41 M 1) 52 4%
BB HARL, B IR B E R . 5
PEIFIS, JETF 3D B AR AR AR FE 6 AR S a0 A 2 20%
S 07 R ZE G0 T W 2% 1) S BCE AN HESE A ). A R
BT AR (TMP) AL T W a4 4% (BasicVSR)
(1006 4 TN 265 i B i B[] 4 88 R 024 8 1 FROIR 3, 4%
B /D (1) X 2 S B0 KRR AR OC SR b AT A, TE42
T I 2%V B 1 [R] B B A T BT A HEER S ). R B
I 5 X 4% 465 1) E B [l A 4 (TTMIP) ) B 9 A% 25 4
(BasicVSRA+) 748, i 73 W 4 IR 4% 3 7 308 i 1
%, KB P A5 B N 75, M IHE T 1)
W0t RE AT R R

SR, TEFE M 2% 1) R ERE (BasicVSR++)
B BRI R N B ) BE AR 1) F VR B I #R1E (PSRT)
ZJ5, WK I S5 0e MHESRIN (8] 252 7 BRI i,
(R BE PR T OB B . (EA3 VRN, TR
X6 5 7 V2328 R R 2 I A R 6 SR AR R X A A
FLEE R HERR I 45 R A SRR E IR, BhAh, 5
e F TR AT A L, B2t 5F A1 T 7 X 5 AE
TN 52 2% ()32 B A RT3 e A8 e i B B 47 1 A g
PR, BRI B T B A M 7R A5 R AL 1) L
ST 73 B .
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Table 6 Performance and inference time comparisons of VSR algorithm on GeForce RTX 3090 platform
W UAGAE T RAE TR R
PONEARES ZHE (M) HEBE] (ms) A5 REDS  Vimeo-90K-T ~ Vid4  Vimeo-90K-T  Vid4 UDM10
(RGB i) (Y ifi#) (Y ilis) (Y j@it) (Y imit) (Y iiid)
Bicubic - <1 26.23/0.7319 31.32/0.8684 23.78/0.6374 31.30/0.8687 21.80/0.534628.47/0.8253
TOFlow 2] 1.41 250 W3 27.96/0.7981 33.08/0.9054 25.89/0.7651 34.62/0.9212 25.85/0.765936.26/0.9438
DUF [56] 5.8 737.5 T 28.63/0.8251 -/- 27.33/0.8319 36.87/0.9447 27.38/0.832938.48/0.9605
EDVR[67] 20.6 188.2 Fazt  31.09/0.8800 37.61/0.9489 27.35/0.8264 37.81/0.9523 27.85/0.850339.89,/0.9686
TMP [61] 3.1 31.5 B 30.67/0.8710 -/- 27.10/0.8167 37.33/0.9481 27.61/0.8428 -/-
BasicVSR[75] 6.3 45.4 83X 31.42/0.8909 37.18/0.9450 27.24/0.8251 37.53/0.9498 27.96,/0.855339.96,/0.9694
ICONVSR[75] 8.7 58.4 B3R 31.67/0.8948 37.47/0.9476 27.39/0.8279 37.84/0.9524 28.04,/0.857040.03,/0.9694
TTVSR 7] 6.8 123.3 BE 32.12/0.9021 -/- -/- 37.92/0.9526 28.40/0.864340.41,/0.9712
VRT (&8 35.6 1679 B4 32.17/0.9002 38.20/0.9530 27.93/0.8425 38.72/0.9584 29.37/0.879241.04/0.9737
BasicVSR++ 331 7.3 60.2 B4 32.39/0.9069 37.79/0.9500 27.79/0.8400 38.21/0.9550 29.04/0.875340.72/0.9722
PSRT 72 13.4 1280.2 BE 32.72/0.9106 38.27/0.9536 28.07/0.8485 -/- -/- -/-
MIA-VSR 97 16.5 1194.6 T 32.78 0.9220 38.22/0.9532 28.20/0.8507 -/- -/- -/-
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