SeeClear: Semantic Distillation Enhances Pixel Condensation
for Video Super-Resolution

, Yao Zhao', Meiqin Liu!, Chao Yao?
'Beijing Jiaotong University
2University of Science and Technology Beijing

Qi Tang’

&,

$0s\s,

.NEURAL INFORMATION
PROCESSING SYSTEMS

Motivation Methods Results
- - - : - : » Blurring ResShift Table 1 Performance comparisons on the REDS4 and Vid4 datasets.
® Diffusion-based Video Super-Resolution (VSR) is renowned for generating 49 Iiverse Generation Process p
_ . . . . . S REDS4 [24 Vid4 [19
perceptually realistic videos, yet it grapples with maintaining detail w = VTR Methods Frames PSNR T SSIM[T ]LPIPS T [ PSNR T SSIN[I T] LPIPS |
. . . ResShift Bicubic - 26.14  0.7292 0.3519 | 23778 0.6347 0.3947
consistency across frames due to stochastic fluctuations. TOFlow [41] 7 2008 07990 03104 | 2580 07651 03386
" .y , . : P EDVR-M [37] 5 30.53 0.8699 0.2312 | 27.10 0.8186 0.2898
® The traditional approach of pixel-level alignment is ineffective for diffusion BasicVSR [1] Is 3142 08909 02023 2794 08251 02811
- : - : VRT [16] 6 31.60 0.8888  0.2077 | 27.93  0.8425 0.2723
processed frames because of iterative disruptions. il IconVSR [1] 15 | 3167 08948 01939 | 2739  0.8279 0.2739
c . . 00 . c 0 7 | Blurrin
® Solely disrupting frames with additive noise is inadequate to depict the 88 Difrusion StableSR [36] 1 24779  0.6897 0.2412 | 22.18 0.5904 0.3670
ResShift [45] 1 2776  0.8013 0.2346 | 2475 0.7040 0.3166
degradation of high-resolution videos. o = VI Al (lto) Gl SATeCo [6] 6 3162  0.8932 0.1735 | 27.44  0.8420  0.2291
e —— SeeClear (Ours) 5 28.92 0.8279 0.1843 | 2563 0.7605 0.2573
- SeeClear* (Ours) 5 31.32 0.8856 0.1548 | 27.80 0.8404 0.2054
—  Transition Kernel:
e e u: | ug) = N (u; | Dywy, :E), te{l,---,T}, REDS4 [24] Vida [19]

& * — 9 (v | o) (u: | Dy s R) { } Methods Frames |45 erS T NIQE | CLIP-IQA 7| DISTS | NIQE | CLIP-IQA T
g | KR - uo = VL7, Bicubic = | 0.1876 7257 06045 | 02201 7536  0.6817
?: 10° M’“’\""“W"“’““’“”W“"'”"“’M“"““’ ° Forward DIfoSIOﬂ Process TOFlow [41] 7 0.1468 6.260 0.6176 0.1776 7.229 0.7356
1 5 EDVR-M [37] 5 0.0943 4.544 0.6382 0.1468 5.528 0.7380
q(ue | o, w) = N (uq | Dywo + ey, 6°niB),  te{l,---,T} BasicVSR [1] 15 | 00808 4.197 06353 | 01442 5340  0.7410

e; = u; — Dyug VRT [16] 6 0.0823  4.252 0.6379 0.1372 5242 0.7434
wwwww . R S ing P . IconVSR [1] 15 0.0762  4.117 0.6162 0.1406  5.392 0.7411
NS EVEISC odMpling FIOCEess. StableSR [36] 1T | 00755 4.116  0.6579 | 0.1385 5237  0.7644
S _ ResShift [45] 1 0.1432  6.391 0.6711 0.1716  6.868 0.7157
plao | o) / plur | “’)E”" ot || T Pz SATeCo [6] 6 | 00607 4104 06622 | 01015 5212 07451
Comparative Power Spectral Density (PSD) analysis ~ N 2 SeeClear (Ours) 5 0.0762 4.381 0.6870 0.0947  5.305 0.7106
p(ur|w)~ N (ur | w, s E), SeeClear* (Ours)| 5 | 0.0641 3.757  0.6848 | 0.0919 4.896  0.7303
» Instance-Centric Alignment within Video Clips
overall Arehifecture s i il
l Semantic Distiller } Predict Class ~ Predict Box  Predict Mask
Bicubic EDVR [37] BasicVSR [1]

i il vl

VRT [16] SeeClear™ (Ours)

Clip 011, REDS4

s MANALKY s Ty

& l
e
Z/ILR ‘i

EDVR [37] BasicVSR [1]

» Channel-wise Aggregation across Video Clips
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patch-level blurring and residual shift mechanism and a reverse process. éé : L4 . to dynamically relate pixels within and Clip Calendar, Vid4 VRT [16] SeeClear” (Ours) HR
During the reverse process, Semantic Distiller for semantic embedding §§ : : ! ' . across frames, enhancing coherency. Figure 1 Qualitative results on the REDS4 and Vid4 datasets.
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utilize the diverse semantics for inter-frame alignment in the diffusion-based
VSR framework.

while maintaining a higher temporal consistency. Besides, SeeClear is

semantic textures.

much smaller and runs faster compared to other diffusion-based method.
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