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Abstract: Objective Arbitrary-scale video super-resolution (AVSR) aims to reconstruct high-resolution (HR) videos from
low-resolution (LR) inputs under continuous scaling factors, including non-integer and asymmetric magnifications. Com-
pared with fixed-scale video super-resolution (VSR), AVSR must generalize across a continuum of scales while maintain-
ing temporal coherence amid complex motions, non-rigid deformations, and occlusions. In practice, three key issues often
drive performance degradation: (i) scale generalization, where details plausible at one magnification may appear over-
smoothed or over-sharpened at another; (ii) alignment error accumulation, where minor misalignments from optical-flow
warping compound during recurrent propagation, causing flickering, ghosting, and motion artifacts; and (iii) robustness to

unseen degradations, as real videos often diverge from training degradation models, complicating high-frequency restora-
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tion and temporal stability. This work develops an AVSR approach that enhances spatial detail recovery, temporal consis-
tency, and scale generalization while maintaining deployment-friendly efficiency. Method We propose SL-AVSR, an
arbitrary-scale video super-resolution framework that integrates (1) an explicit multi-scale frequency prior derived from
image Laplacian pyramids; (2) second-order composite-flow-guided propagation for temporal feature transfer; (3) second-
order deformable alignment refinement for sub-pixel correction near motion boundaries and non-rigid regions; and (4) a
scale-aware hyper-upsampling unit for efficient continuous scaling. SL-AVSR builds on a forward-looking recurrent archi-
tecture with a lightweight look-ahead mechanism. The current HR frame is reconstructed by fusing history-propagated fea-
tures with a short window of future cues, avoiding the overhead of a full bidirectional pass. First, to ensure scale-consistent
guidance for detail restoration, we construct a Laplacian pyramid on the LR input to extract band-limited components repre-
senting multi-scale frequency information. These components are fused via learnable weights, enabling the network to pri-
oritize appropriate frequency bands for different magnifications and content types. Unlike resource-intensive perceptual fea-
ture networks, this explicit prior is lightweight, interpretable, and imposes direct constraints on frequency discrepancies
across scales. Second, to enhance alignment robustness in recurrent temporal aggregation, SL-AVSR employs second-
order composite flow for feature propagation. Instead of using one-step displacements from single neighboring frames, we
compose neighboring flows into two-step composite displacements, providing more stable cues under large motions and par-
tial occlusions. This composite-flow-guided warping transfers features temporally, mitigating drift and curbing misalign-
ment error accumulation. Third, to resolve residual misalignments persisting after flow-based warping—particularly around
motion boundaries, non-rigid deformations, and occlusions—we introduce a second-order deformable alignment refinement
module. This module predicts residual sampling offsets and modulation masks conditioned on warped features and the cur-
rent context, enabling adaptive local corrections around flow-estimated displacements. The refinement is applied in both
history propagation and look-ahead aggregation pathways, improving temporal feature correspondence and reducing motion
artifacts. Fourth, to enable efficient continuous and asymmetric scaling, SL-AVSR incorporates a scale-aware hyper-
upsampling unit. A compact hyper-network generates scale-specific convolution kernels that can be precomputed or cached
for common output resolutions. This approach balances (i) direct interpolation (fast but limited in fidelity for large scales
and fine textures) and (ii) implicit neural representation (INR)-based pixel-wise rendering (flexible but computationally
expensive). By conditioning convolutional kernels on the target scale, SL-AVSR preserves convolution-based efficiency
alongside arbitrary-scale {lexibility. Result Training occurs on standard VSR/AVSR benchmarks with continuous scale sam-
pling, with evaluation under integer, non-integer, and asymmetric magnifications. Generalization is tested by applying
models trained on one dataset directly to others without adaptation. Robustness is assessed under randomized synthetic deg-
radations and real-world videos with unknown degradations. We report distortion metrics (PSNR, SSIM) and a perceptual
metric (LPIPS) for fidelity and quality, alongside qualitative comparisons and time—space profile visualizations to evaluate
temporal stability (e. g. , flickering and alignment artifacts). Across scaling factors (including non-integer and asymmet-
ric) and diverse video content, SL-AVSR achieves the best or consistently competitive quantitative performance against rep-
resentative AVSR and arbitrary-scale image super-resolution (AISR) baselines. The explicit Laplacian-pyramid frequency
prior delivers stable gains in detail recovery and scale generalization, evidenced by higher PSNR/SSIM and lower LPIPS
across most scales. Qualitatively, SL.-AVSR reconstructs structured regions (e. ., thin lines, repetitive patterns, man-
made textures ) more reliably and preserves stochastic textures with fewer over-smoothing artifacts, especially at large mag-
nifications where frequency information is vulnerable. For temporal consistency, the second-order composite-flow-guided
propagation and deformable alignment refinement reduce motion distortions like trailing edges, ghosting, and shimmering.
Time —space profiles reveal smoother, more continuous traces in SL-AVSR compared to competitors’ blurred or jagged
ones, indicating superior temporal aggregation. The look-ahead mechanism further boosts stability and perceptual quality
by incorporating future context without a costly full-sequence backward pass. In cross-dataset tests, SL-AVSR sustains
robust performance on unseen distributions, with gradual degradation as scaling increases. Under randomized and real-
world degradations, it avoids severe artifact amplification, underscoring the resilience from explicit frequency guidance and
second-order alignment. Efficiency analyses show SL-AVSR's favorable quality—efficiency trade-off, outperforming INR-

based methods due to its kernel-generating hyper-upsampling and lightweight prior. Conclusion We present SL-AVSR, an
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arbitrary-scale video super-resolution framework that unifies an explicit Laplacian-pyramid multi-scale frequency prior with

second-order composite-flow-guided propagation and second-order deformable alignment refinement in a forward-looking

recurrent architecture. The proposed design enhances spatial detail restoration and scale generalization while improving

temporal consistency by mitigating alignment error accumulation under challenging motion patterns. The hyper-upsampling

unit supports continuous scaling with practical efficiency, avoiding the high computational cost of pixel-wise implicit ren-

dering. Extensive evaluations across datasets, scaling factors, and degradation conditions demonstrate SL-AVSR's strong

balance of fidelity, perceptual quality, temporal coherence, and computational efficiency, positioning it as a practical solu-

tion for real-world arbitrary-scale video super-resolution. The code is publicly available through Science Data Bank : https://

www. doi. org/10. 57760/sciencedb. j00240. 00181.

Key words: arbitrary-scale video super-resolution; recurrent neural network; second-order deformable alignment; fre-

quency prior; hyper-upsampling unit
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Fig. 1  Overall framework of the proposed method.
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HRUMEEREER,

Table 1 Quantitative comparison with state—of—the—art methods on the REDS validation set (PSNR 1 /SSIM T /LPIPS

| ), The best results are highlighted in bold.

PikiS x2 X3 x4 x6 x8
Bicubic 31.51/0.911/0.165 26.82/0.788/0.377 24.92/0.713/0.484  22.89/0.622/0.631  21.69/0.574/0.699
EDVR 36.03/0.961/0.072  32.59/0.904/0.108  30.24/0.853/0.202  27.02/0.733/0.349  25.38/0.678/0.411
ArbSR 34.48/0.942/0.096  30.51/0.862/0.200 28.38/0.799/0.295 26.32/0.710/0.428 25.08/0.641/0.492
EQSR 34.71/0.943/0.082  30.71/0.867/0.194  28.75/0.804/0.283  26.53/0.718/0.391  25.23/0.645/0.459
+LTE 34.63/0.942/0.093  30.64/0.865/0.204  28.65/0.801/0.289  26.46/0.714/0.410  25.15/0.660/0.488
+CLIT 34.63/0.942/0.092  30.63/0.865/0.204  28.63/0.801/0.290  26.43/0.714/0.400  25.14/0.661/0.467
RDN +OPE 34.05/0.939/0.082  30.52/0.864/0.199. 28.63/0.800/0.293  26.37/0.711/0.421  25.04/0.655/0.504
+GaussianSR 34.25/0.940/0.091  30.56/0.866/0.201 28.64/0.800/0.291 26.40/0.712/0.419  25.08/0.657/0.501
+ContinuousSR.~ ———=/———/——— 30.65/0.866/0.198  28.67/0.801/0.289 * 26.49/0.715/0.402  25.14/0.662/0.470
+LTE 34.73/0.943/0.091  30.73/0.866/0.200 28.75/0.804/0.284 - 26.56/0.718/0.403  25.24/0.669/0.480
+CLIT 34.63/0.942/0.093  30.64/0.865/0.205 28.64/0.802/0.291 26.45/0.715/0.400  25.15/0.662/0.466
SwinlR +OPE 33.39/0.935/0.081  29.40/0.820/0.217  28.49/0.785/0.292  26.30/0.698/0.398  25.01/0.648/0.487
+GaussianSR 34.31/0.941/0.089  30.60/0.867/0.199  28.69/0.802/0.290 26.42/0.713/0.416  25.08/0.659/0.498
+ContinuousSR~ ———/——=/——- 30.75/0.868/0.197  28.68/0.805/0.287  26.58/0.720/0.401  25.26/0.670/0.467
VideoINR 31.59/0.900/0.144  30.04/0.852/0.197  28.13/0.791/0.263  25.27/0.687/0.374  23.46/0.619/0.470
MoTIF 31.03/0.898/0.100  30.44/0.862/0.186  28.77/0.807/0.260  25.63/0.698/0.369  25.12/0.664/0.467
BF-STVSR 32.06/0.908/0.092  31.38/0.877/0.146  29.29/0.837/0.200 25.98/0.718/0.321  25.42/0.670/0.459
SAVSR 35.66/0.955/0.046  32.19/0.918/0.100 30.61/0.872/0.138  27.03/0.791/0.250  25.59/0.716/0.312
ST-AVSR 36.91/0.969/0.041 33.41/0.937/0.066  31.03/0.897/0.114  27.89/0.812/0.222  26.04/0.746/0.298
ATy 37.09/0.970/0.041  33.68/0.940/0.065 31.27/0.900/0.114 28.01/0.814/0.220 26.15/0.747/0.293

07 DX 3814 Jry SRR 43, DT el A5 I 288 8 408 S 4 7 PRI
UK ] I ] 0 F SR AR AS o Bl 1 5 7
1], e ATR FHBEDLIER: (907, 180" 15, 270°) LA M F#L /K
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2.1.3 Hikigw

SL-AVSR 2k o 2 vy 17 20 A0 A, 231125k 300K
WA A28 ] Adam (Kingma F1Ba,2014) , 41

U)K 2 x 107, 3l 1 A %R K m (Loshchi-
loy #l Hutter, 2017) B ¥ 0 2 1 x 10, BRAESTA
UL, B A LR UG RS P = 80, JF K B R
T=15, W3t 0K/ KL =2, 58 ZIAEEH
N, =N, =15, JBIFEIRK /N R K = 3, SR FRAE#E iE
R C =64, L RFEEICH MLP B UK )= 45 5
RN 16.16.16 Fl 64, A 6T Al % By
PWC-Net(Ranjan Fl Black,2017) PREFSEORES . i
25 PREUR JH Charbonnier 12k (Lai 45£,2017) .
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45,2023) 5 OPE (Song 55, 2023) 5 3) 5& T i 0 Wik 5
M SR /n 718, A4S GaussianSR (Hu %,2025) 5
ContinuousSR (Peng %7 ,2025) . 4%} AVSR, 115
VideoINR (Chen %5 ,2022) .MoTIF (Chen %5 ,2023) .
SAVSR (Li %% ,2024) .ST-AVSR (Shang %5 ,2024) L)
K BF-STVSR (Kim %5,2025) P47 LA . AR UERT FE
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Z 3 I S HUSE LK 5| S ERE R IE S I

R2 VidHIBELFHWEELE(PSNRT /SSIM T /LPIPS | ), 4#%& F THSNRRAKE. EEFRANBHEER,
Table 2 Quantitative comparison with state—of-the—art methods on the Vid4 set (PSNR 1 /SSIM T /LPIPS | ). The scale

factors above and below the score line indicate super—resolution in the horizontal and vertical directions, respectively. The

best results are highlighted in bold.

M SR LU S B

‘ 25 4 5.1 6.4

ik 35 7 6 9
Bicubic 23.00/0.728/0.396  20.96/0.617/0.498  19.34/0.508/0.659  18.15/0.430/0.732
ArbSR 25.86/0.815/0.224  24.01/0.721/0313  22.03/0.60200.413  20.34/0.515/0.498
EQSR 26.24/0.826/0.210  24.16/0.730/0.300  22.54/0.620/0399  20.81/0.528/0.472
+LTE 25.98/0.818/0.226  24.03/0.722/0312  22.41/0.614/0.409  20.60/0.522/0.480
+CLIT 25.83/0.8150.223 < 23.9400.721/0.312  2238/0.613/0411  20.57/0.520/0.491
RDN +OPE 25.77/0.818/0.217  23.98/0.719/0317  22.3500.610/0.416  20.55/0.528/0.495
+GaussianSR 25.81/0.817/0.222  23.99/0.720/0.313  22.40/0.613/0.410  20.56/0.520/0.484
+ContinuousSR 25.94/0.820/0216  24.08/0.725/0.310  22.44/0.615/0.408  20.69/0.525/0.473
FLTE 26.43/0.826/0.217  24.09/0.727/0.305  22.50/0.620/0.403  20.70/0.524/0.475
+CLIT 25.80/0.818/0.224  24.00/0.724/0.314  22.42/0.617/0.406  20.69/0.522/0.479
SwinIR +OPE 25.55/0.801/0.221  23.93/0.711/0.320  22.40/0.612/0412  20.65/0.520/0.492
+GaussianSR 25.92/0.820/0.220  24.01/0.722/0311  22.44/0.61500.407  20.66/0.523/0.480
+ContinuousSR 26.54/0.830/0.210  24.16/0.729/0.301  22.52/0.622/0:401  20.80/0.539/0.469
VideolNR 23.02/0.715/0.203  2434/0.741/0.249  22.02/0.601/0397  20.43/0.511/0.453
MoTIF 23.55/0.734/0209 . 24.52/0.746/0.261  22.11/0.604/0390  20.48/0.518/0.450
BF-STVSR 24.12/0.745/0.166  24.90/0.784/0.222  22.23/0.620/0.388  20.59/0.537/0.447
SAVSR 27.82/0.875/0.088  25.97/0.8350.154  22.40/0.679/0.348  20.73/0.588/0.393
ST-AVSR 20.09/0.913/0.069  26.16/0.852/0.127  23.02/0.735/0253  20.64/0.609/0.357
A3 ik 2038/0.917/0.069  26.23/0.859/0.123  23.41/0.742/0245  20.66/0.609/0.357

T3¢ 1 751 1) 4% T 46 B (PSNR/SSIM/LPIPS ) J 43
A 3 LU e U4 S o i AISR LS
ContinuousSR 7F B 4 &5 U5 R 1 B A i 9 24
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SAVSR 2K JH# AL RNN g7 7 R4, 13 0 28
HEFERR G T IEATE, TR M R S 0K Z A AT
H1, ST-AVSR il i K P F A I 5] A L5 4 5 2085
5 AR A B 4 ) T A5 7R Al |, SL-AVSR i
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0. 14/0. 12 dB(°F-31250. 16 dB) .
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R WA 0 T HAt Ty ik R DL ) 2 T
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[ 4 i A T SR AR R B A E 28U I PSNR
SSIM 55 LPIPS 33k 8 e sk R A K 5 A0 434
FRFAS XS L 77 75 PSNR F g (5 10 34, {0 3 {4 9%
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VideoINR
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Fig. 4  Visual comparison of different AVSR methods on Vid4.
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Z X5 SEEE LR 5| SHE R E R B S P

GoPro B AR , AT EE — > B R WL AR 1k 4 ) i
o Lhxa a3 HER R ), AR T A I IEESHL
87 0 NS B N 1y T o121 2/ [ D
NVIDIA RTX Ada5880 GPU, 45 4k 3 firos o T8

CLIT LTE

ATk R T B 7 ik AU Az AL RE T, AN
Ak BHR DL IR AR RIS SRS M RE B f 10, i HL A £
FES RO MR 2% R i AL R[] I i PR 1] L 25

T e Irik.

K3 GoProMiER Ex4 B WERERMBUTHIZUMRELILER, URSHETEEREMEEF BRI

Table 3 Comparison of the generalization on GoPro for x4 SR under unseen degradations, along with an efficiency com-

parison in terms of parameters, complexity, and inference time.

RDN+OPE MoTIF VideoINR ST-AVSR AU &M EI&

PSNR 1/SSIM 1/

ik SHE(M) 5 (GFLOPs) HEBRE] (s)
LPIPS |

Bicubic 23.63/0.711/0.416 — — —
ArbSR 27.43/0:798/0.239 16.6 887.3 0.651
EQSR 28.00/0.815/0.228 11.6 1743.2 0.921
+LTE 28.02/0.805/0.233 22.5 2011.3 0.519
+CLIT 28.02/0.805/0.238 37.7 7341.9 1.655
RDN +0OPE 27.90/0.798/0.242 22.1 1003.7 0.266
+GaussianSR 27.97/0.801/0.240 23.2 1576.4 0.712
+ContinuousSR 28.04/0.805/0.236 26.0 1980.1 0.319
+LTE 28.09/0.806/0.231 12.1 1692.8 0.729
+CLIT 28.10/0.806/0.237 27.3 7022.3 1.928
SwinIR +OPE 28.02/0.802/0.240 11.7 684.0 0.438
+GaussianSR 28.06/0.804/0.236 12.8 1257.9 0.923
+ContinuousSR 28.09/0.807/0.233 15.6 1661.6 0.502
VideoINR 27.89/0.802/0.221 11.3 1676.5 0.676
MoTIF 28.02/0.810/0.219 12.6 2826.2 1.132
BF-STVSR 28.14/0.812/0.213 13.5 1876.4 1.003
SAVSR 29.67/0.849/0.193 11.5 1148.0 0.817
ST-AVSR 29.70/0.852/0.195 27.9 296.8 0.101
AR5k 29.81/0.854/0.191 3.28 354.0 0.087

Pl 5 AR J5 ik BBy — ST T

AVSR 71538 % L AISR )7 vk B L2 3800

SRS IE I TR FHAR @B TR 3 5 4 iy g 19 B

# . VideoINR .MoTIF 1 BF-STVSR H T 7| 4 Fnife
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B AR R R 3 2 K R O i BT BT ROR .

SAVSR i I sh i D T84 , X T30 T B e T

—Br

EoREE B w3

i

O Q00800 ® x2

X3

x4

X6

%8

ey
[E](s)

v v v v 36.30/0.965/0.047
v v v 36.88/0.967/0.042
v v vV 36.98/0.968/0.041
s 36.67/0.967/0.044

v v 36.76/0.967/0.043

D N N NN

v v v/37.09/0.970/0.041

32.75/0.935/0.083
33.49/0.939/0.068
33.62/0.940/0.066
32.86/0.927/0.081
32.97/0.933/0.079
33.68/0.940/0.065

30.58/0.895/0.135
31.10/0.897/0.118
31.23/0.900/0.114
30.23/0.880/0.147
30.56/0.883/0.136
31.27/0.900/0.114

27.09/0.806/0.254
27.87/0.809/0.226
28.01/0.813/0.221
27.36/0.786/0.243
27.55/0.797/0.239
28.01/0.814/0.220

25.38/0.739/0.321
25.98/0.742/0.297
26.13/0.747/0.294
25.58/0.718/0.314
25.79/0.730/0.307
26.15/0.747/0.293

0.053
0.082
0.104
0.071
0.076
0.087

x5

AEBHEOKE L REDS #iE4£ FHERSIIB £ R (PSNR T /SSIM 1 /LPIPS | ),

Table 5 Ablation results of different sliding window lengths L on the REDS dataset (PSNR T /SSIM T /LPIPS | ).

N ok
B

X2 X3 X4 X6 X8
L=0 36.41/0.965/0.046 32.88/0.929/0.082 30.61/0.886/0.137 27.42/0.795/0.251 25.63/0.729/0.321
=1 36.76/0.968/0.044 33.24/0.934/0.074 30.89/0.892/0.128 27.67/0.803/0.234 25.79/0.734/0.309
L=2 37.09/0.970/0.041 33.68/0.940/0.065 31.27/0.900/0.114 28.01/0.814/0.220 26.15/0.747/0.293
L=3 37.13/0.971/0.040 33.73/0.941/0.062 31.31/0.901/0.116 28.02/0.812/0.224 26.09/0.742/0.301

A RN HEEL A ). AR L 2R, FRATT A SL-
AVSRFEPERE IR Z AU T R 4 i P17

7% 4 SL-AVSR £ REDS ¥ 5 5 F #9714 filt 43 #r
(PSNR T /SSIM T /LPIPS| ). N[EAS AR RGN
i1

Table 4 Ablation analysis of SL-AVSR on REDS
(PSNR T / SSIM T / LPIPS | ). See the text for the
details.
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