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The following materials are included in this supplementary file:

– Model parameters and inference time (referring to Section 4.4 in the main
paper).

– More visual results on synthetic video datasets (referring to Section 4.2 in
the main paper).

– More visual results on real-world video datasets (referring to Section 4.2 in
the main paper).

– Video demonstrations.

1 Model Parameters and Inference Time

We provide the comparisons of model parameters and inference time in Table
1. Compared with non-diffusion VSR methods like Real-ESRGAN and RealBa-
sicVSR, our MGLD-VSR model does not have advantages in terms of number
of parameters and inference time. Compared to diffusion based real-world im-
age super-resolution method StableSR, our method is much faster in terms of
amortized time, benefiting from the lighter CFW design and MIMO design.

Table 1: Comparison of model parameters and inference time. The inference time is
measured on a NVIDIA A100 GPU for super-resolving a 128×128 LR input sequence to
a 512×512 HR output sequence. The inference time for RealBasicVSR and MGLD-VSR
is amortized from inferring 100 frames. For StableSR and MGLD-VSR, the number of
sampling steps is set to 50.

Models Trainable Parameter / Total Parameter Time
Real-ESRGAN 16.70M / 16.70M 0.034s
RealBasicVSR 6.30M / 6.30M 0.011s

StableSR 149.91M / 1.5B 3.194s
MGLD-VSR 130.45M / 1.5B 1.113s

⋆ Corresponding author. This work is supported by the Hong Kong RGC RIF grant
(R5001-18) and the PolyU-OPPO Joint Innovation Lab.
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2 More Visual Results on Synthetic Datasets

In Figure 1 and Figure 2, we provide more visual results obtained by different
algorithms on the synthetic datasets (REDS4, UDM10, SPMCS). One can see
that our method can well reconstruct the object structures while generating
plausible details under complex degradations.
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Fig. 1: Qualitative comparisons on synthetic dataset (SPMCS) for ×4 VSR (Zoom-in
for best view).
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Fig. 2: Qualitative comparisons on synthetic datasets (REDS4, UDM10) for ×4 VSR
(Zoom-in for best view).
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3 More Visual Results on Real-world Videos

In Figure 3 and Figure 4, we provide more visual results obtained by different
algorithms on the real-world video dataset, i.e., VideoLQ.

As shown by the example of sequence 033 in Figure 3, MGLD-VSR generates
clearer plausible structure of the human faces and the background poster. On
sequence 038, MGLD-VSR clearly reconstructs the characters on the billboard,
while most algorithms fail. As shown in Figure 4, for sequences 041 and 049
from VideoLQ, MGLD-VSR reconstructs clearer characters or numbers while
generating less artifacts.
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Fig. 3: Qualitative comparisons on the real-world video dataset (VideoLQ) for ×4
video SR (Zoom-in for best view).
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Fig. 4: Qualitative comparisons on the real-world video dataset (VideoLQ) for ×4
video SR (Zoom-in for best view).
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4 Video Demonstrations

In this section, we provide some video demonstrations to validate the advantages
of our method.

The visual result comparisons on real-world sequences from VideoLQ are
shown in Figure 5, Figure 6, Figure 7 and Figure 8. We crop and enlarge the
same region from the results obtained by different methods for better compar-
ison. As can be seen from the figures, our method is able to generate realistic
details from heavily degraded real-world sequences while achieving good tempo-
ral consistency. In comparison, RealBasicVSR fails to generate realistic details
and the results obtained from StableSR do not show good temporal consistency.

The corresponding videos can be found in the same folder. The videos are
encoded with h264 codec (framerate=5, crf=23, pixelformat=yuv422p). Media
players like VLC player (all platforms), Xunlei player (on Windows and Mac),
Elmedia player (on Mac) are recommended for playing the videos. The download
links are listed below:

– VLC player: https://www.videolan.org/vlc
– Xunlei player: https://video.xunlei.com/pc.html
– Elmedia player: https://www.elmedia-video-player.com

https://www.videolan.org/vlc
https://video.xunlei.com/pc.html
https://www.elmedia-video-player.com
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Fig. 5: Real-world VSR results on sequence 026 from VideoLQ (Zoom-in for best view).
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