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1. More example sequences and content analysis of RealVSR dataset

Figure 1. More example video sequences from the constructed RealVSR dataset.

Figure 2. More content analysis of the constructed RealVSR dataset.
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2. More visual results by VSR models trained on synthetic dataset and our RealVSR dataset
In this section, we provide more visual results by VSR models trained on the synthetic Vimeo-90k [4] dataset and our

RealVSR dataset. The results on RealVSR testing set are shown in Fig. 3. Again, models trained on the RealVSR dataset
produce sharper edges and generate much less artifacts than models trained on the synthetic Vimeo-90k dataset.

HR frame from
039 sequence

LR RCAN (Vimeo-90k) FSTRN (Vimeo-90k) TOF (Vimeo-90k) TDAN (Vimeo-90k) EDVR (Vimeo-90k)

HR RCAN (RealVSR) FSTRN (RealVSR) TOF (RealVSR) TDAN (RealVSR) EDVR (RealVSR)

HR frame from
108 sequence

LR RCAN (Vimeo-90k) FSTRN (Vimeo-90k) TOF (Vimeo-90k) TDAN (Vimeo-90k) EDVR (Vimeo-90k)

HR RCAN (RealVSR) FSTRN (RealVSR) TOF (RealVSR) TDAN (RealVSR) EDVR (RealVSR)

Figure 3. ×2 VSR results on our RealVSR testing set by different models.



3. More visual results by VSR models trained with different losses
In this section, we provide more visual results by VSR models trained with different losses and the results are shown in

Fig. 4.
Compared to the baseline LYCbCr

CB , decomposition-based losses Ls+Ld+LCbCr
CB and Lv1 could reconstruct finer details and

shaper edges. The proposed Lv2 enables VSR models to generate sharper details compared with the baseline Lv1+RaGAN,
and also improves the visual quality of the VSR models trained by Lv1.

HR frame from
135 sequence

LR LYCbCr
CB Ls+Ld+LCbCr

CB Lv1 Lv1+RaGAN Lv2

LR LYCbCr
CB Ls+Ld+LCbCr

CB Lv1 Lv1+RaGAN Lv2

HR frame from
323 sequence

LR LYCbCr
CB Ls+Ld+LCbCr

CB Lv1 Lv1+RaGAN Lv2

LR LYCbCr
CB Ls+Ld+LCbCr

CB Lv1 Lv1+RaGAN Lv2

Figure 4. ×2 VSR results on videos from the RealVSR testing set by the EDVR [3] models trained with different losses.



4. More visual results on real-world videos
In this section, we provide more visual VSR results on real-world videos outside the RealVSR dataset. The results are

shown in Fig. 5. Compared with the model trained on the synthetic Vimeo-90k dataset, the model trained on our RealVSR
dataset with loss Lv1 reconstructs clearer edges with less artifacts. Moreover, the model trained with loss Lv2 enriches the
details and textures, which further improves the visual quality.

Sequence captured by iPhone 11 Pro Max

LR Vimeo-90k RealVSR+Lv1 RealVSR+Lv2

LR Vimeo-90k RealVSR+Lv1 RealVSR+Lv2

Sequence captured by Huawei Mate 30 Pro

LR Vimeo-90k RealVSR+Lv1 RealVSR+Lv2

LR Vimeo-90k RealVSR+Lv1 RealVSR+Lv2

Figure 5. ×2 VSR results on real-world videos outside RealVSR dataset by the EDVR [3] models trained on synthetic Vimeo-90k [4] and
our RealVSR.



5. RealSR dataset vs. RealVSR dataset
In this section, we compare models trained on real-world SISR dataset (RealSR [1]) and those trained on our real-world

VSR dataset (RealVSR). Two representative SISR models, SRResNet [2] and RCAN [5] are selected in this experiment. For
fair comparison, we train all models with the baseline Charbonnier (CB) loss in YCbCr space. As shown in Fig. 6, models
trained on the RealSR dataset are less effective in reconstructing sharp details on real-world distorted videos captured by
several models of mobile phone. In contrast, models trained on the RealVSR dataset produce much better results.

Sequence captured by
OPPO Reno 2

LR SRResNet
(RealSR)

SRResNet
(RealVSR)

RCAN
(RealSR)

RCAN
(RealVSR)

Sequence captured by
Huawei Mate 30 Pro

LR SRResNet
(RealSR)

SRResNet
(RealVSR)

RCAN
(RealSR)

RCAN
(RealVSR)

Figure 6. ×2 VSR results on real-world videos outside RealVSR dataset by the different models trained on RealSR [1] and our RealVSR.

6. Video demonstration
In this section, we provide some video demonstrations. The videos can be found in the same folder. To better compare the

results, we crop the center location of each video.
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