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1. Model Details
The overall COMISR model is shown in the Figure 2

in the paper manuscript. Here we present more details of
the two modules: detail-preserving flow estimation and HR
frame generate.

1.1. Detail-Preserving Flow Estimation

The flow is estimated via a network architecture as is
shown in Figure 1. At each training mini-batch, a short
video clip (e.g. 7 frames) is used for training. The flow
estimation can be divided into two parts. The first part is
to learn the motion discontinuities between the consecutive
frames. The second part is for upscaling the estimated flow,
which will be then used on the HR frames. The upscaling
process is designed by a learn residual added to a 4× bilin-
ear upsampling. Such residual is implemented by repeating
a 2× transpose convolutional layer twice.

32
64

128 256
128

64
32 2

64

64 2

conv, stride 1

deconv, stride 2

max pool

bilinear 2x

bilinear 4x

Figure 1. Detail-Preserving Flow Estimation

All the convolutional kernels are 3×3. The number of
filters in each layer are marked in the Figure 1. The output
flow estimation is used to warp the t−1 generated HR frame
to the t timestamp, and then used for generating the HR
frame in the t timestamp.

1.2. HR Frame Generator

As shown in Figure 2 of the manuscript, the input of
the HR frame generator is the concatenation of a space-
to-depth results of the current estimated HR frame and the

current input LR frame. In the HR frame generator, 10 re-
peated residual blocks are first employed to extract high-
level features. Then a upscaling module, similar to Detail-
Preserving Flow Estimation in Section 1.1 is used to create
estimated HR frame.

… 

bilinear 4x

x10 residual blocks

64

conv, stride 1

deconv, stride 2

64 64 64 64
64

64 3

Figure 2. HR Frame Generator

2. User study
To better evaluate the visual quality of the generate HR

videos, we conduct a user study using Amazon MTurk [2]
on the Vid4 [4], REDS4 [5], and Vimeo90K [8] testing
dataset. We evaluate the COMISR model against all other
methods using videos compressed with CRF251. In each
test, two videos generated by the COMISR model and other
methods are presented side by side2, and each user is asked
“which video looks better?” For the Vid4 and REDS4
datasets, all the videos are used for the user study. For the
Vimeo90k testing set, the first 20 videos are used. For each
of the video pairs, we assign to 20 different raters. The
raters are selected with 90%+ HIT approval rate, and with
500+ HITs selected to participate in this user study. For
the Vimeo90k testing set, we are able to evaluate all testing
videos on FRVSR, TecoGan, EDVR and RSDN. However,
as the EDVR method only outputs one middle frame, it is

1The default CRF value for the open source code ffmpeg is 23.
2The left and right videos are randomly shuffled to avoid any bias.
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not included in the user study. All the results are summa-
rized in Figure 3, 4, and 5.
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FRVSR DUF TecoGan EDVR MuCAN RSDN

Vid4 User Study

Figure 3. Vid4 user study results. All four sequences are used.
The comparison is between COMISR and all other methods. Re-
sults show that users favored COMISR against all other compared
methods.
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REDS4 User Study

Figure 4. REDS4 user study results. All four sequences are used.
The comparison is between COMISR and all other methods. Re-
sults show that users favored COMISR against all other compared
methods.

3. Experimental Results
3.1. Vimeo-90K-T dataset

We evaluate the COMISR model against the state-of-the-
art VSR methods on the Vimeo-90K-T dataset [8], includ-
ing FRVSR [6], EDVR [7], TecoGan [1], and RSDN [3].
The Vimeo-90K-T dataset contains 7824 short video clips,
where each clip only has 7 frames. Similar to the observa-
tion in [3], the recurrent-based method may not take full ad-

0%

25%

50%

75%

100%

FRVSR TecoGan RSDN

Vimeo90K-T User Study

Figure 5. Vimeo90k testing set user study results. The first 20 se-
quences are used. The comparison is between COMISR and three
other methods. Results show that users greatly favored COMISR
against all other compared methods.

vantages due to very short video clips, the COMISR model
can still outperform others on the compressed videos. We
show both quantitative result below, and qualitative results
in Section 3.2.

Uncompressed CRF25

FRVSR [6] 35.64 / 0.932 30.07 / 0.788
TecoGan [1] 34.07 / 0.909 29.84 / 0.784
EDVR [7] 37.61 / 0.949 30.53 / 0.844
RSDN [3] 37.23 / 0.947 29.63 / 0.815

OURS 35.71 / 0.926 31.05 / 0.816

Table 1. Performance evaluation of Y-channel on the Vimeo90K
testing set.

3.2. Qualitative Comparisons

We add additional visual comparison results from the
Vid4, REDS4, and Vimeo90K testing datasets. For the
Vimeo90K testing set, we are able to run the FRVSR,
EDVR, TecoGan, and RSDN on all the testing videos. Note
that EDVR only generates the middle HR frame (#4) out of
the 7 input LR frames, so the comparison on the Vimeo90K
testing set is on the middle frame for all the methods.
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      GT               FRVSR              DUF                EDVR           TecoGan          MuCan              RSDN              Ours

Figure 6. Visual example of the Vid4 dataset. All the LR input frames are compressed with CRF25. Zoom in for best view.
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      GT                 FRVSR               DUF                EDVR              TecoGan            MuCan             RSDN                 Ours

Figure 7. Visual example of the REDS4 dataset. All the LR input frames are compressed with CRF25. Zoom in for best view.
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      GT                     FRVSR                   EDVR                TecoGan                 RSDN                    Ours

Figure 8. Visual example of the Vimeo90k testing set. All the LR input frames are compressed with CRF25. Zoom in for best view.
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