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Abstract

This paper reviews the first NTIRE challenge on quality

enhancement of compressed video, with focus on proposed

solutions and results. In this challenge, the new Large-scale

Diverse Video (LDV) dataset is employed. The challenge

has three tracks. Tracks 1 and 2 aim at enhancing the videos

compressed by HEVC at a fixed QP, while Track 3 is de-

signed for enhancing the videos compressed by x265 at a

fixed bit-rate. Besides, the quality enhancement of Tracks 1

and 3 targets at improving the fidelity (PSNR), and Track

2 targets at enhancing the perceptual quality. The three

tracks totally attract 482 registrations. In the test phase,

12 teams, 8 teams and 11 teams submitted the final results

of Tracks 1, 2 and 3, respectively. The proposed meth-

ods and solutions gauge the state-of-the-art of video quality

enhancement. The homepage of the challenge: https:

//github.com/RenYang-home/NTIRE21_VEnh

1. Introduction

During the recent years, there is increasing popularity
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of video streaming over the Internet [12] and the demands

on high-quality and high-resolution videos are also rapidly

increasing. Due to the limited bandwidth of Internet, video

compression [61, 49] plays an important role to significantly

reduce the bit-rate and facilitate transmitting a large num-

ber of high-quality and high-resolution videos. However,

video compression unavoidably leads to compression arti-

facts, thus resulting in the loss of both fidelity and percep-

tual quality and the degradation of Quality of Experience

(QoE). Therefore, it is necessary to study on enhancing the

quality of compressed video, which aims at improving the

compression quality at the decoder side. Due to the rate-

distortion trade-off in data compression, enhancing com-

pressed video is equivalent to reducing the bit-rate at the

same quality, and hence it also can be seen as a way to im-

prove the efficiency of video compression.

In the past a few years, there has been plenty of works

in this direction [71, 70, 55, 35, 72, 63, 68, 21, 64, 15,

67, 26, 53], among which [71, 70, 55] are single-frame

quality enhancement methods, while [35, 72, 68, 21, 64,

15, 67, 26, 53] propose enhancing quality by taking ad-

vantage of temporal correlation. Besides, [53] aims at im-

proving the perceptual quality of compressed video. Other

works [71, 70, 55, 35, 72, 68, 21, 64, 15, 67, 26] focus

on advancing the performance on Peak Signal-to-Noise Ra-

tio (PSNR) to achieve higher fidelity to the uncompressed

video. These works show the promising future of this re-

search field. However, the scale of training sets used in



the existing methods are incremental and different methods

are also tested on various test sets. For example, at the be-

ginning, [55] utilizes the image database BSDS500 [4] for

training, without any video. Then, [71] trains the model on a

small video dataset including 26 video sequences, and [70]

enlarges the training set to 81 videos. In the multi-frame

methods, [35] is trained on the Vimeo-90K dataset [66],

in which each clip only contains 7 frames, and thus it

is insufficient for studying on enhancing long video se-

quences. Then, the Vid-70 dataset, which includes 70 video

sequences, is used as the training set in [72, 68, 64, 26].

Meanwhile, [21] and [15] collected 142 and 106 uncom-

pressed videos for training, respectively. Besides, the com-

monly used test sets in existing literature are the JCT-VC

dataset [7] (18 videos), the test set of Vid-70 [68] (10

videos) and Vimeo-90K (only 7 frames in each clip). Stan-

dardizing a larger and more diverse dataset is not only bene-

ficial for training video enhancement models but also mean-

ingful for establishing a convincing benchmark in this area.

The NTIRE 2021 challenge on enhancing compressed

video is a step forward in benchmarking the video quality

enhancement algorithms. It uses the newly proposed Large-

scale Diverse Video (LDV) [69] dataset, which contains 240

videos with the diversities of content, motion and frame-

rate, etc. The LDV dataset is introduced in [69] along with

the analyses of challenge results. In the following, we first

describe the NTIRE 2021 challenge, and then introduce the

proposed methods and their results.

2. NTIRE 2021 Challenge

The objectives of the NTIRE 2021 challenge on enhanc-

ing compressed video are: (i) to gauge and push the state-

of-the-art in video quality enhancement; (ii) to compare dif-

ferent solutions; (iii) to promote the newly proposed LDV

dataset; and (iv) to promote more challenging video quality

enhancement settings.

This challenge is one of the NTIRE 2021 associated

challenges: nonhomogeneous dehazing [3], defocus de-

blurring using dual-pixel [1], depth guided image relight-

ing [17], image deblurring [40], multi-modal aerial view

imagery classification [34], learning the super-resolution

space [36], quality enhancement of compressed video (this

report), video super-resolution [47], perceptual image qual-

ity assessment [19], burst super-resolution [5], high dy-

namic range [42].

2.1. LDV dataset

As introduced in [69], our LDV dataset contains 240

videos with 10 categories of scenes, i.e., animal, city, close-

up, fashion, human, indoor, park, scenery, sports and ve-

hicle. Besides, among the 240 videos in LDV, there are 48

fast-motion videos, 68 high frame-rate (≥ 50) videos and

172 low frame-rate (≤ 30) videos. Additionally, the cam-

era is slightly shaky (e.g., captured by handheld camera) in

75 videos of LDV, and 20 videos in LDV are with the dark

environments, e.g., at night or in the rooms with insufficient

light. In the challenge of NTIRE 2021, we divide the LDV

dataset into training, validation and test sets with 200, 20

and 20 videos, respectively. The test set is further split into

two sets with 10 videos in each for the tracks of fixed QP

(Tracks 1 and 2) and fixed bit-rate (Track 3), respectively.

The 20 validation videos consist of the videos from the 10

categories of scenes with two videos in each category. Each

test set has one video from each category. Besides, 9 out

of the 20 validation videos and 4 among the 10 videos in

each test set are with high frame-rates. There are five fast-

motion videos in the validation set. In the test sets for fixed

QP and fixed bit-rate tracks, there are three and two fast-

motion videos, respectively.

2.2. Fidelity tracks

The first part of this challenge aims at improving the

quality of compressed video towards fidelity. We evaluate

the fidelity via PSNR. Additionally, we also calculate the

Multi-Scale Structural SIMilarity index (MS-SSIM) [60]

for the proposed methods.

Track 1: Fixed QP. In Track 1, the videos are com-

pressed following the typical settings of the existing lit-

erature [71, 70, 55, 35, 72, 63, 68, 21, 64, 15, 26, 53],

i.e., using the official HEVC test model (HM) at fixed

QPs. In this challenge, we compress videos by the de-

fault configuration of the Low-Delay P (LDP) mode (en-

coder lowdelay P main.cfg) of HM 16.201 at QP = 37. In

this setting, due to the regularly changed QPs at the frame-

level, the compression quality normally fluctuates regularly

among frames. Besides, it does not enable the rate control

strategy, and therefore the frame-rate does not have impact

on compression. This may make this track to be an easy

task.

Track 3: Fixed bit-rate. Track 3 targets at a more

practical scenario. In video streaming, rate control has been

utilizing as a popular strategy to constraint the bit-rate into

the limited bandwidth. In this track, we compress videos by

the x265 library of FFmpeg2 with rate control enabled and

set the target bit-rate as 200 kbps, by the following com-

mands:

ffmpeg -pix fmt yuv420p -s WxH -r FR

-i name.yuv -c:v libx265 -b:v 200k

-x265-params pass=1:log-level=error

-f null /dev/null

1https : / / hevc . hhi . fraunhofer . de / svn / svn _

HEVCSoftware/tags/HM-16.20
2https : / / johnvansickle . com / ffmpeg / releases /

ffmpeg-release-amd64-static.tar.xz



Table 1. The results of Track 1 (fixed QP, fidelity)

Team

PSNR (dB) MS-SSIM

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 Average Average

BILIBILI AI & FDU 33.69 31.80 38.31 34.44 28.00 32.13 29.68 29.91 35.61 31.62 32.52 0.9562

NTU-SLab 31.30 32.46 36.96 35.29 28.30 33.00 30.42 29.20 35.70 32.24 32.49 0.9552

VUE 31.10 32.00 36.36 34.86 28.08 32.26 30.06 28.54 35.31 31.82 32.04 0.9493

NOAHTCV 30.97 31.76 36.25 34.52 28.01 32.11 29.75 28.56 35.38 31.67 31.90 0.9480

Gogoing 30.91 31.68 36.16 34.53 27.99 32.16 29.77 28.45 35.31 31.66 31.86 0.9472

NJU-Vision 30.84 31.55 36.08 34.47 27.92 32.01 29.72 28.42 35.21 31.58 31.78 0.9470

MT.MaxClear 31.15 31.21 37.06 33.83 27.68 31.68 29.52 28.43 34.87 32.03 31.75 0.9473

VIP&DJI 30.75 31.36 36.07 34.35 27.79 31.89 29.48 28.35 35.05 31.47 31.65 0.9452

Shannon 30.81 31.41 35.83 34.17 27.81 31.71 29.53 28.43 35.05 31.49 31.62 0.9457

HNU CVers 30.74 31.35 35.90 34.21 27.79 31.76 29.49 28.24 34.99 31.47 31.59 0.9443

BOE-IOT-AIBD 30.69 30.95 35.65 33.83 27.51 31.38 29.29 28.21 34.94 31.29 31.37 0.9431

Ivp-tencent 30.53 30.63 35.16 33.73 27.26 31.00 29.22 28.14 34.51 31.14 31.13 0.9405

MFQE [72] 30.56 30.67 34.99 33.59 27.38 31.02 29.21 28.03 34.63 31.17 31.12 0.9392

QECNN [70] 30.46 30.47 34.80 33.48 27.17 30.78 29.15 28.03 34.39 31.05 30.98 0.9381

DnCNN [74] 30.41 30.40 34.71 33.35 27.12 30.67 29.13 28.00 34.37 31.02 30.92 0.9373

ARCNN [16] 30.29 30.18 34.35 33.12 26.91 30.42 29.05 27.97 34.23 30.87 30.74 0.9345

Unprocessed video 30.04 29.95 34.16 32.89 26.79 30.07 28.90 27.84 34.09 30.71 30.54 0.9305

ffmpeg -pix fmt yuv420p -s WxH -r FR

-i name.yuv -c:v libx265 -b:v 200k

-x265-params pass=2:log-level=error

name.mkv

Note that we utilize the two-pass scheme to ensure the ac-

curacy of rate control. Due to the fixed bit-rate, the videos

of different frame-rates, various motion speeds and diverse

contents have to be compressed to a specific bit-rate per sec-

ond. This makes the compression quality of different videos

dramatically different, and therefore may make it a more

challenging track than Track 1.

2.3. Perceptual track

We also organize a track aiming at enhancing the com-

pressed videos towards perceptual quality. In this track,

the performance is evaluated via the Mean Opinion Score

(MOS). We also report the performance on other perceptual

metrics as references, such as the Learned Perceptual Image

Patch Similarity (LPIPS) [76], Fréchet Inception Distance

(FID) [25], Kernel Inception Distance (KID) [6] and Video

Multimethod Assessment Fusion (VMAF) [29].

Track 2: perceptual quality enhancement. In Track

2, we compress videos with the same settings as Track

1. The task of this track is to generate visually pleas-

ing enhanced videos, and the scores are ranked according

to MOS values from 15 subjects. The scores range from

s = 0 (poorest quality) to s = 100 (best quality). The

groundtruth videos are given to the subjects as the standard

of s = 100, but the subjects are asked to rate videos in ac-

cordance with the visual quality, instead of the similarity

to the groundtruth. We linearly normalize the scores (s) of

each subject to

s′ = 100 ·
s− smin

smax − smin

, (1)

in which smax and smin denote the highest and the low-

est score of each subject, respectively. In the experiment,

we insert five repeated videos to check the concentration of

each subject to ensure the consistency of rating. Eventu-

ally, we omit the scores from the three least concentrated

subjects, and the final MOS values are averaged among 12

subjects. Besides, we also calculate the LPIPS, FID, VID

and VMAF values to evaluate the proposed methods.

3. Challenge results

3.1. Track 1: Fixed QP, Fidelity

The numerical results of Track 1 are shown in Table 1.

On the top part, we show the results of the 12 methods

proposed in this challenge. The unprocessed video indi-

cates the compressed videos without enhancement. Addi-

tionally, we also train the models of the existing methods

on the training set of the newly proposed LDV dataset, and

report the results in Table 1. It can be seen from Table 1, the

proposed methods in the challenge outperform the existing

methods, and therefore advance the state-of-the-art of video

quality enhancement.

The PSNR improvements of the 12 proposed methods

range from 0.59 dB to 1.98 dB, and the improvements of

MS-SSIM range between 0.0100 and 0.0257. The BILI-

BILI AI & FDU Team achieves the best average PSNR

and MS-SSIM performance in this track. They improve the

average PSNR and MS-SSIM by 1.98 dB and 0.0257, re-

spectively. The NTU-SLab and VUE Teams rank second



Table 2. The results of Track 2 (fixed QP, perceptual)

Team

MOS ↑ LPIPS ↓ FID ↓ VID ↓ VMAF ↑

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 Average Average Average Average Average

BILIBILI AI & FDU 85 75 67 71 83 61 53 89 64 58 71 0.0429 32.17 0.0137 75.69

NTU-SLab 63 73 61 71 74 62 62 75 62 82 69 0.0483 34.64 0.0179 71.55

NOAHTCV 73 72 73 64 66 84 61 57 61 58 67 0.0561 46.39 0.0288 68.92

Shannon 67 66 74 67 64 65 56 61 57 54 63 0.0561 50.61 0.0332 69.06

VUE 62 67 72 62 73 56 61 36 47 60 60 0.1018 72.27 0.0561 78.64

BOE-IOT-AIBD 50 40 63 66 67 41 58 50 42 50 53 0.0674 62.05 0.0447 68.78

(anonymous) 45 38 70 58 60 33 62 22 69 48 50 0.0865 83.77 0.0699 69.70

MT.MaxClear 34 47 80 62 50 41 59 13 38 34 46 0.1314 92.42 0.0818 77.30

Unprocessed video 34 29 29 53 39 34 35 44 30 34 36 0.0752 48.94 0.0303 65.72

Table 3. The results of Track 3 (fixed bit-rate, fidelity)

Team

PSNR (dB) MS-SSIM

#11 #12 #13 #14 #15 #16 #17 #18 #19 #20 Average Average

NTU-SLab 30.59 28.14 35.37 34.61 32.23 34.66 28.17 20.38 27.39 32.13 30.37 0.9484

BILIBILI AI & FDU 29.85 27.01 34.17 34.25 31.62 34.34 28.51 21.13 28.01 30.65 29.95 0.9468

MT.MaxClear 29.47 27.89 35.63 34.16 30.93 34.29 26.25 20.47 27.38 30.38 29.69 0.9423

Block2Rock Noah-Hisilicon 30.20 27.31 34.50 33.55 31.94 34.14 26.62 20.43 26.74 30.96 29.64 0.9405

VUE 29.93 27.31 34.58 33.64 31.79 33.86 26.54 20.44 26.54 30.97 29.56 0.9403

Gogoing 29.77 27.23 34.36 33.47 31.61 33.71 26.68 20.40 26.38 30.77 29.44 0.9393

NOAHTCV 29.80 27.13 34.15 33.38 31.60 33.66 26.38 20.36 26.37 30.64 29.35 0.9379

BLUEDOT 29.74 27.09 34.08 33.29 31.53 33.33 26.50 20.36 26.35 30.57 29.28 0.9384

VIP&DJI 29.64 27.09 34.12 33.44 31.46 33.50 26.50 20.34 26.19 30.56 29.28 0.9380

McEhance 29.57 26.81 33.92 33.10 31.36 33.40 25.94 20.21 26.07 30.27 29.07 0.9353

BOE-IOT-AIBD 29.43 26.68 33.72 33.02 31.04 32.98 26.25 20.26 25.81 30.09 28.93 0.9350

Unprocessed video 29.17 26.02 32.52 32.22 30.69 32.54 25.48 20.03 25.28 29.41 28.34 0.9243

and third, respectively. The average PSNR performance of

NTU-SLab is slightly lower (0.03 dB) than the BILIBILI

AI & FDU Team, and the PSNR of VUE is 0.48 dB lower

than the best method. We also report the detailed results on

the 10 test videos (#1 to #10) in Table 1. The results in-

dicate that the second-ranked team NTU-SLab outperforms

BILIBILI AI & FDU on 7 videos. It shows the better gen-

eralization capability of NTU-SLab than BILIBILI AI &

FDU. Considering the average PSNR and generalization,

the BILIBILI AI & FDU and NTU-SLab Teams are both

the winners of this track.

3.2. Track 2: Fixed QP, Perceptual

Table 2 shows the results of Track 2. In Track 2, the

BILIBILI AI & FDU Team achieves the best MOS per-

formance on 5 of the 10 test videos and has the best aver-

age MOS performance. The results of the NTU-SLab team

are the best on 3 videos, and their average MOS perfor-

mance ranks second. The NOAHTCV Team is the third in

the ranking of average MOS. We also report the results of

LIPIS, FID, VID and VMAF, which are the popular met-

rics for evaluating perceptual quality of image and video. It

can be seen from Table 2 that BILIBILI AI & FDU, NTU-

SLab and NOAHTCV still rank at the first, second and third

places on LPIPS, FID and VID. It indicates that these per-

ceptual metrics are effective on measuring the subjective

quality. However, the rank on VMAF is obviously different

from MOS. Besides, some teams perform worse than the

unprocessed videos on LPIPS, FID and VID, while their

MOS values are all higher than the unprocessed videos.

This may show that the perceptual metrics are not always

reliable for evaluating the visual quality of video.

3.3. Track 3: Fixed bit­rate, Fidelity

Table 3 shows the results of Track 3. In this track, we

use the different videos as the test set, denoted as #11 to

#20. The top three teams in this track are NTU-SLab, BILI-

BILI AI & FDU and MT.MaxClear. The NTU-SLab Team

achieves the best results on 6 videos and also ranks first on

average PSNR and MS-SSIM. They improve the average

PSNR by 2.03 dB. BILIBILI AI & FDU and MT.MaxClear

enhance PSNR by 1.61 dB and 1.35 dB, respectively.

3.4. Efficiency

Table 4 reports the running time of the proposed meth-

ods. In the methods with top quality performance, NTU-

SLab is most the most efficient method. The NTU-SLab

and BILIBILI AI & FDU Teams achieve the best and the

second best quality performance for all three tracks, but the

method of NTU-SLab is several times faster than BILIBILI



Table 4. The reported time complexity, platforms, test strategies and training data of the challenge methods.

Team

Running time (s) per frame

Platform GPU Ensemble / Fusion Extra training dataTrack 1 Track 2 Track 3

BILIBILI AI & FDU 9.00 9.45 9.00 PyTorch Tesla V100/RTX 3090 Flip/Rotation x8 Bilibili [27], YouTube [28]

NTU-SLab 1.36 1.36 1.36 PyTorch Tesla V100 Flip/Rotation x8 Pre-trained on REDS [39]

VUE 34 36 50 PyTorch Tesla V100 Flip/Rotation x8 Vimeo90K [66]

NOAHTCV 12.8 12.8 12.8 TensorFlow Tesla V100 Flip/Rotation x8 DIV8K [20] (Track 2)

MT.MaxClear 2.4 2.4 2.4 PyTorch Tesla V100 Flip/Rotation/Multi-model x12 Private dataset

Shannon 12.0 1.5 - PyTorch Tesla T4 Flip/Rotation x8 (Track 1) -

Block2Rock Noah-Hisilicon - - 300 PyTorch Tesla V100 Flip/Rotation x8 YouTube [28]

Gogoing 8.5 - 6.8 PyTorch Tesla V100 Flip/Rotation x4 REDS [39]

NJUVsion 3.0 - - PyTorch Titan RTX Flip/Rotation x6 SJ4K [48]

BOE-IOT-AIBD 1.16 1.16 1.16 PyTorch GTX 1080 Overlapping patches -

(anonymous) - 4.52 - PyTorch Tesla V100 - Partly finetuned from [57]

VIP&DJI 18.4 - 12.8 PyTorch GTX 1080/2080 Ti Flip/Rotation x8 SkyPixel [45].

BLUEDOT - - 2.85 PyTorch RTX 3090 - Dataset of MFQE 2.0 [21]

HNU CVers 13.72 - - PyTorch RTX 3090 Overlapping patches -

McEhance - - 0.16 PyTorch GTX 1080 Ti - -

Ivp-tencent 0.0078 - - PyTorch GTX 2080 Ti - -

MFQE [72] 0.38 - - TensorFlow TITAN Xp - -

QECNN [70] 0.20 - - TensorFlow TITAN Xp - -

DnCNN [74] 0.08 - - TensorFlow TITAN Xp - -

ARCNN [16] 0.02 - - TensorFlow TITAN Xp - -

AI & FDU. Therefore, the NTU-SLab Team makes the best

trade-off between quality performance and time efficiency.

Moreover, among all proposed methods, the method from

the Ivp-tencent Team is most time-efficient. It is able to

enhance more than 120 frames per second, so it may be

practical for the scenario of high frame-rates.

3.5. Training and test

It can be seen from Table 4 that the top teams utilized

extra training data in additional to the 200 training videos

pf LDV [69] provided in the challenge. It may indicate that

the scale of training database has obvious effect on the test

performance. Besides, the ensemble strategy [51] has been

widely used in the top methods, and the participants observe

the quality improvement of their methods when using en-

semble, showing the effectiveness of the ensemble strategy

for video enhancement.

4. Challenge methods and teams

4.1. BILIBILI AI & FDU Team

Track 1. In Track 1, they propose a Spatiotemporal

Model with Gated Fusion (SMGF) [65] for enhancing com-

pressed video, based on the framework of [15]. The pipeline

of the proposed method is illustrated in the top of Figure 1-

(a).

As the preliminary step, they first extract the metadata

from the HEVC bit-stream with HM-Decoder. They set the

frame whose QP score in metadata is lower than that of the

two adjacent frames (PQF [72]) as candidate frame. 1) They

fixedly select adjacent frame It−1/It+1 of It as the first ref-

erence frame. 2) Taking the preceding part as example, they

recursively take the next preceding candidate frame of the

last selected reference frame as a new reference frame until
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Figure 1. Network architectures of the BILIBILI AI & FDU Team.

there are 4 reference frames or no candidate frames are left.

3) If there is no more candidate frame and the number of

selected reference frames is smaller than 4, then repeatedly

pad it with the last selected frame until there are 4 frames.

They feed 9 frames (8 references and a target frame)

into the Spaito-Temporal Deformable Fusion (STDF) [15]

module to capture spatiotemporal information. The out-

put of STDF module is then sent to the Quality En-

chancement (QE) module. They employ a stack of adap-

tive WDSR-A-Block from C2CNet [18] as the QE mod-

ule. As illustrated in Figure 1, a Channel Attention (CA)
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Grid Propagation

Second-Order Propagation
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<latexit sha1_base64="N4ztu7rA6GcWPA6nADZ8tMOcvqE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUDjlMeJnSgRCwYRSc1uzqVme2VK37Vn4OskiAnFchR75W/un3NsoQrZJJa2wn8FMMJNSiY5NNSN7M8pWxEB7zjqKIJt+Fkfu2UnDmlT2JtXCkkc/X3xIQm1o6TyHUmFId22ZuJ/3mdDOPrcCJUmiFXbLEoziRBTWavk74wnKEcO0KZEe5WwobUUIYuoJILIVh+eZU0L6qBXw3uLyu1mzyOIpzAKZxDAFdQgzuoQwMYPMIzvMKbp70X7937WLQWvHzmGP7A+/wBz/6PRQ==</latexit><latexit sha1_base64="N4ztu7rA6GcWPA6nADZ8tMOcvqE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUDjlMeJnSgRCwYRSc1uzqVme2VK37Vn4OskiAnFchR75W/un3NsoQrZJJa2wn8FMMJNSiY5NNSN7M8pWxEB7zjqKIJt+Fkfu2UnDmlT2JtXCkkc/X3xIQm1o6TyHUmFId22ZuJ/3mdDOPrcCJUmiFXbLEoziRBTWavk74wnKEcO0KZEe5WwobUUIYuoJILIVh+eZU0L6qBXw3uLyu1mzyOIpzAKZxDAFdQgzuoQwMYPMIzvMKbp70X7937WLQWvHzmGP7A+/wBz/6PRQ==</latexit><latexit sha1_base64="N4ztu7rA6GcWPA6nADZ8tMOcvqE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUDjlMeJnSgRCwYRSc1uzqVme2VK37Vn4OskiAnFchR75W/un3NsoQrZJJa2wn8FMMJNSiY5NNSN7M8pWxEB7zjqKIJt+Fkfu2UnDmlT2JtXCkkc/X3xIQm1o6TyHUmFId22ZuJ/3mdDOPrcCJUmiFXbLEoziRBTWavk74wnKEcO0KZEe5WwobUUIYuoJILIVh+eZU0L6qBXw3uLyu1mzyOIpzAKZxDAFdQgzuoQwMYPMIzvMKbp70X7937WLQWvHzmGP7A+/wBz/6PRQ==</latexit><latexit sha1_base64="N4ztu7rA6GcWPA6nADZ8tMOcvqE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUDjlMeJnSgRCwYRSc1uzqVme2VK37Vn4OskiAnFchR75W/un3NsoQrZJJa2wn8FMMJNSiY5NNSN7M8pWxEB7zjqKIJt+Fkfu2UnDmlT2JtXCkkc/X3xIQm1o6TyHUmFId22ZuJ/3mdDOPrcCJUmiFXbLEoziRBTWavk74wnKEcO0KZEe5WwobUUIYuoJILIVh+eZU0L6qBXw3uLyu1mzyOIpzAKZxDAFdQgzuoQwMYPMIzvMKbp70X7937WLQWvHzmGP7A+/wBz/6PRQ==</latexit>
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⊕
<latexit sha1_base64="N4ztu7rA6GcWPA6nADZ8tMOcvqE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUDjlMeJnSgRCwYRSc1uzqVme2VK37Vn4OskiAnFchR75W/un3NsoQrZJJa2wn8FMMJNSiY5NNSN7M8pWxEB7zjqKIJt+Fkfu2UnDmlT2JtXCkkc/X3xIQm1o6TyHUmFId22ZuJ/3mdDOPrcCJUmiFXbLEoziRBTWavk74wnKEcO0KZEe5WwobUUIYuoJILIVh+eZU0L6qBXw3uLyu1mzyOIpzAKZxDAFdQgzuoQwMYPMIzvMKbp70X7937WLQWvHzmGP7A+/wBz/6PRQ==</latexit><latexit sha1_base64="N4ztu7rA6GcWPA6nADZ8tMOcvqE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUDjlMeJnSgRCwYRSc1uzqVme2VK37Vn4OskiAnFchR75W/un3NsoQrZJJa2wn8FMMJNSiY5NNSN7M8pWxEB7zjqKIJt+Fkfu2UnDmlT2JtXCkkc/X3xIQm1o6TyHUmFId22ZuJ/3mdDOPrcCJUmiFXbLEoziRBTWavk74wnKEcO0KZEe5WwobUUIYuoJILIVh+eZU0L6qBXw3uLyu1mzyOIpzAKZxDAFdQgzuoQwMYPMIzvMKbp70X7937WLQWvHzmGP7A+/wBz/6PRQ==</latexit><latexit sha1_base64="N4ztu7rA6GcWPA6nADZ8tMOcvqE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUDjlMeJnSgRCwYRSc1uzqVme2VK37Vn4OskiAnFchR75W/un3NsoQrZJJa2wn8FMMJNSiY5NNSN7M8pWxEB7zjqKIJt+Fkfu2UnDmlT2JtXCkkc/X3xIQm1o6TyHUmFId22ZuJ/3mdDOPrcCJUmiFXbLEoziRBTWavk74wnKEcO0KZEe5WwobUUIYuoJILIVh+eZU0L6qBXw3uLyu1mzyOIpzAKZxDAFdQgzuoQwMYPMIzvMKbp70X7937WLQWvHzmGP7A+/wBz/6PRQ==</latexit><latexit sha1_base64="N4ztu7rA6GcWPA6nADZ8tMOcvqE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUDjlMeJnSgRCwYRSc1uzqVme2VK37Vn4OskiAnFchR75W/un3NsoQrZJJa2wn8FMMJNSiY5NNSN7M8pWxEB7zjqKIJt+Fkfu2UnDmlT2JtXCkkc/X3xIQm1o6TyHUmFId22ZuJ/3mdDOPrcCJUmiFXbLEoziRBTWavk74wnKEcO0KZEe5WwobUUIYuoJILIVh+eZU0L6qBXw3uLyu1mzyOIpzAKZxDAFdQgzuoQwMYPMIzvMKbp70X7937WLQWvHzmGP7A+/wBz/6PRQ==</latexit>

Conv 𝐶!

residual
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DCN
offsetsDCN block

f̄i
<latexit sha1_base64="DEfcxByx/STKO8B0obxT3mNnnhg=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9gVQY8BLx4jmIckIcxOZpMhM7PLTK8QlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXmEhh0fe/vcLG5tb2TnG3tLd/cHhUPj5p2Tg1jDdZLGPTCanlUmjeRIGSdxLDqQolb4eT27nffuLGilg/4DThfUVHWkSCUXTSYy+kJotmAzEoV/2avwBZJ0FOqpCjMSh/9YYxSxXXyCS1thv4CfYzalAwyWelXmp5QtmEjnjXUU0Vt/1scfCMnDtlSKLYuNJIFurviYwqa6cqdJ2K4tiuenPxP6+bYnTTz4ROUuSaLRdFqSQYk/n3ZCgMZyinjlBmhLuVsDE1lKHLqORCCFZfXiety1rg14L7q2q9ksdRhDOowAUEcA11uIMGNIGBgmd4hTfPeC/eu/exbC14+cwp/IH3+QP+TJBr</latexit><latexit sha1_base64="DEfcxByx/STKO8B0obxT3mNnnhg=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9gVQY8BLx4jmIckIcxOZpMhM7PLTK8QlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXmEhh0fe/vcLG5tb2TnG3tLd/cHhUPj5p2Tg1jDdZLGPTCanlUmjeRIGSdxLDqQolb4eT27nffuLGilg/4DThfUVHWkSCUXTSYy+kJotmAzEoV/2avwBZJ0FOqpCjMSh/9YYxSxXXyCS1thv4CfYzalAwyWelXmp5QtmEjnjXUU0Vt/1scfCMnDtlSKLYuNJIFurviYwqa6cqdJ2K4tiuenPxP6+bYnTTz4ROUuSaLRdFqSQYk/n3ZCgMZyinjlBmhLuVsDE1lKHLqORCCFZfXiety1rg14L7q2q9ksdRhDOowAUEcA11uIMGNIGBgmd4hTfPeC/eu/exbC14+cwp/IH3+QP+TJBr</latexit><latexit sha1_base64="DEfcxByx/STKO8B0obxT3mNnnhg=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9gVQY8BLx4jmIckIcxOZpMhM7PLTK8QlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXmEhh0fe/vcLG5tb2TnG3tLd/cHhUPj5p2Tg1jDdZLGPTCanlUmjeRIGSdxLDqQolb4eT27nffuLGilg/4DThfUVHWkSCUXTSYy+kJotmAzEoV/2avwBZJ0FOqpCjMSh/9YYxSxXXyCS1thv4CfYzalAwyWelXmp5QtmEjnjXUU0Vt/1scfCMnDtlSKLYuNJIFurviYwqa6cqdJ2K4tiuenPxP6+bYnTTz4ROUuSaLRdFqSQYk/n3ZCgMZyinjlBmhLuVsDE1lKHLqORCCFZfXiety1rg14L7q2q9ksdRhDOowAUEcA11uIMGNIGBgmd4hTfPeC/eu/exbC14+cwp/IH3+QP+TJBr</latexit><latexit sha1_base64="DEfcxByx/STKO8B0obxT3mNnnhg=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9gVQY8BLx4jmIckIcxOZpMhM7PLTK8QlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXmEhh0fe/vcLG5tb2TnG3tLd/cHhUPj5p2Tg1jDdZLGPTCanlUmjeRIGSdxLDqQolb4eT27nffuLGilg/4DThfUVHWkSCUXTSYy+kJotmAzEoV/2avwBZJ0FOqpCjMSh/9YYxSxXXyCS1thv4CfYzalAwyWelXmp5QtmEjnjXUU0Vt/1scfCMnDtlSKLYuNJIFurviYwqa6cqdJ2K4tiuenPxP6+bYnTTz4ROUuSaLRdFqSQYk/n3ZCgMZyinjlBmhLuVsDE1lKHLqORCCFZfXiety1rg14L7q2q9ksdRhDOowAUEcA11uIMGNIGBgmd4hTfPeC/eu/exbC14+cwp/IH3+QP+TJBr</latexit>

gi
<latexit sha1_base64="nu90nFi8V6ibIGHIAugHUrT4b7o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LC2Cp5KIoMeCF48V7Qe0oWy2k3TpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6hGwSW2DTcCe6lCGgcCu8Hkdu53n1BpnshHM03Rj2kkecgZNVZ6iIZ8WK27DXcBsk68gtShQGtY/RqMEpbFKA0TVOu+56bGz6kynAmcVQaZxpSyCY2wb6mkMWo/X5w6I+dWGZEwUbakIQv190ROY62ncWA7Y2rGetWbi/95/cyEN37OZZoZlGy5KMwEMQmZ/01GXCEzYmoJZYrbWwkbU0WZselUbAje6svrpHPZ8NyGd39Vb9aKOMpwBjW4AA+uoQl30II2MIjgGV7hzRHOi/PufCxbS04xcwp/4Hz+AD0Kjac=</latexit><latexit sha1_base64="nu90nFi8V6ibIGHIAugHUrT4b7o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LC2Cp5KIoMeCF48V7Qe0oWy2k3TpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6hGwSW2DTcCe6lCGgcCu8Hkdu53n1BpnshHM03Rj2kkecgZNVZ6iIZ8WK27DXcBsk68gtShQGtY/RqMEpbFKA0TVOu+56bGz6kynAmcVQaZxpSyCY2wb6mkMWo/X5w6I+dWGZEwUbakIQv190ROY62ncWA7Y2rGetWbi/95/cyEN37OZZoZlGy5KMwEMQmZ/01GXCEzYmoJZYrbWwkbU0WZselUbAje6svrpHPZ8NyGd39Vb9aKOMpwBjW4AA+uoQl30II2MIjgGV7hzRHOi/PufCxbS04xcwp/4Hz+AD0Kjac=</latexit><latexit sha1_base64="nu90nFi8V6ibIGHIAugHUrT4b7o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LC2Cp5KIoMeCF48V7Qe0oWy2k3TpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6hGwSW2DTcCe6lCGgcCu8Hkdu53n1BpnshHM03Rj2kkecgZNVZ6iIZ8WK27DXcBsk68gtShQGtY/RqMEpbFKA0TVOu+56bGz6kynAmcVQaZxpSyCY2wb6mkMWo/X5w6I+dWGZEwUbakIQv190ROY62ncWA7Y2rGetWbi/95/cyEN37OZZoZlGy5KMwEMQmZ/01GXCEzYmoJZYrbWwkbU0WZselUbAje6svrpHPZ8NyGd39Vb9aKOMpwBjW4AA+uoQl30II2MIjgGV7hzRHOi/PufCxbS04xcwp/4Hz+AD0Kjac=</latexit><latexit sha1_base64="nu90nFi8V6ibIGHIAugHUrT4b7o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LC2Cp5KIoMeCF48V7Qe0oWy2k3TpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6hGwSW2DTcCe6lCGgcCu8Hkdu53n1BpnshHM03Rj2kkecgZNVZ6iIZ8WK27DXcBsk68gtShQGtY/RqMEpbFKA0TVOu+56bGz6kynAmcVQaZxpSyCY2wb6mkMWo/X5w6I+dWGZEwUbakIQv190ROY62ncWA7Y2rGetWbi/95/cyEN37OZZoZlGy5KMwEMQmZ/01GXCEzYmoJZYrbWwkbU0WZselUbAje6svrpHPZ8NyGd39Vb9aKOMpwBjW4AA+uoQl30II2MIjgGV7hzRHOi/PufCxbS04xcwp/4Hz+AD0Kjac=</latexit>

f̂i
<latexit sha1_base64="9HPUILtyD4OFEg10zmkYKn9qtvQ=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9gVQY8BLx4jmIckIcxOZpMhM7PLTK8QlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXmEhh0fe/vcLG5tb2TnG3tLd/cHhUPj5p2Tg1jDdZLGPTCanlUmjeRIGSdxLDqQolb4eT27nffuLGilg/4DThfUVHWkSCUXTSY29MMYtmAzEoV/2avwBZJ0FOqpCjMSh/9YYxSxXXyCS1thv4CfYzalAwyWelXmp5QtmEjnjXUU0Vt/1scfCMnDtlSKLYuNJIFurviYwqa6cqdJ2K4tiuenPxP6+bYnTTz4ROUuSaLRdFqSQYk/n3ZCgMZyinjlBmhLuVsDE1lKHLqORCCFZfXiety1rg14L7q2q9ksdRhDOowAUEcA11uIMGNIGBgmd4hTfPeC/eu/exbC14+cwp/IH3+QMKr5Bz</latexit><latexit sha1_base64="9HPUILtyD4OFEg10zmkYKn9qtvQ=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9gVQY8BLx4jmIckIcxOZpMhM7PLTK8QlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXmEhh0fe/vcLG5tb2TnG3tLd/cHhUPj5p2Tg1jDdZLGPTCanlUmjeRIGSdxLDqQolb4eT27nffuLGilg/4DThfUVHWkSCUXTSY29MMYtmAzEoV/2avwBZJ0FOqpCjMSh/9YYxSxXXyCS1thv4CfYzalAwyWelXmp5QtmEjnjXUU0Vt/1scfCMnDtlSKLYuNJIFurviYwqa6cqdJ2K4tiuenPxP6+bYnTTz4ROUuSaLRdFqSQYk/n3ZCgMZyinjlBmhLuVsDE1lKHLqORCCFZfXiety1rg14L7q2q9ksdRhDOowAUEcA11uIMGNIGBgmd4hTfPeC/eu/exbC14+cwp/IH3+QMKr5Bz</latexit><latexit sha1_base64="9HPUILtyD4OFEg10zmkYKn9qtvQ=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9gVQY8BLx4jmIckIcxOZpMhM7PLTK8QlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXmEhh0fe/vcLG5tb2TnG3tLd/cHhUPj5p2Tg1jDdZLGPTCanlUmjeRIGSdxLDqQolb4eT27nffuLGilg/4DThfUVHWkSCUXTSY29MMYtmAzEoV/2avwBZJ0FOqpCjMSh/9YYxSxXXyCS1thv4CfYzalAwyWelXmp5QtmEjnjXUU0Vt/1scfCMnDtlSKLYuNJIFurviYwqa6cqdJ2K4tiuenPxP6+bYnTTz4ROUuSaLRdFqSQYk/n3ZCgMZyinjlBmhLuVsDE1lKHLqORCCFZfXiety1rg14L7q2q9ksdRhDOowAUEcA11uIMGNIGBgmd4hTfPeC/eu/exbC14+cwp/IH3+QMKr5Bz</latexit><latexit sha1_base64="9HPUILtyD4OFEg10zmkYKn9qtvQ=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9gVQY8BLx4jmIckIcxOZpMhM7PLTK8QlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXmEhh0fe/vcLG5tb2TnG3tLd/cHhUPj5p2Tg1jDdZLGPTCanlUmjeRIGSdxLDqQolb4eT27nffuLGilg/4DThfUVHWkSCUXTSY29MMYtmAzEoV/2avwBZJ0FOqpCjMSh/9YYxSxXXyCS1thv4CfYzalAwyWelXmp5QtmEjnjXUU0Vt/1scfCMnDtlSKLYuNJIFurviYwqa6cqdJ2K4tiuenPxP6+bYnTTz4ROUuSaLRdFqSQYk/n3ZCgMZyinjlBmhLuVsDE1lKHLqORCCFZfXiety1rg14L7q2q9ksdRhDOowAUEcA11uIMGNIGBgmd4hTfPeC/eu/exbC14+cwp/IH3+QMKr5Bz</latexit>

C

Conv 𝐶"

DCN
masks

mi!i−1
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(b) Flow-guided deformable alignment.

Figure 2. The method proposed by the NTU-SLab Team.

layer [77] is additionally attached at the bottom of WDSR-

A-Block [73]. Comparing with the CA layer in RCAN [77],

there are two learnable parameters α and β initialized with

1 and 0.2 in Ada-WDSR-A-Block. Besides, the channels of

the feature map and block in the QE module are 128 and

96, respectively. The channels of Ada-WDSR-A-Block are

implemented as {64, 256, 64}.

Additionally, they propose a novel module to improve

the performance of enhancement at the bottom of the

pipeline. As shown in the middle-top of Figure 1-(a),

though each model has the same architecture (STDF with

QE) and training strategy (L1 + FFT + Gradient [56] loss),

one is trained on the official training sets, and the other is on

extra videos crawled from Bilibili [65] and YouTube [28],

named as BiliTube4k. To combine the predictions of two

models, they exploit a stack of layers to output the mask M
and then aggregate predictions. The mask M in gated fu-

sion module is with the same resolution of the target frame

ranging from [0, 1], the final enhanced low-quality frame is

formulated as

Î = M ⊗ Î1 ⊕ (1−M)⊗ Î2. (2)

Track 2. In Track 2, they reuse and freeze the models

from Track 1, attach ESRGAN [58] at the bottom of SMGF,

and propose a perceptual SMGF (pSMGF). As shown in

Figure 1-(b), they first take the enhanced low-quality frames

from Track 1. Then they feed these enhanced frames into

ESRGAN and train the Generator and Discriminator itera-

tively. Specifically, they use the ESRGAN pre-trained on

DIV2K dataset [2], remove the pixel shuffle layer in ESR-

GAN, and supervise the model with {L1 + FFT + RaGAN

+ Perceptual} loss. They also utilize the gated fusion mod-

ule proposed after ESRGAN, which is proposed in SMGF.

Specifically, one of the ESRGANs is tuned on the official

training sets, and the other is on extra videos collected from

Bilibili [65] and YouTube [28], named as BiliTube4k. The

predictions of two models are aggregated via (2).

Track 3. They utilize the model in Track 1 as the pre-

trained model, and then fine-tune it on training data of Track

3 with early stopping. Another difference is that they take

the neighboring preceding/following I/P frames as candi-

date frames, instead of PQFs.

4.2. NTU­SLab Team

Overview. The NTU-SLab Team proposes the Ba-

sicVSR++ method for this challenge. BasicVSR++ consists

of two deliberate modifications for improving propagation

and alignment designs of BasicVSR [9]. As shown in Fig-

ure 2-(a), given an input video, residual blocks are first ap-

plied to extract features from each frame. The features are

then propagated under the proposed second-order grid prop-

agation scheme, where alignment is performed by the pro-

posed flow-guided deformable alignment. After propaga-

tion, the aggregated features are used to generate the output

image through convolution and pixel-shuffling.

Second-Order Grid Propagation. Motivated by the

effectiveness of the bidirectional propagation, they devise

a grid propagation scheme to enable repeated refinement

through propagation. More specifically, the intermediate

features are propagated backward and forward in time in

an alternating manner. Through propagation, the informa-

tion from different frames can be “revisited” and adopted

for feature refinement. Compared to existing works that

propagate features only once, grid propagation repeatedly

extracts information from the entire sequence, improving



feature expressiveness. To further enhance the robustness

of propagation, they relax the assumption of first-order

Markov property in BasicVSR and adopt a second-order

connection, realizing a second-order Markov chain. With

this relaxation, information can be aggregated from differ-

ent spatiotemporal locations, improving robustness and ef-

fectiveness in occluded and fine regions.

Flow-Guided Deformable Alignment. Deformable

alignment [52, 57] has demonstrated significant improve-

ments over flow-based alignment [23, 66] thanks to the

offset diversity [10] intrinsically introduced in deformable

convolution (DCN) [13, 79]. However, deformable align-

ment module can be difficult to train [10]. The training in-

stability often results in offset overflow, deteriorating the

final performance. To take advantage of the offset diversity

while overcoming the instability, they propose to employ

optical flow to guide deformable alignment, motivated by

the strong relation between deformable alignment and flow-

based alignment [10]. The graphical illustration is shown in

Figure 2-(b).

Training. The training consists of only one stage.

For Tracks 1 and 3, only Charbonnier loss [11] is used as

the loss function. For Track 2, perceptual and adversar-

ial loss functions are also used. The training patch size

is 256 × 256, randomly cropped from the original input

images. They perform data augmentation, i.e., rotation

(0◦, 90◦, 180◦, 270◦), horizontal flip, and vertical flip. For

the Track 1, they initialize the model from a variant trained

for video super-resolution to shorten the training time. The

models for the other two tracks are initialized from the

model of Track 1. During the test phase, they test the pro-

posed models with ensemble (×8) testing, i.e., rotation 90◦,

flipping the input in four ways (none, horizontally, verti-

cally, both horizontally and vertically) and averaging their

outputs.

4.3. VUE Team

Tracks 1 and 3. In the fidelity tracks, the VUE Team

proposes the methods based on BasicVSR [9], as shown in

Figure 3. For Track 1, they propose a two-stage method.

In stage-1, they train two BasicVSR models with different

parameters followed by the self-ensemble strategy. Then,

they fuse the two results using average sum. In stage-2, they

train another BasicVSR model. For Track 3, they propose to

tackle this problem by using VSR methods without the last

upsampling layer. They train four BasicVSR models with

different parameter settings followed by the self-ensemble

strategy. Then, they average the four outputs as the final

result.

Track 2. In Track 2, they propose a novel solution

dubbed “Adaptive Spatial-Temporal Fusion of Two-Stage

Multi-Objective Networks” [78]. It is motivated by the fact

that it is hard to design unified training objectives which are
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Figure 3. The methods of the VUE Team for Tracks 1 and 3.
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Figure 4. The proposed method of the VUE Team for Track 2.

perceptual-friendly for enhancing regions with smooth con-

tent and regions with rich textures simultaneously. To this

end, they propose to adaptively fuse the enhancement re-

sults from the networks trained with two different optimiza-

tion objectives. As shown in Figure 4, the framework is de-

signed with two stages. The first stage aims at obtaining the

relatively good intermediate results with high fidelity. In

this stage, a BasicVSR model is trained with Charbonnier

loss [11]. At the second stage, they train two BasicVSR

models for different refinement purposes. One refined Ba-

sicVSR model (denoted as EnhanceNet2) is trained with

3 · Charbonnier loss + LPIPS loss. (3)

Another refined BasicVSR model (denoted as En-

hanceNet1) is trained with the mere LPIPS loss [76]. This

way, EnhanceNet1 is good at recovering textures to satisfy-

ing human perception requirement but it can result in tem-

poral flickering for smooth regions of videos, meanwhile

EnhanceNet1 produces much more smooth results, espe-



cially, temporal flickering is well eliminated.

To overcome this issue, they devise a novel adaptive

spatial-temporal fusion scheme. Specifically, the spatial-

temporal mask generation module is proposed to produce

spatial-temporal masks and it is used to fuse the two net-

work outputs:

Itout = (1−maskt)× Itout,1 +maskt × Itout,2, (4)

where maskt is the generated mask for the t-th frame,

Itout,1 and Itout,2 are the t-th output frames of EnhanceNet1

and EnhanceNet2, respectively. The mask maskt =
f(It−1

out,2, I
t
out,2, I

t+1
out,2) is adaptively generated from It−1

out,2,

Itout,2 and It+1
out,2 as follows. First, the variance map V t is

calculated from Itout,2 by:

V t
i,j = V ar(Y t

out,2[i− 5 : i+ 5, j − 5 : j + 5])

Y t
out,2 = (Itout,2[:, :, 0] + Itout,2[:, :, 1] + Itout,2[:, :, 2])/3,

(5)

where V ar(x) means the variance of x. Then, they nor-

malize the variance map in a temporal sliding window to

generate the mask maskt:

maskt = (V t − q)/(p− q)

p = max([V t−1, V t, V t+1])

q = min([V t−1, V t, V t+1]).

(6)

Intuitively, when a region is smooth, its local variance is

small, otherwise, its local variance is large. Therefore,

smooth region more relies on the output of EnhanceNet2

while the rich-texture region gets more recovered details

from EnhanceNet1. With temporal sliding window, the tem-

poral flickering effect is also well eliminated.

4.4. NOAHTCV Team

As show in Figure 5, the input images includes three

frames, i.e., the current frame plus the previous and the

next Peak Quality Frame (PQF). The first step consists in

a shared feature extraction with a stack of residual blocks

and subsequently an U-Net is used to jointly predict the in-

dividual offsets for each of the three inputs. Such offsets

are then used to implicitly align and fuse the features. Note

that, there is no loss used as supervision for this step. Af-

ter the initial feature extraction and alignment, they use a

multi-head U-Net with shared weights to process each input

feature, and at each scale of the encoder and decoder, they

fuse the U-Net features with scale-dependant deformable

convolutions, which are denoted in black in Figure 5. The

output features of the U-Net are fused for a final time, and

the output fused features are finally processed by a stack of

residual blocks to predict the final output. This output is in

fact a residual compression information which is added to
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Figure 5. The proposed method of the NOAHTCV Team.

the input frame to produce the enhanced output frame. The

models utilized for all three tracks are the same. The differ-

ence is the loss function, i.e., they use the L2 loss for Tracks

1 and 3, and use GAN Loss + Perceptual loss + L2 loss for

Track 2.

4.5. MT.MaxClear Team

The proposed model is based on EDVR [57], which uses

the deformable convolution to align features between neigh-

boring frames and the reference frame, and then combines

all aligned frame features to reconstruct the reference frame.

The deformable convolution module in EDVR is difficult to

train due to the unstable of DCN offset. They propose to add

two DCN offset losses to regularize the deformable con-

volution module which makes the training of DCN offset

much more stable. They use Charbonnier penalty loss [11],

DCN offsets Total Variation loss and DCN offsets Variation

loss to train the model. The Charbonnier penalty loss is

more robust than L2 loss. DCN offsets Total Variation loss

encourages the predicted DCN offsets are smooth in spatial

space. DCN offsets Variation loss encourages the predicted

DCN offsets between different channels do not deviate too

much from the offsets mean. The training of DCN is much

more stable due to the aforementioned two offsets losses,

but the EDVR model performs better if the loss weights of

DCN offsets Total Variation loss and DCN offsets Variation

loss gradually decays to zero during training. In Track 2,

they add the sharpening operation on the enhanced frames

for better visual perception.

Figure 6. The proposed generator of the Shannon Team.



Figure 7. The illustration of the proposed method of the

Block2Rock Noah-Hisilicon Team.

4.6. Shannon Team

The Shannon Team introduces a disentangled attention

for compression artifact analysis. Unlike previous works,

they propose to address the problem of artifact reduction

from a new perspective: disentangle complex artifacts by a

disentangled attention mechanism. Specifically, they adopt

a multi-stage architecture in which early stage also pro-

vides a disentangled attention. Their key insight is that

there are various types of artifacts created by video com-

pression, some of which result in significant blurring effect

in the reconstructed signals, and some of which generate ar-

tifacts, such as blocking and ringing. Algorithms could be

either too aggressive and amplify erroneous high-frequency

components, or too conservative and tend to smooth over

ambiguous components, both resulting in bad cases that se-

riously affect subjective visual impression. The proposed

disentangled attention aims to reduce these bad cases.

In Track 2, they use the LPIPS loss and only feed the

high-frequency components to the discriminator. Before

training the model, they analyze the quality fluctuation

among frames [72] and train the model from-easy-to-hard.

To generate the attention map, they use the supervised atten-

tion module proposed proposed in [37]. The overall struc-

ture of the proposed generator is shown in Figure 6. The

discriminator is simply composed of several convolutional

layer-ReLU-strided convolutional layers blocks, and its fi-

nal output is a 4×4 confidence map.

Let Flp denote the low-pass filtering, which is imple-

mented in a differentiable manner with Kornia [43]. They

derive the supervised information for attention map:

Rlp = Flp(x)− x, (7)

Ry = y − x, (8)

D(y, x) = sgn(Ry ⊙Rlp), (9)

where sgn(·) denotes signum function that extracts the sign

of a given pixel value; ⊙ is the element-wise product, and y
refers to the output, and x refers to the compressed input.

4.7. Block2Rock Noah­Hisilicon Team

This team makes a trade-off between spatial and tem-

poral sizes in favor of the latter by performing collabo-

rative CNN-based restoration of square patches extracted

(a) Overall architecture

(b) Model architecture

(c) ResUNet architecture

Figure 8. The proposed method of Gogoing Team.

by block matching algorithm, which finds correlated areas

across consequent frames. Due to performance concerns,

the proposed block matching realization is trivial: for each

patch p at the reference frame, they search for and extract

a single closest patch pi from each other frame f i in a se-

quence, based on squared L2 distance:

pi = C(û, v̂)f i, where û, v̂ = argmin
u,v

||C(u, v)f i−p||22.

(10)

Here C(u, v) is a linear operator that crops patch which

top-left corner is located at (u, v) pixel coordinates of the

canvas. As it is shown for example in [24], the search for

the closest patch in (10) requires a few pointwise operations

and two convolutions (one of which is a box filter), which

could be done efficiently in the frequency domain based on

convolution theorem. The resulted patches are then stacked

and passed to a CNN backbone, which outputs a single en-

hanced version of the reference patch. The overall process

is presented in Figure 7.

Since the total number of pixels being processed by CNN

depends quadratically on spatial size and linearly on the in-

put’s temporal size, they propose to use inference on small

patches of size 48 × 48 pixels to decrease the spatial size

of backbone inputs. For example, the two times decrease

in height and width allows increasing temporal dimension

by a factor of four. With existing well-performing CNNs,

this fact allows the temporal dimension to increase up to

50 frames since such models are designed to be trained on

patches with spatial sizes of more than 100 pixels (typically



Figure 9. The proposed method of the NJU-Vision Team.

128 pixels).

In the solution, they use the EDVR network [57] as a

backbone, and the RRDB network [59] acted as a baseline.

For EDVR, they stacke patches in a separate dimension,

while for RRDB, they stacke patches in channel dimension.

Reference patch was always the first in a stack.

For training network weights, they use the L1 distance

between output and target as an objective to minimize

through back-propagation and stochastic gradient descent.

They use the Adam optimizer [32] with learning rate in-

creased from zero to 2e−4 during a warmup period, which

then was gradually decreased by a factor of 0.98 after each

epoch. The total number of epochs was 100 with 2000
unique batches passed to the network during each one. To

stabilize the training and prevent divergence, they use the

adaptive gradient clipping technique with weight λ = 0.01,

as proposed in [8].

4.8. Gogoing Team

The overall structure adopts a two-stage model, as shown

in the Figure 8-(a). As Figure 8-(b) shows, for the tempo-

ral part, they use the temporal module in EDVR [57], that is

PCD module and TSA module. The number of input frames

is 7. In the spatial part, they combine the UNet [41] and the

residual attention module [77] to form ResUNet, as shown

in Figure 8-(c). In the training phase, they use the 256×256

RGB patchs from training set as input, and augment them

with random horizontal flips and 90 rotations. The number

of input frames is seven. All models are optimized by us-

ing the Adam [32] optimizer with mini-batches of size 12,

with the learning rate being initialized to 4 × 10−4 using

CosineAnnealingRestartLR strategy. Loss function is the

L2 loss.

4.9. NJU­Vision Team

As shown in Figure 9, the NJU-Vision Team proposes a

method utilizing a progressive deformable alignment mod-

ule and a spatial-temporal attention based aggregation mod-

ule, based on [57]. Data augmentation is also applied with

training data augmentation by randomly flipping in horizon-

tal and vertical orientations, and rotating at 90◦, 180◦, and

270◦, and evaluation ensemble by flipping in horizontal and

vertical orientations, and rotating at 90◦, 180◦, and 270◦ to

obtain the averaged results.

(a) 3D–MultiGrid BackProjection network (MGBP–3D).

(b) Multiscale discriminator.

(c) Overlapping–patches inference strategy.

Figure 10. Network architectures of the BOE-IOT-AIBD Team.

4.10. BOE­IOT­AIBD Team

Tracks 1 and 3. Figure 10-(a) displays the diagram of

the MGBP–3D network used in this challenge, which was

proposed by the team members in [38]. The system uses

two backprojection residual blocks that run recursively in

five levels. Each level downsamples only space, not time,

by the factor of 2. The Analysis and Synthesis modules

convert an image into features space and vice–versa using

single 3D–convolutional layers. The Upscaler and Down-

scaler modules are composed of single strided (transposed

and conventional) 3D–convolutional layers. Every Upscaler

and Downscaler module shares the same configuration in a

given level but they do not share parameters. Small num-

ber of features are set at high resolution and they increase

at lower resolutions to reduce the memory footprint in high

resolution scales. In addition, they add a 1–channel noise

video stream to the input that is only used for the Perceptual

track. In the fidelity tracks, the proposed model is trained

by the L2 loss.

To process long video sequences they use the patch based

approach from [38], in which they average the output of

overlapping video patches taken from the compressed de-

graded input. First, they divide input streams into overlap-



ping patches (of same size as training patches) as shown

in Figure 10-(b); second, they multiply each output by

weights set to a Hadamard window; and third, they average

the results. In the experiments they use overlapping patches

separated by 243 pixels in vertical and horizontal directions

and one frames in time direction.

Track 2. Based on the model for Tracks 1 and 3, they

add noise inputs to activate and deactivate the generation

of artificial details for the Perceptual track. In MGBP–3D,

they generate one channel of Gaussian noise concatenated

to the bicubic upscaled input. The noise then moves to dif-

ferent scales in the Analysis blocks. This change allows

using the overlapping patch solution with noise inputs, as it

simply represent an additional channel in the input.

They further employ a discriminator shown in Figure 10-

(c) to achieve adversarial training. The loss function used

for Track 2 is a combination of the GAN loss, LPIPS loss

and the L1 loss. Yn=0 and Yn=1 as the outputs of the gener-

ator using noise amplitudes n = 0 and n = 1, respectively.

X indicates the groundtruth. The loss function can be ex-

pressed as as follows:

L(Y,X; θ) = 0.001 · LRSGAN
G (Yn=1)

+ 0.1 · Lperceptual(Yn=1, X)

+ 10 · LL1(Yn=0, X) ,

(11)

Here, Lperceptual(Yn=1, X) = LPIPS(Yn=1, X) and the

Relativistic GAN loss [31], is given by:

LRSGAN
D

= −E(real,fake)∼(P,Q) [log(sigmoid(C(real)− C(fake)))] ,

LRSGAN
G

= −E(real,fake)∼(P,Q) [log(sigmoid(C(fake)− C(real)))] ,
(12)

where C is the output of the discriminator just before the

sigmoid function, as shown in Figure 10-(c). In (12), real
and fake are the sets of inputs to the discriminator, which

contains multiple inputs with multiple scales, i.e.,

fake = {Yn=1} , real = {X} . (13)

4.11. (anonymous)

Network. For enhancing the perceptual quality of

heavily compressed videos, there are two main problems

that need to be solved: spatial texture enhancement and

temporal smoothing. Accordingly, in Track 2, they pro-

pose a multi-stage approach with specific designs for the

above problems. Figure 11 depicts the overall framework

of the proposed method, which consists of three process-

ing stages. In stage I, they enhance the distorted textures

of manifold objects in each compressed frame by the pro-

posed Texture Imposition Module (TIM). In stage II, they

Figure 11. The proposed method of (anonymous).

suppress the flickering and discontinuity of the enhanced

consecutive frames by a video alignment and enhancement

network, i.e., EDVR [57]. In stage III, they further enhance

the sharpness of the enhanced videos by several classical

techniques (opposite to learning-based network) .

In particular, TIM is based on the U-Net [44] architec-

ture to leverage the multi-level semantic guidance for tex-

ture imposition. In TIM, natural textures of different objects

in compressed videos are assumed as different translation

styles, which need to be learned and imposed; thus, they

apply the affine transformations [30] in the decoder path of

the U-Net, to impose the various styles in a spatial way. The

parameters of the affine transformations are learned from

several convolutions with the input of guidance map from

the encoder path of the U-Net. Stage II is based on the

video deblurring model of EDVR, which consists of four

modules, the PreDeblure, the PCD Align, the TSA fusion

and the reconstruction module. In stage III, a combination

of classical unsharp masking [14] and edge detection [46]

methods are adopted to further enhance the sharpness of the

video frames. In particular, they first obtain the difference

map between the original and its Gaussian blurred images.

Then, they utilize the Sobel operator [46] to detect the edges

of original image to weight the difference map, and add the

difference map to the original image.

Training. For stage I, TIM is supervised by three losses:

Charbonnier loss (epsilon is set to be 1e−6) Lpixel, VGG

loss Lvgg and Relativistic GAN loss Lgan. The overall loss

function is defined as: L = 0.01×Lpixel + Lgan + 0.005×
Lvgg. For stage II, they fine-tune the video deblurring model

of EDVR with the training set of NTIRE, supervised by the

default Charbonnier loss. Instead of the default training set-

ting in [57], they first fine-tune the PreDeblur module with

80,000 iterations. Then they fine-tune the overall model

with a small learning rate of 1 × 10−5 for another 155,000

iterations.



(a) The overall architecture of the CVQENet. (b) The architecture of the DPM.

Figure 12. The proposed method of the VIP&DJI Team for Track 1.
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(b) The architecture of U-Net.

Figure 13. The proposed method of the VIP&DJI Team for Track 3.

4.12. VIP&DJI Team

4.12.1 Track 1

As shown in Figure 12-(a), the architecture of the pro-

posed CVQENet consists of five parts, which are feature ex-

traction module, inter-frame feature deformable alignment

module, inter-frame feature temporal fusion module, de-

compression processing module and feature enhancement

module. The input of CVQENet includes five consecutive

compressed video frames I[t−2:t+2], and the output is a re-

stored middle frame Ît that is as close as possible to the

uncompressed middle frame Ot:

Ît = CV QENet(I[t−2:t+2], θ) (14)

where θ represents the set of all parameters of the

CVQENet. Given a training dataset, the loss function L
is defined below to be minimized:

L = ||Ît −Ot||1 (15)

where ||.||1 denotes the L1 loss. The following will intro-

duce each module of CVQENet in detail.

Feature extraction module (FEM). The Feature extrac-

tion module contains one convolutional layer (Conv) to ex-

tract the shallow feature maps F 0
[t−2:t+2] from the com-

pressed video frames I[t−2:t+2] and 10 stacked residual

blocks without Batch Normalization (BN) layer to process

the feature maps further.

Inter-frame feature deformable alignment module

(FDAM). Next, for the feature maps extracted by the FEM,

FDAM aligns the feature map corresponding to each frame

to the middle frame that needs to be restored. It can be

aligned based on optical flow, deformable convolution, 3D

convolution, and other methods, and CVQENet uses the

method based on deformable convolution. For simplicity,

CNet uses the Pyramid, Cascading and Deformable con-

volutions (PCD) module proposed by EDVR [57] to align

feature maps. The detailed module structure is shown in

Figure12-(a). The PCD module aligns the feature map of

each frame FL1
t+i to the feature map of the middle frame

FL1
t . In the alignment process, FL1

[t−2:t+2] is progressively

convolved and down-sampled to obtain a small-scale fea-

ture maps FL2
[t−2:t+2], F

L3
[t−2:t+2], and then the align is pro-

cessed from FL3 to FL1 in a coarse-to-fine manner. Align



FL1
[t−2:t+2] with FL1

t respectively to obtain the aligned fea-

ture map F[t−2:t+2].

Inter-frame feature temporal fusion module (FTFM).

The FTFM is used to fuse the feature maps from each frame

to a compact and informative feature map for further pro-

cess. CVQENet directly uses the TSA module proposed by

EDVR [57] for fusion, and the detailed structure is shown

in Figure12-(a). The TSA module generates temporal atten-

tion maps through the correlation between frames and then

performs temporal feature fusion through the convolutional

layer. Then, the TSA module uses spatial attention to fur-

ther enhance the feature map.

Decompression processing module (DPM). For the

fused feature map, CVQENet uses the DPM module to

remove artifacts caused by compression. Inspired by

RBQE [62], DPM consists of a simple densely connected

UNet, as shown in Figure12-(b). The Mi,j cell contains Ef-

ficient Channel Attention (ECA) [54] block, convolutional

layer and residual blocks. The ECA block performs adap-

tive feature amplitude adjustment through the channel at-

tention mechanism.

Feature quality enhancement module (FQEM).

CVQENet add the output of DPM with F 0
t , then enters

them into the feature quality enhancement module. The

shallow feature map F 0
t contains a wealth of detailed infor-

mation of the middle frame, which can help restore the mid-

dle frame. The FQEM contains 20 stacked residual blocks

without Batch Normalization (BN) layer to enhance the fea-

ture map further and one convolutional layer (Conv) to gen-

erate the output frame image Ît.

4.12.2 Track 3

Motivated by FastDVDnet [50] and DRN [22], they propose

the DUVE network for compressed video enhancement for

Track 3, and the whole framework is shown in Figure 13-

(a). It can be seen that given five consecutive compressed

frames I[t−2:t+2], the goal of DUVE is to restore an uncom-

pressed frame Ôt. Specifically, for five continuous input

frames, each of the three consecutive images forms a group,

so that the five images are overlapped into three groups

I[t−2:t], I[t−1:t+1] and I[t:t+1]. Then, the three groups are

fed into Unet1 to get coarse restored feature maps F̃ c
t−1,

F̃ c
t and F̃ c

t+1, respectively. Considering the correlation be-

tween different frames and the current reconstruction frame

It, the two groups of coarse feature maps F̃ c
t−1 and F̃ c

t+1 are

filtered by nonlinear activation function σ to get F c
t−1 and

F c
t+1. Next, F c

t−1, F̃ c
t and F c

t+1 are concatenated along the

channel dimension, and then pass through channel reduc-

tion module to obtain fused coarse feature map F̂ c
t . To fur-

ther reduce compression artifacts, they apply UNet2 on F̂ c
t

to acquire more fine feature map F̂ f
t . Finally, a quality en-

hancement module takes the fine feature map to achieve the

(a) The proposed framework.

(b) Intra-Frames Texture Transformer (IFTT).

(c) Attention fusion network in IFTT.

Figure 14. The proposed method of the BLUEDOT Team.

restored frame Ôt. The detailed architecture of Unet1 and

Unet2 is shown in Figure 13-(b). In the proposed method,

the mere difference between Unet1 and Unet2 is the number

n of Residual Channel Attention Blocks (RCAB) [77]. The

L2 loss is utilized as the loss function.

4.13. BLUEDOT Team

The proposed method is shown in Figure 14, which is

motivated by the idea that intra-frames usually have better

video quality than inter-frames. It means that more informa-

tion about the texture of the videos from intra-frames can be

extracted. They built and trained a neural network built on

EDVR [57] and TTSR [67]. Relevances of all intra-frames

in the video are measured and one frame of the high- est rel-

evance with the current frame is embedded in the network.

They carry out the two-stage training in the same network

to obtain a video enhancement result with the restored intra-

frame. In the first stage, the model is learned by low-quality

intra-frames. Then, in the second stage, the model is trained



with predicted intra-frames by fisrt-stage model.

4.14. HNU CVers Team

The HNU CVers Team proposes the patch-based heavy

compression recovery models for Track 1.

Single-frame residual channel-attention network.

First, they delete the upsampling module from [77] and add

a skip connection to build a new model. Different from [77],

the RG (Residual Group) number is set as 5 and there are

16 residual blocks [33] in each RG. Each residual block is

composed of 3× 3 convolutional layers and ReLU with 64

feature maps. The single-frame model architecture is shown

in Figure 15-(a), called RCAN A. The model is trained with

the L1 loss.

Multi-frame residual channel-attention video net-

work. They further make the model compact by five con-

secutive frames of images which are enhanced by RCAN A.

The multi-frame model architecture is shown in Figure 15-

(b). Five consecutive frames are stained with different col-

ors in Figure 15-(b) after enhanced by RCAN A. In order

to mine consecutive frames information, they combine the

central frame with each frame. For aligning, they designe

the [conv (64 features) + ReLU + Resbolcks (64 features)

× 5] network as the align network with the shared param-

eters to each combination. Immediately after it, temporal

and spatial attention are fused [57]. After getting a single

frame feature map colored yellow (shown in Figure 15-(b),

they adopt another model called RCAN B, which has the

same structure as RCAN A. Finally, the restored RGB im-

age is obtained through a convolution layer. The model is

also trained with the L1 loss.

Patch Integration Method (PIM). They further pro-

pose a patch-based fusion model to strengthen the recon-

struction ability of the multi-frame model. The motivation

for designing PIM is to mine the reconstruction ability of

the model from part to the whole. For a small patch, the

reconstruction ability of the model at the center will ex-

ceed the reconstruction ability at the edge. Therefore, they

propose feed the overlapping patches to the proposed net-

work, In the reconstructed patches, they remove the edges

that overlap with the neighboring patches and only keep the

high-confidence part in the center.

4.15. McEnhance Team

The McEnhance Team combines video super-resolution

technology [15, 57] with multi-frame enhancement [72, 21]

to create a new end-to-end network, as illustrated in Fig-

ure 16. First, they choose the current frame and it’s neigh-

bor peak Frames as the input data. Then, they feed them to

the deformable convolution network to align. As a result,

complementary information from both target and reference

frames can be fused with in the operation. In the following,

they feed them separately to the QE module [15] and the

(a) Single-frame Residual Channel-Attention Network (RCAN A)

(b) Multi-frame Residual Channel-Attention Video Network (RCVN)

Figure 15. The proposed method of the HNU CVers Team.

Figure 16. The proposed method of the McEnhance Team.
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Figure 17. The proposed BRNet of the Ivp-tencent Team.

Temporal and Spatial Attention (TSA) [57] network. Fi-

nally, they put the two residual frames on the raw target

frame. There are two steps in training stage. First, they

calculate the PSNR of each frame in training set and make

labels of peak PSNR frames. Secondly, they send the cur-

rent frame and two neighbor peak PSNR frames to the net.

4.16. Ivp­tencent

As Figure 17 shows, the Ivp-tencent Team proposes a

Block Removal Network (BRNet) to reduce the block ar-

tifacts in compressed video for quality enhancement. In-

spired by EDSR [33] and FFDNet [75], the proposed BR-

Net first uses a mean shift module (Mean Shift) to nor-

malize the input frame, and then adopts a reversible down-

sampling operation (Pixel Unshuffle) to process the frame,

which splits the compressed frame into four down-sampled



sub-frames. Then, the sub-frames are fed into a convolu-

tional network shown in Figure 17, in which they use eight

residual blocks. Finally, they use an up-sampling opera-

tion (Pixel Shuffle) and a mean shift module to reconstruct

the enhanced frame. Note that, the up-sampling opera-

tion (Pixel Shuffle) is the inverse operation of the down-

sampling operation (Pixel Unshuffle). During the training

phase, they crop the given compressed images to 64 × 64
and feed to the network by batch size of 64. The Adam [32]

algorithm is adopted to optimize L1 loss, and learning rate

is set to 10−4. The model is trained for 100,000 epochs.

The proposed BRNet achieves higher efficiency com-

pared with EDSR and FFDNet. The reason is two-fold:

First, the input frame is sub-sampled into several sub-

frames as inputs to the network. While maintaining the

quality performance, the network parameters are effectively

reduced and the receiving field of the network is increased.

Second, by removing the batch normalization layer of the

residual blocks, about 40% of the memory usage can be

saved during training.
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Leonardis, Radu Timofte, et al. NTIRE 2021 challenge on

high dynamic range imaging: Dataset, methods and results.

In IEEE/CVF Conference on Computer Vision and Pattern

Recognition Workshops, 2021. 2

[43] Edgar Riba, Dmytro Mishkin, Daniel Ponsa, Ethan Rublee,

and Gary Bradski. Kornia: an open source differentiable

computer vision library for pytorch. In The IEEE Winter

Conference on Applications of Computer Vision (WACV),

pages 3674–3683, 2020. 9

[44] Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-

Net: Convolutional networks for biomedical image segmen-

tation. In International Conference on Medical Image Com-

puting and Computer-Assisted Intervention, pages 234–241.

Springer, 2015. 11

[45] SkyPixel. https://www.skypixel.com. 5

[46] Irwin Sobel. Camera models and machine perception. Tech-

nical report, Computer Science Department, Technion, 1972.

11

[47] Sanghyun Son, Suyoung Lee, Seungjun Nah, Radu Timo-

fte, Kyoung Mu Lee, et al. NTIRE 2021 challenge on video

super-resolution. In IEEE/CVF Conference on Computer Vi-

sion and Pattern Recognition Workshops, 2021. 2

[48] Li Song, Xun Tang, Wei Zhang, Xiaokang Yang, and

Pingjian Xia. The sjtu 4k video sequence dataset. In 2013

Fifth International Workshop on Quality of Multimedia Ex-

perience (QoMEX), pages 34–35. IEEE, 2013. 5

[49] Gary J Sullivan, Jens-Rainer Ohm, Woo-Jin Han, and

Thomas Wiegand. Overview of the high efficiency video

coding (HEVC) standard. IEEE Transactions on Circuits and

Systems for Video Technology, 22(12):1649–1668, 2012. 1

[50] Matias Tassano, Julie Delon, and Thomas Veit. FastDVDnet:

Towards real-time deep video denoising without flow estima-

tion. In Proceedings of the IEEE/CVF Conference on Com-

puter Vision and Pattern Recognition (CVPR), pages 1354–

1363, 2020. 13



[51] Radu Timofte, Rasmus Rothe, and Luc Van Gool. Seven

ways to improve example-based single image super resolu-

tion. In Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition, pages 1865–1873, 2016. 5

[52] Hua Wang, Dewei Su, Chuangchuang Liu, Longcun Jin, Xi-

anfang Sun, and Xinyi Peng. Deformable non-local network

for video super-resolution. IEEE Access, 7:177734–177744,

2019. 7

[53] Jianyi Wang, Xin Deng, Mai Xu, Congyong Chen, and

Yuhang Song. Multi-level wavelet-based generative adver-

sarial network for perceptual quality enhancement of com-

pressed video. In Proceedings of the European Confer-

ence on Computer Vision (ECCV), pages 405–421. Springer,

2020. 1, 2

[54] Qilong Wang, Banggu Wu, Pengfei Zhu, Peihua Li, Wang-

meng Zuo, and Qinghua Hu. ECA-Net: Efficient channel

attention for deep convolutional neural networks. In Pro-

ceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition (CVPR), 2020. 13

[55] Tingting Wang, Mingjin Chen, and Hongyang Chao. A

novel deep learning-based method of improving coding ef-

ficiency from the decoder-end for HEVC. In Proceedings of

the Data Compression Conference (DCC), pages 410–419.

IEEE, 2017. 1, 2

[56] Wenjia Wang, Enze Xie, Xuebo Liu, Wenhai Wang, Ding

Liang, Chunhua Shen, and Xiang Bai. Scene text image

super-resolution in the wild. In Proceedings of the Euro-

pean Conference on Computer Vision (ECCV), pages 650–

666. Springer, 2020. 6

[57] Xintao Wang, Kelvin C.K. Chan, Ke Yu, Chao Dong, and

Chen Change Loy. EDVR: Video restoration with en-

hanced deformable convolutional networks. In Proceedings

of the IEEE/CVF Conference on Computer Vision and Pat-

tern Recognition Workshops (CVPRW), pages 0–0, 2019. 5,

7, 8, 10, 11, 12, 13, 14

[58] Xintao Wang, Ke Yu, Shixiang Wu, Jinjin Gu, Yihao Liu,

Chao Dong, Yu Qiao, and Chen Change Loy. ESRGAN: En-

hanced super-resolution generative adversarial networks. In

Proceedings of the European Conference on Computer Vi-

sion Workshops (ECCVW), pages 0–0, 2018. 6

[59] Xintao Wang, Ke Yu, Shixiang Wu, Jinjin Gu, Yihao Liu,

Chao Dong, Yu Qiao, and Chen Change Loy. Esrgan: En-

hanced super-resolution generative adversarial networks. In

The European Conference on Computer Vision Workshops

(ECCVW), September 2018. 10

[60] Zhou Wang, Eero P Simoncelli, and Alan C Bovik. Multi-

scale structural similarity for image quality assessment. In

Proceedings of The Thrity-Seventh Asilomar Conference on

Signals, Systems & Computers, 2003, volume 2, pages 1398–

1402. IEEE, 2003. 2

[61] Thomas Wiegand, Gary J Sullivan, Gisle Bjontegaard, and

Ajay Luthra. Overview of the H.264/AVC video coding stan-

dard. IEEE Transactions on Circuits and Systems for Video

Technology, 13(7):560–576, 2003. 1

[62] Qunliang Xing, Mai Xu, Tianyi Li, and Zhenyu Guan. Early

exit or not: resource-efficient blind quality enhancement for

compressed images. In Proceedings of the European Confer-

ence on Computer Vision (ECCV), pages 275–292. Springer,

2020. 13

[63] Mai Xu, Ren Yang, Tie Liu, Tianyi Li, and Zhaoji Fang.

Multi-frame quality enhancement method and device for

lossy compressed video, Dec. 24 2020. US Patent App.

16/968,409. 1, 2

[64] Yi Xu, Longwen Gao, Kai Tian, Shuigeng Zhou, and Huyang

Sun. Non-local ConvLSTM for video compression artifact

reduction. In Proceedings of The IEEE International Con-

ference on Computer Vision (ICCV), October 2019. 1, 2

[65] Yi Xu, Minyi Zhao, Jing Liu, Xinjian Zhang, Longwen Gao,

Shuigeng Zhou, and Huyang Sun. Boosting the performance

of video compression artifact reduction with reference frame

proposals and frequency domain information. In Proceed-

ings of the IEEE/CVF Conference on Computer Vision and

Pattern Recognition Workshops (CVPRW), 2021. 5, 6

[66] Tianfan Xue, Baian Chen, Jiajun Wu, Donglai Wei, and

William T Freeman. Video enhancement with task-

oriented flow. International Journal of Computer Vision,

127(8):1106–1125, 2019. 2, 5, 7

[67] Ren Yang, Fabian Mentzer, Luc Van Gool, and Radu Timo-

fte. Learning for video compression with hierarchical quality

and recurrent enhancement. In Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition

(CVPR), pages 6628–6637, 2020. 1, 13

[68] Ren Yang, Xiaoyan Sun, Mai Xu, and Wenjun Zeng.

Quality-gated convolutional LSTM for enhancing com-

pressed video. In Proceedings of the IEEE International

Conference on Multimedia and Expo (ICME), pages 532–

537. IEEE, 2019. 1, 2

[69] Ren Yang and Radu Timofte. NTIRE 2021 challenge on

quality enhancement of compressed video: Dataset and

study. In Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition Workshops (CVPRW), 2021.

2, 5

[70] Ren Yang, Mai Xu, Tie Liu, Zulin Wang, and Zhenyu Guan.

Enhancing quality for HEVC compressed videos. IEEE

Transactions on Circuits and Systems for Video Technology,

2018. 1, 2, 3, 5

[71] Ren Yang, Mai Xu, and Zulin Wang. Decoder-side HEVC

quality enhancement with scalable convolutional neural net-

work. In Proceedings of the IEEE International Conference

on Multimedia and Expo (ICME), pages 817–822. IEEE,

2017. 1, 2

[72] Ren Yang, Mai Xu, Zulin Wang, and Tianyi Li. Multi-frame

quality enhancement for compressed video. In Proceedings

of the IEEE Conference on Computer Vision and Pattern

Recognition (CVPR), pages 6664–6673, 2018. 1, 2, 3, 5,

9, 14

[73] Jiahui Yu, Yuchen Fan, Jianchao Yang, Ning Xu, Zhaowen

Wang, Xinchao Wang, and Thomas Huang. Wide activa-

tion for efficient and accurate image super-resolution. arXiv

preprint arXiv:1808.08718, 2018. 6

[74] Kai Zhang, Wangmeng Zuo, Yunjin Chen, Deyu Meng, and

Lei Zhang. Beyond a gaussian denoiser: Residual learning of

deep cnn for image denoising. IEEE transactions on image

processing, 26(7):3142–3155, 2017. 3, 5



[75] Kai Zhang, Wangmeng Zuo, and Lei Zhang. Ffdnet: Toward

a fast and flexible solution for cnn-based image denoising.

IEEE Transactions on Image Processing, 27(9):4608–4622,

2018. 14

[76] Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shecht-

man, and Oliver Wang. The unreasonable effectiveness of

deep features as a perceptual metric. In Proceedings of the

IEEE Conference on Computer Vision and Pattern Recogni-

tion (CVPR), pages 586–595, 2018. 3, 7

[77] Yulun Zhang, Kunpeng Li, Kai Li, Lichen Wang, Bineng

Zhong, and Yun Fu. Image super-resolution using very deep

residual channel attention networks. In Proceedings of the

European Conference on Computer Vision (ECCV), pages

286–301, 2018. 6, 10, 13, 14

[78] He Zheng, Xin Li, Fanglong Liu, Lielin Jiang, Qi Zhang,

Fu Li, Qingqing Dang, and Dongliang He. Adaptive

spatial-temporal fusion of multi-objective networks for com-

pressed video perceptual enhancement. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern

Recognition Workshops (CVPRW), 2021. 7

[79] Xizhou Zhu, Han Hu, Stephen Lin, and Jifeng Dai. De-

formable convnets v2: More deformable, better results. In

Proceedings of the IEEE/CVF Conference on Computer Vi-

sion and Pattern Recognition (CVPR), pages 9308–9316,

2019. 7


