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Abstract

The bitrate of streaming videos can vary over time due
to channel conditions, and videos are subject to heavier
compression and downsampling when the channel condi-
tions are poorer, which may affect the quality of the video.
In this study, we propose methods based on online learn-
ing to reconstruct these severely degraded videos during
the bad channel conditions. The main idea is to train a
network when the channel is good and deploying it when
the channel is bad. We make use of the temporal self-
similarity inherent in videos to avoid having to collect and
train our network on large external databases. We show
results on networks that are online-learnt from scratch as
well as networks pretrained on large databases and then
transfer learnt using the video received under good channel
conditions, and show that online learning provides a signifi-
cant gain in perceptual quality. Our results indicate that, in
adaptive bitrate video streaming scenario, we can leverage
the power of online learning and enhance the quality of the
severely degraded segments effectively, without requiring to
pretrain on large databases.

1. Introduction

Major content providers are driving the media industry
forward by introducing videos with higher resolution and
frame rate. However, such an increase in video dimensions
increases the data size as well. Therefore, when deliver-
ing such voluminous video data through a channel, it is a
common practice to compress the video adaptively in ac-
cordance to the time-varying bandwidth. This may lead to
severe visual information loss on video frames subjected
to bad channel conditions. The aim of this project is to
demonstrate the feasibility of improving the quality of video
subject to time-varying bit rate using Deep Neural Network
(DNN). We plan to actively exploit the fact that videos re-
ceived when the channel is good may possess highly rele-
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vant and useful visual information that can be used to en-
hance the quality of frames received when the channel is
bad. We consider two approaches to this problem. In the
first approach, we train a conditional GAN from a random
initialization on a single video received when the channel
is good, and then use it to generate a enhanced version of
the video when the channel is bad. We then pass it through
a pretrained network for super-resolution to recover a full
resolution video that has fewer compression artifacts. In
our second approach, we start with a network pretrained for
super-resolution on a generic database, and then update the
weights when the channel is good by generating a distorted
version of the video and training the network to enhance
it. In both approaches, we leverage the power of online
learning on a single video by gathering limited but highly
relevant training data from high quality frames of the target
video received at good channel condition without training
our network specifically for compression artifact removal
on a large database. The online learning stage will utilize
temporal self-similarity inherent in video to provide quality
enhancement. We generated a database that simulates time-
varying network conditions and use it to evaluate the recon-
struction performance of the proposed method. The pro-
posed method significantly improves the perceptual quality
of the video through reducing the fluctuation of quality that
occurs due to channel variation. The proposed method can
be practically applied to realistic transmission environment
that includes event such as time-varying network bandwidth
or packet loss.

2. Related work

In this section we will review existing work on the im-
age/video reconstruction. Furthermore, we introduce three
main components to achieve the aim of this project: (1)
Generative adversarial network, (2) Online learning, and (3)
Transfer Learning.

2.1. Image/Video enhancement

In relation to image/video reconstruction, various deep
neural network (DNN) based methods received wide atten-



tions for their superior performances on visual quality en-
hancement tasks. Especially, the super resolution (SR) and
compression artifact reduction (AR) studies that employed
conditional generative adversarial network (GAN) [1, 2, 3]
showed promising results of coping with various losses in-
curred from sending the data through limited bandwidth.
However, there exists following limitations for GAN to be
readily exploit in practical video streaming scenario.

Firstly, most AR/SR GAN studies are focused on “im-
age” reconstruction. Such model does not consider tem-
poral consistency in adjacent frames within a video, which
may lead to severe temporal artifacts in texture regions.
More importantly, streaming videos are subject to time-
varying bitrate, which imposes different level of degrada-
tions on different segments of the video [4]. Recently,
GANSs have been used for video applications, e.g., for video
prediction and translation [5, 6, 7, 8]. They have also been
used for super-resolution [9, 10] and compression artifact
removal [11, 12, 13]. While this approach has been ef-
fective, it is likely inappropriate for live video streaming,
since long term frame predictions based on other videos can
produce severe and systemic artifacts, such as missing or
blurred objects.

A number of deep methods have been proposed for video
compression artifact removal. CVEGAN][14] uses multiple
levels of residual learning branches and non-local residual
blocks to achieve compression enhancement. DCAD[15]
uses as residual CNN to enhance videos frame by frame.
DS-CNN[16] has different modules for removing inter and
intra-block coding artifacts. CVEGAN, DCAD, and DS-
CNN do not make use of multi-frame or temporal informa-
tion. Yang et al.[17] uses high quality adjacent frames to
train a CNN to generate enhanced versions of low quality
frames. However, all the above methods make use of large
databases and extensive pre-training before deployment.

2.2. Online Learning and Transfer Learning

DNN s are typically pre-trained by the entire training data
which is available prior to the learning task. However, this is
not scalable for many real-world scenarios where new data
that may be different from the data the DNN was trained on
arrives sequentially in a stream form [18]. Online learning
makes use of data during deployment to fine-tune the net-
work, and is uniquely suited for streaming video because
of the high degree of temporal redundancy between frames
in a video stream. However, the online learning process is
computationally expensive and has a long processing time
and high power consumption [19] since the weights of the
network need to be updated in real time. To reduce this
computational complexity of the online learning, we con-
sider applying transfer learning [20] jointly with the on-
line learning. This can lead to computational efficiency, yet
also be a video-specific reconstruction method . Through

this approach, we will transfer knowledge obtained from
general learning and make it adapt on specific target video
which will involve tuning the network using online learning
as described in the following section in detail.

3. Proposed scheme

Our proposed scheme is depicted in Fig. 1. A server
sends a video with the different resolution and bit-rate ac-
cording to fluctuating channel condition. [21] When the
channel is good (10 Mbps), the server sends high qual-
ity frames with pristine size (1080p) after compression (10
Mbps). Then, the client receives the frames. The client
transforms the received frames into distorted frames by ap-
plying downsampling (270p) and a stronger compression at
a specified bitrate (i.e, 0.1 Mbps). This process is to ap-
proximate the later bad channel condition. The client trains
its deep neural networks (DNN5s) using pairs of the received
frames and the distorted frames. When the channel actually
becomes bad (0.1 Mbps), the server down-samples the pris-
tine frames into a smaller size (270p) with stronger com-
pression (0.1 Mbps). Then, the client deploys the trained
DNNss to enhance the received frames and resize them into
the pristine size (1080p). In subsequent sections, we ap-
ply two different architectures for training process (denoted
as the green box of Figure 1), using a concept of online
learning [ 1 8]. The proposed methods utilizes temporal self-
similarity inherent in the target video to reduces the fluctu-
ation of degradation level in different segments of video.

3.1. Two-stage approach: Online learning GAN
with pretrained SRGAN

In the first approach, we utilize a GAN with a UNet [22,

] generator and a PatchCNN discriminator. The UNET
was trained only using a very limited number of frames
without any pre-training. After this, we pass the frame
(which has now been enhanced to remove compres-
sion artifacts) through a pretrained SRGAN for super-
resolution. [1]. We followed the previous research [24]
to optimize the online learning UNET part. However, we
trained our network using an alternative objective function
(GAN with L1 loss) of [23], instead of that of [24]. The
objective was divided by two for optimizing the discrimi-
nator, which slows down the learning rate of the discrim-
inator compared to the generator. We followed an archi-
tecture configurations of [23] for UNET. For the pretrained
SRGAN part, we deployed a DNNs pre-trained by large
external dataset [1]. Furthermore, to exploit the impacts
of different objective functions, we applied a Wasserstein
GAN with the Gradient Penalty (WGAN-GP) considering
various combinations of the VGG loss, the L1 loss, the L2
loss, and SSIM. In this paper, we selected vanilla GAN with
L1 loss, which demonstrated the best results in our experi-
ments. Please refer 3.3.2 for parameter configuration.
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Figure 1. Our proposed scheme: a server sends a video with the different resolution and bit-rate according to fluctuating channel condition.
When the channel is good (i.e, 10 Mbps), the server sends pristine size of frames (1080p) with compression. Then, the client trains its
deep neural networks (DNNs) using the received frames. When the channel becomes bad (i.e, 0.1 Mbps), the server down-samples
the pristine frames into a smaller size (270p) with stronger compression. Then, the client deploys the trained DNNs to enhance the
received frames and resize them into the pristine size (1020p). Please refer Section 3 for detail explanations of our proposed scheme and
https://youtu.be/DDQdmSJAR _k for examples of generated videos.
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Figure 2. Schematic of training process in the proposed scheme
(corresponding a green box at Figure 1); (a) UNET and SRGAN
model: UNET is trained to recover the 270p frames. Then, the
pretrained SRGAN enlarged the 270p frames into the original full
resolution pristine 1080p frames. (b) D3D model: D3D is trained
to recover the original full resolution pristine frame directly from
the 270p frames.

3.2. End-to-end approach: Online transfer learning
of D3D

In the second approach, we trained a D3D[25] net-
work that was pretrained for super-resolution end-to-end
on the joint task of compression enhancement and super-
resolution. The D3D network consists of deformable con-
volution layers[26] and residual layers stacked together.
The framework is shown in Fig. 2. When the channel is
good and the bitrate is high, low-quality frames are gener-
ated by first downsampling the high quality video and then
compressing it at a specified bitrate. A stack of 7 low quality
frames are used as input to the network and it is trained to
generate a single high quality frame. During training, ran-
dom 128x128 crops are selected from the input to generate
an upsampled cropped version that is 4x the input resolu-
tion. Random flipping and resizing are used as augmenta-
tion techinques. During testing, the network is applied to
the 270p distorted input to generate a full resolution output.
We first convert the video to the YUV space and only en-
hance the Y channel. This is computationally more efficient
and perceptually justifiable as humans are more sensitive to
distortions in luminance rather than in color[27].

The D3D net was pretrained on the Vimeo 90k
dataset[28] for super-resolution, while we are interested in
compression enhancement and super-resolution. A network
trained for super-resolution alone will not be able to effec-
tively remove compression artifacts, as we will show in the
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results. This method is different from the previous one,
not only in that we are performing end-to-end learning, but
also that the network is pretrained. In approach 1 (Online
learnt GAN+SRGAN), the SRGAN (for super-resolution)
was pretrained and frozen while the GAN was trained from
a random initialization for compression artifact reduction.
Here we start with weights intended for super-resolution
and then transfer-learn for the joint task of super-resolution
and compression artifact reduction. All layers were up-
dated using the online learning method. Hence what we per-
formed was essentially online transfer learning. We found
that the online transfer learning offered a significant boost
over the performance of the pretrained network.

In addition to the above approaches, we also attempted
some other ideas. Since the clients side has access to all
the good channel frames, we define an “anchor frame” as
a single high quality frame obtained when the channel was
good. This anchor frame can be used as an additional input
to our network during training and evaluation. Another idea
we tried was to make use of frame differences.

3.3. Experimental setting

3.3.1 Database

We assume a buffer size of 4 seconds to store the 120 frames
of the target video streaming with 30 fps during training
process. Out of 120 frames, we assume that 90 frames
have normal quality while other consequent 30 frames are
degraded due to channel condition. As mentioned earlier,
we variate the level of bit budgets on bad channel condi-
tions and compare how the overall network can reconstruct
videos on different scenarios according to the client’s acces-
sibility to channel state information. We used videos from
the LIVE-APYV dataset, the LIVE-NFLX database [4], and
the ETRI-LIVE database [29]. We consider the low qual-
ity resolution as 480x270 and the low quality bitrate as 100
kbps. The high quality bitrate is fixed at 10 Mbps and the
high quality resolution is fixed at 1920x1080.

3.3.2 Online learning UNET with SRGAN

The UNET was initialized with random weights (i.e, no pre-
training), while the SRGAN was initialized with weights
trained on the DIV2K Dataset [30]. Minibatch SGD and
Adam solver was applied with momentum parameters, 5; =
0.5 and B> = 0.999, and a learning rate of 2- 10~* for train-
ing UNET. The UNET was trained for 600 epochs.

3.3.3 Online transfer learned D3D

The D3D was initialized with weights trained on the Vimeo
90k database [28] and trained with the Adam optimizer with
f1 = 0.9 and B2 = 0.999. The initial learning rate was

4-10% which is reduced by 0.5 every 6 epochs. The network
was trained for 35 epochs.

4. Performance Results

We applied various video quality models to evaluate
the perceptual quality of the compared methods. The
video quality models used include Structural SIMilarity in-
dex (SSIM) [31], Video Multi-method Assessment Fusion
(VMAF) [32], and BRISQUE [33]. The SSIM and VMAF
are Reference (including full reference and reduced refer-
ence) quality models where they assume there exists full or
partial information derived from pristine reference video.
Reference quality models are, in general, highly relevant
to video streaming scenarios, where we want to compress
videos while maintaining the highest fidelity with respect
to the pristine reference video at hand. However, it is
known that Reference video quality models have limitations
in accurately reflecting the quality of deep generative im-
ages [34], which may not necessarily focus on the pixel-
by-pixel fidelity. As our approaches include GAN based
networks, we also included the results for No reference
model BRISQUE, which evaluates the natural scene statis-
tics (NSS) of the distorted videos to predict the quality. One
thing to note is that objective evaluations of deep generative
images are not yet perfectly accurate. What must be con-
sidered more importantly is the actual perceptual quality of
the result videos, which we provide in the next subsections
through screenshots of sample frames and demo videos.

4.1. Performance of stage 1 online UNET

We first revisit the two stage reconstruction model and
evaluate how stage 1 online UNET contributes to the qual-
ity enhancement of the severely degraded frames. We set
the bad channel condition as bandwidth of 0.1Mbps, which
yields the recommended resolution parameter to be 270p
as shown in Table 2. Fig. 3 and Table 1 show the perfor-
mance results. As shown in Fig. 3, the compressed frames
are severely blurred and distorted from downsampling and
compression, which pose limitations in fully recovering vi-
sual details by just deploying pre-trained reconstruction net-
work. However, we see that the visual details can be signifi-
cantly restored through applying online learning. From Fig.
3(c), We see that the color of the gun fire and the texture
details are significantly improved. More comparison videos
can be viewed at https://youtu.be/DDQdmSJAR k, where
we see improvements not only on photo-realistic details
but also on color accuracy through utilizing stage 1 online
UNET learning. Table 1 shows the video quality model per-
formance results. As aforementioned, objective evaluations
on deep generative images are not yet mature. This is exem-
plified by the fact that while we see vastly improved quality
visually by using online UNET, the results (especially on
Reference quality models) are not favorable towards online
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Figure 3. Sample frames collected from *Tear of Steel’ sequence: (a) pristine original video downsampled to 270p, (b) compressed frames
(270p, 0.1Mbps) and (c) compressed frames reconstructed using stage 1 online UNET. Plots of video quality model performances provided
at bottom. Comparison videos can be viewed by clicking https://youtu.be/DDQdmSJAR k.

Table 1. Video quality model performances on compressed frames (270p, 0.1Mbps) and compressed frames reconstructed using stage 1
online UNET.

Contents Model SSIM 1 ch. | SSIM 3 ch. | BRISQUE | VMAF
Tear of Steel Compressed 0.739 0.775 24.06 52.01
Online UNET (proposed) 0.691 0.784 15.91 43.90
Yacht Compressed 0.688 0.851 19.27 53.76
Online UNET (proposed) 0.614 0.822 16.68 43.44
Discus. 1 . Compressed 0.888 0.920 23.82 78.59
Online UNET (proposed) 0.824 0.893 16.11 71.09
|Runner . Compressed 0.839 0.842 26.66 57.45
Online UNET (proposed) 0.824 0.849 25.41 52.59

UNET which is GAN based. So, while these results serve Table 2. Encoding parameters according to channel quality [21].

as supplementary information for visual quality, we do ob- Channel quality | Frame resolution | Bitrate

serve a few interesting tendencies. Along with the standard low 480x270 0.4 Mbps
SSIM computed only on luma component, We also com- medium 640x360 1.0 Mbps
puted SSIM on three color channels (which we denote as high 960x540 1.2 Mbps
SSIM 3ch.) to measure color structure fidelity. As the re- HD720 1280x270 2.5 Mbps
sults on SSIM 3ch. suggest, the *Tear of Steel” and ’1Run- HD1080 1920x1080 4.0 Mbps
ner’ sequences show improved color reproduction perfor- 4k 3840x2160 10.0 Mbps

mances which we also observe visually. Also, contrary to
most Reference quality model results, BRISQUE is indicat-
ing better quality (lower value corresponds to better quality) 4.2. Performance of D3D transfer learning
for the online UNET case, which well correlate to the ob-
served visual quality. The comprehensive results on the full
two stage model will come at later subsection.

Different from the two stage reconstruction model, the
D3D model deals with the compression artifact removal and
super resolution at a single end-to-end pipeline. Since orig-
inal D3D model was trained for super resolution purposes,
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Figure 4. Sample frames collected *1Runner_1_p1’ sequence: (a) compressed (270p, 0.1 Mbps) video upsampled back to 1080p us-
ing bicubic interpolation, (b) compressed video reconstructed using pretrained D3D, and (c) compressed video reconstructed using
transfer learned D3D. Plots of video quality model performances provided at bottom. Comparison videos can be viewed by clicking
https://youtu.be/POssOySRPm4.

Table 3. Video quality model performances on compressed (270p, 0.1 Mbps) frames upsampled back to 1080p using bicubic interpolation,
compressed frames reconstructed using pretrained D3D, and compressed frames reconstructed using trasfer-learned D3D.

Contents Model SSIM 1 ch. | SSIM 3 ch. | BRISQUE | VMAF
Compressed + bicubic 0.733 0.673 68.27 49.96
1Runner_1_pl D3D pretrained 0.676 0.630 59.68 47.21
D3D online transfer (proposed) 0.694 0.635 62.17 50.29
Compressed + bicubic 0.697 0.834 67.53 29.56
Yacht D3D pretrained 0.655 0.810 60.87 21.17
D3D online transfer (proposed) 0.668 0.813 56.43 21.68
Compressed + bicubic 0.756 0.842 65.12 46.58
Discus_1 D3D pretrained 0.679 0.790 56.59 28.69
D3D online transfer (proposed) 0.688 0.794 56.67 29.80
Compressed + bicubic 0.739 0.779 70.44 29.43
Monkeys D3D pretrained 0.696 0.746 62.95 11.47
D3D online transfer (proposed) 0.707 0.752 65.18 11.04

here we applied online transfer learning so that the network
can learn the target video specific characteristics to cope
for the additional compression artifact removal. Here, we
compare the performances of the D3D pretrained and trans-
fer learned versions. Fig.4 and Table 3 presents the per-
formances of the compared models. Here, again the bad
channel condition is set as bandwidth of 0.1Mbps, which
yields the recommended resolution parameter of 270p. As
D3D is a unified network that also incorporates the resolu-
tion restoration, we also upsampled the compressed 270p

videos to 1080p resolution using bicubic interpolation for
comparison. Of course, more advanced interpolation could
be applied here which will be presented at later subsection.
As shown in Fig. 4(c), we find that the visual quality is
significantly enhanced on D3D transfer learning case. The
block artifacts on the track floor and the background sta-
dium are largely removed. More comparison videos can
be viewed at https://youtu.be/POssOySRPm4, where we see
that D3D online transfer learning model is especially do-
ing a great job on compression artifact removal, providing
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videos with superb quality. Reviewing the quality models,
Reference models such as SSIM and VMAF do not show
high correlation with the observed visual quality. We pos-
tulate that one reason for this is that the D3D network gen-
erates a 1920x1072 video which we then have to resize to
1920x1080 for comparison with the original. The resizing
could generate a result that seems visually similar to the
original, but the offsets in pixel locations introduced by the
resizing could cause pixel-wise fidelity metrics to fail. Nev-
ertheless, we find that the No reference model BRISQUE
shows high correlation to observed visual quality whereby
the quality of the D3D output is better than that of the com-
pressed in general. An important conclusion here is that,
the output of the online transfer learning is definitely able
to cope for the compression artifact that the pretrained net-
work was not able to. We also emphasize that such adapta-
tion to compression artifact was achieved on a single video
and not on a large database.

4.3. Overall performance comparisons

We comprehensively compared our two different ap-
proaches, which are two stage reconstruction model and
D3D model. Table 4 and Fig. 5 show performance results.
Again, bandwidth of the bad channel is set to 0.1Mbps.
The downsampled and compressed video frames are passed
through pre-trained SRGAN this time, to demonstrate the
scenario of transmitted video being processed by a high
quality up-scaling engine (e.g. TV super resolution en-
gine) for resolution restoration. An interesting tendency
was observed on Table 4 BRISQUE results, where com-
pressed video processed by SRGAN is showing excellent
BRISQUE scores. This is comparable to the BRISQUE
results in Table 3 of ’compressed + bicubic’ case, indi-
cating that SRGAN is definitely adding textures that are
favorable for NSS. However, visual inspections show that
these *compressed + SRGAN’ results are still blurry with
many compression artifacts as presented in Fig. 5(a). The
D3D online transfer learning approach does a great job in
compression artifact removal and presents video with sig-
nificantly less blocking artifacts, but at times lacks tex-
ture details or fail to preserve the original color and struc-
tures as shown in Fig. 5(b). In general, the two stage
reconstruction model showed promising results where the
photo-realistic textures and good color/structure preserva-
tion was observed as in Fig. 5(c). This is also presented
in the quality model scores in Table 3 where the two stage
approach, in general, yielded higher performances com-
pared to the D3D approach. More comparison videos can
be viewed at https://www.youtube.com/watch?v=_I6tJfj1 A-
[, where we see that our two stage reconstruction method is
presenting high quality videos with less artifacts and lot of
photo-realistic textures.

5. Conclusion

We demonstrated methods of applying online learning
on a adaptive bitrate video streaming scenario and showed
that we can significantly improve the visual quality of the
video by exploiting the temporal self-similarity inherent in
the target video, without needing to pretrain on large ex-
ternal databases. Transmitting videos inevitably involves
adaptive resolution and bitrate control, especially due to
the channel fluctuations in wireless communication envi-
ronments. The proposed scheme can be practically applied
to those realistic transmission environment and contribute
to improving the quality of experience of streaming videos.
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