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INTRODUCTION

practice of watching a series of shows in one sitting—is common [34, 40], tradition video delivery does not take advantage
of redundancy that occur at large timescales. As a result, when
the network is congested, video quality degrades drastically,
even though similar footage is being played. To tackle the
problem, we design a content-aware solution that leverages
redundancy across videos. In particular, our design leverages
image super-resolution using deep neural networks and use
client computation to enhance the video quality. The contentaware delivery network classifies videos and generates a small
super-resolution network (∼ 7.8 MB) using images from similar videos. We show that the content-aware video delivery
achieves better quality using the same amount of bandwidth.
We believe this has far-reaching implications on dynamic
adaptive streaming and quality of experience optimization.
Second, a video frame contains many objects that show
up frequently throughout the video, but traditional streaming
cannot capture this because it cannot capture common features from these objects. Deep neural networks provide an
alternative to encode object representations. To demonstrate
this, we leverage Generative Adversarial Networks (GANs),
known to synthesize images that look authentic to human [17],
for synthesizing objects within a video. We use GAN trained
using similar videos to synthesize a high-quality video from
an alternative form that contains much less information.
To demonstrate the feasibility of the approach, we prototype the system and quantify benefits and costs of the approach. We articulate how different parts of the video delivery
infrastructure should change to accommodate the design. In
summary, this paper takes a first attempt to answer the following question: how will advances in deep neural networks
change Internet video delivery? In answering the question,
we find deep learning opens up large design space and has
far-reaching implications in the video delivery ecosystem. Finally, we call upon the networking community to embrace
recent advances in deep learning and to rethink Internet video
delivery in the context of what the new technology enables.

Internet video has experienced tremendous growth over the
last few decades and is still growing at a rapid pace. Internet
video now accounts for 73% of Internet traffic and is expected
to quadruple in the next five years [9, 41]. Augmented reality
and virtual reality streaming, projected to increase twentyfold in five years [9], will also accelerate this trend.
From content delivery networks (CDNs) [35] to HTTP
adaptive streaming [3, 21, 37] and data-driven optimization
for quality of experience [22], the networking community has
brought fundamental advancements in Internet video delivery.
However, video delivery still leaves large room for improvement. First, the video delivery infrastructure has largely been
agnostic to the video content it delivers, treating it as a stream
of bits. Second, the basis of how we represent video has
remained as an unexplored topic within the networking community. In fact, the fundamental basis of video encoding has
largely remain the same. In particular, the practice of video
encoding is to use signal processing techniques (e.g., discrete
cosine transform and inter-frame prediction) to spacial and
temporal redundancies that occur at short time-scales (e.g.,
within a frame or a group of pictures).
This paper shows that advancement in deep neural networks present new opportunities that can fundamentally change
Internet video delivery. In particular, deep neural networks
allow content delivery network to easily capture the content
of video and thus enable content-aware video delivery. Based
on the observation, we explore new design space for contentaware video delivery networks.
First, video contains large amounts of redundancy that occur at large timescales. For example, a basketball game video
shares similar background throughout the video. Moreover,
series of games, episodes, and streams often share common
features. For example, streams of the same game from Twitch
share large amounts of redundancy. While binge-watching—
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MOTIVATION AND INTUITION

Limitations of conventional adaptive streaming: The traditional approach to improving video stream quality includes
designing new bitrate selection algorithms [3, 19, 21], choosing better servers and CDN [2, 26, 48], and utilizing a centralized control plane [27, 33]. These approaches focus on how
we could fully utilize the given network resources. However,
there are two significant limitations.
First, recent devices including mobile devices have significant computational power. Market reports [36] show around
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Figure 1: High-level vision of a DNN-Based Content-Aware Content Distribution Network
50% of users watch video on PCs, which have large comDNN is a computational model with multiple layers of hiputation power. Mobile devices that account for the rest are
erarchy, each of which processes the input in a non-linear
also equipped with power-efficient mobile graphic processfashion and delivers its output to the upper layer. It is deing units (GPUs) “whose performance exceed that of oldersigned to learn high-level abstract features from a complex
generation game consoles” (e.g., XBox 360) [14]. The poplow level representation of data [5]. However, developing and
ularity of mobile games and the advent of emerging media,
utilizing a generic model that works well across all videos is
such as virtual and augmented reality, will accelerated this
too expensive for practical purposes, given the amount and
trend. This leaves a great opportunity for trading off comdiversity of Internet video—the size of DNN generally has
putation for reduced bandwidth under network congestion.
a positive correlation with its expressive power. In addition,
However, the current video delivery infrastructure does not
capturing all objects in a single network amounts to devising
offer any way to utilize client’s computational power. Thus,
a DNN-based generic video compression algorithm, which is
when the network is congested, the stream quality suffers dinon-trivial. Even the quality of state-of-the-art DNN-based
rectly. With client’s growing computational capacity and ever
image compression is only as good as JPEG2000 only when
increasing demand for bandwidth, we envision a video delivthe compression ratio is set very high [44].
ery system in which clients take an active role in improving
Instead, this paper takes a content-aware approach. The
the video quality using their own computational power.
content distribution network clusters videos of similar nature
Second, video contains large amount of redundancy that
and generates DNN models for each cluster. The model conoccur at large timescales, and its high-level features contain
tains abstract representations of video by capturing high-level
valuable information that can be leveraged for video coding.
features rather than a pixel-level encoding. In the next two
For example, meaningful objects recognized by human, such
sections, we explore a concrete design realizing the vision
as sport player, stadium and score board, reappear frequently.
with various examples of DNN models.
However, standard video coding, such as MPEG and H.26x,
only captures two kinds of redundancy and lacks any mecha3 DNN-BASED CONTENT-AWARE CDN
nisms to leverage motion picture’s semantics. Spatial redunLeveraging DNN and utilizing content redundancy are two
dancy exploits pixel-level similarity within a picture [47]. The
core components of our design that mark a drastic takeoff
intra-frame coding compresses a picture using discrete cosine
from traditional video delivery. Figure 1 presents a high-level
transform (DCT), quantization, and entropy encoding [18].
architecture of a DNN-based content-aware video delivery
Temporal redundancy represents similarities between sucthat realize our vision.
cessive frames. Inter-frame coding encodes the difference
Server-side: When new content is registered to providers,
between adjacent frames to compresses a motion picture [15].
such as Netflix, Twitch and YouTube, the clustering module
Imagine a popular sports game (e.g., NBA finals) watched
classifies the video into groups of similar videos. The video
by millions of people. Same objects, such as balls and playmay already have metadata to aid clustering; e.g., 2017 NBA
ers, and scenery, such as the court and background, show
finals game 2. Many platforms (e.g., Twitch and YouTube)
up repeatedly quarter after quarter with a small variation.
also provide the categories of videos being streamed (e.g., a
Similarly, such redundancy is also found within episodes of
Starcraft game). The video clustering can also be done utilizeach TV show, games in sport leagues, videos from the same
ing DNNs by extending image classification [4, 46, 49]. If the
YouTube or Twitch streamers. Leveraging such redundancy
new content shares large redundancy with an existing cluster,
is an unexplored opportunity. However, capturing this using
we find the nearest neighbor and categorize the content into
pixel-level processing on successive frames is very difficult
the cluster. If not, the video belongs to a cluster of its own.
if not impossible. We envision a video delivery network that
For each cluster of a significant size, the CDN creates a
exploits redundancy by capturing semantically meaningful
DNN model which is an abstract representation of the cluster.
objects rather than encoding video purely at the pixel level.
It then associates each video stream in the cluster with the
Key approach: Fortunately, deep neural networks provide
abstract representation by recording it on the video meataa mechanism to abstract meaningful features from images.
data (i.e., a video manifest file). According to what the DNN
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Figure 2: Video quality comparison on various
resolution utilizing DNN super resolution

CASE STUDIES

We present three different examples of DNN models that
can be used to improve video quality. Each of the models
improves an orthogonal aspect of user QoE. We take existing
DNNs, but reinterpret their power in the context of Internet
video streaming. We highlight the benefit of content-aware
video delivery and discuss its impact.

4.1
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model captures, the CDN manipulates the original video to
create an alternative version that is much smaller in size. The
alternative version is then recorded in the manifest file. Thus,
the manifest file lists abstract representations and the corresponding version of video. Note that there can be multiple
alternate abstract representations and video versions.
Client-side: Clients receive manifest files that contain multiple alternative ways to stream the video. The manifest files
prescribe how each model should be applied to the corresponding representation of the video. Clients choose abstract
representations they understand considering their computational power. Then, they apply the abstract representation to
their video chunks to enhance the quality of the video. Note
that the framework accommodates a variety of DNN models
and is agnostic to the video encoding format. In the following
section, we show three examples of such models and quantify
their costs and benefits to demonstrate the viability.

Content-Aware Super-resolution

Image and video super-resolution [12, 42] can recover a high
resolution image from a low resolution media. Motivated by
this, we explore the possibility of using content-aware superresolution for video delivery. We show leveraging contentaware super resolution provides an alternative to adaptive
streaming and delivers enhanced and more stable quality.
Finally, we quantify its network and computational overhead.
DNN model: We use a very deep convolution network called
VDSR [23] for image super-resolution. The model consists of
20 convolution layers with 64 filters, and its network footprint
is about 7.8 MB uncompressed. To create a content-aware
model, we obtain video episodes from a series. We use four
datasets: a basketball game from the 2012 London Olympics
available on YouTube [6]; 100 m and 200 m men’s final from
the 2012 London Olympics on YouTube [7, 8]; multiple plays
of a computer game (Starcraft); and the Conan monologue
episodes from the official YouTube channel of late night host
Conan O’Brien [10, 11]. For basketball, we trained using
images from the first half and use the second half as the test
set. For others, we use one video in the series for training and
another for testing.
To compare the approach with a content-agnostic one, we
use the same DNN model but train it on a benchmark dataset
widely used for super-resolution [23–25, 43]. Finally, we use,
as the baseline of comparison, bicubic, a frequently used
up-scaling heuristics.
Quality: Figure 2 presents the average video quality in Peak
Signal-to-Noise Ratio (PSNR) of content-aware DNN (awDNN),
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content-agnostic DNN (agDNN), and bicubic. The resolution of the original video is 720p, and we show the resulting quality of super-resolution from lower resolutions (xaxis). The PSNR value is calculated against the original video.
Content-aware DNN delivers much better quality. As shown
in Figure 2(a), content-aware super-resolution (e.g., 43.36 dB
with 360p to 720p up-scaling) shows much better quality
than bicubic (34.28 dB) and content-agnostic super resolution
(36.71 dB).
Figure 3 shows part of the images to fit the page, including
the original 720p image and up-scaled images from 180p. The
content-aware approach shows visible differences. Redundant
objects, such as the Olympic symbol, the “Command Center” building, and even text from the game image, are only
successfully recovered in the content-aware approach.
Bitrate vs. quality: Our approach allows us to deliver same
quality of videos using less bandwidth. Figure 4 plots the
bitrate and quality of video delivered using content-aware
super-resolution. As shown in Figure 4(a), a 192 Kbps video
with content-aware super-resolution shows better quality than
a 451 Kbps video with bicubic, delivering more than 57%
reduction in network bandwidth. Note, the bandwidth shown
excludes the overhead of the DNN-model (7.8 MB). The overhead depends on the video length, because this overhead gets
amortized over the duration of video. This demonstrates the
benefit of using client computation and applying contentaware processing.
Bandwidth and computation overhead: We quantify the
additional network bandwidth and computation required at
the client. DNN neural network model is 7.8 MB in size.
Figure 5(a) and 5(b) show the data usage for delivering the
same video quality (∼34 dB and ∼33 dB respectively). The
cost of transferring the DNN model gets amortized by 242
seconds in Figure 5(a) and 126 seconds in Figure 5(b). The
time difference comes from the fact that model size is same
(7.8MB), but 5(b) (-221 Kbps) reduces more bitrate over 5(a)
(-196 Kbps) compared to baseline approach, bicubic. The
result suggests that viewers who watch similar content for an
extended period [34, 40] can benefit significantly.
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Resolution

(# Layer,
Frames per Quality
# Filter)
second
(20, 64)
7.87
34.40 dB
180p
(15, 48)
13.88
33.41 dB
(10, 32)
31.05
31.68 dB
(20, 64)
7.87
38.55 dB
240p
(15, 48)
13.88
37.19 dB
(10, 32)
31.05
35.13 dB
(20, 64)
7.87
43.36 dB
360p
(15, 48)
13.88
41.62 dB
(10, 32)
31.05
41.20 dB
Table 1: Run-time and accuracy trade-off inside VDSR
(Content: Starcraft)

We also quantify the initialization time and the framerate of the super-resolution network using a desktop GPU
(NVIDIA Titan Xp). The initialization time of DNN is very
fast; it takes 0.031 seconds on average to load all parameters
on memory. Its average feed forward time (or the time to
recover a single high resolution image) is 0.127 seconds, resulting in 7.87 frames per second to recover a 720p resolution
image. The larger the target image size, the longer it takes.
This indicates real-time super-resolution is a challenge.
However, we believe, performance will not be a significant barrier in the long run for the following reasons: First,
DNNs often allow trading run-time for quality. For example, Table 1 shows different parameter settings (# layers
and # filters per convolution layer) for VDSR and the speedquality tradeoff. It shows VDSR can achieve 31 frames per
second while delivering better quality (31.68 dB) than bicubic (28.28 dB). Second, one can rely on opportunistic superresolution and client scheduling. Clients keep a reasonable
amount of buffer. Similar to how the rate adaptation algorithm
considers the buffer size and available bandwidth, clients can
take account for the time to perform super-resolution and
apply super-resolution on buffered content whenever possible.
Third, advances in deep neural networks will reduce the overhead. Super-resolution networks smaller than the ones we use
have shown to work at real time [13]. Furthermore, recent
work [51] achieves real-time performance without modifying the super resolution network of prior work [12] through
propagating a super-resolution result of a frame over multiple
successive frames. Finally, computational power of GPU has
been growing at a tremendous rate [31]. This will increase
room for our approach.

Implications on QoE optimization: So far, we have explored the feasibility of leveraging client computation in video
delivery and shown the benefit of content-aware processing.
This allows us to trade client computation for video quality,
which is great for improving QoE. However, it complicates
the QoE optimization problem because it opens up a new axis.
Here, we discuss the implications.
Traditional QoE optimization assumes bandwidth is the
only resource constraint and optimizes the resource use leveraging a global view [22]. Now, client computation is an additional critical factor affecting video quality. At the same time,
it also serve as a resource constraint and is heterogeneous,
similar to bandwidth. Moreover, when the client-side processing cannot be done at real time, it has interactions with buffer
size, which is a function of bandwidth availability and rate
adaptation. Many factors interact with each other, making the
problem even more challenging. In-depth research is required
to explore its full potential.
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4.2

Content-Aware Video Generation

Generative adversarial networks (GANs) can synthesize images that are indistinguishable from real images [17] given
a simple description of the image. Motivated by this, we explore generating a high-quality video from a compact alternative representation of video that contain less redundancy. As
proof-of-concept, we explore two alternative video representations, LUM and EDGE. LUM removes chroma in YCbCr
color space and only contains luminance (Y) from the original video. For EDGE, we extract the boundaries of objects
by applying an edge detection algorithm for each frame and
produce a black-and-white image using 1-bit quantization.
Figure 6(c) and 6(d) respectively show example frames for
LUM and EDGE applied on Basketball and Starcraft video.
Note they contain much less information than the original.
We use GAN developed by Isola et al. [20] that performs
image-to-image translation. It uses 16 layers for the generator and 6 for its discriminator, and the network footprint is
654 MB. For training, we pre-process videos in our dataset
to produce LUM and EDGE representations and train the
network to generate the original from them. For example, for
LUM, the network synthesizes the original form (including
chroma) from luminance values. For a preliminary evaluation,
we use a low resolution image (256x256) because the network
only takes 256x256 input and outputs the same size.
Image size and quality: We compare the image size of LUM
and EDGE representations with JPEG images of similar quality. Table 2 shows the resulting image size excluding the
GAN model. LUM (20.33 KB) delivers similar quality image
using data less than 11% compared to JPEG (22.84 KB). Figure 6(e) shows a recovered image of LUM. The generated
color well matches with the original. It suggest that chroma is
one of the long-term redundancy that can be captured using
a DNN model, and the content-aware approach can exploit
this. EDGE (3.65 KB) also uses less data for delivering a similar quality image than JPEG (9.29 KB). Figure 6(f) shows a
decoded image of EDGE. The generated color well matches
with the original except some distortion happens on the object’s outline. It indicates a black and white image composed
of edges has enough information for a DNN model to restore
an original image when long-term redundancy exists on a
video. EDGE and LUM shows a trade-off between the details
of representation and the quality of decoded images.
We also quantify the initialization time and the frame rate
of the image generation network using NVIDIA Titan Xp. The
initialization takes 2.08 seconds. The average feed forward
time is 0.068 second, resulting 14.7 frames per second.
Challenges in video generation: We re-encode the LUM
and EDGE images into video using H.264 and compare its
size against a video of similar quality. The result in Table 2,
however, shows that LUM and EDGE representations are
not compressed well using H.264. While our image-based
preliminary study suggests the approach is potentially promising, extending the result to video and making it practical
require solving many challenges. First, finding new types of

(a) Original

(b) Original

(c) LUM encoded

(d) EDGE encoded

Edgo

(e) LUM decoded
(f) EDGE decoded
Figure 6: Sample 256x256 images of new representations
EDGE and LUM (Video source: [6])
representation that efficiently utilize common features from
video is challenging. Leveraging luminance and edges are
just two naive ways, but capturing features is more complex,
considering an object can have variations in its appearance
throughout a cluster of videos. Second, even though alternative representations contain much less information, they
often do not compress well using standard video codecs. For
example, H.264 encoding of LUM results in 404 Kbps, 11%
smaller than the original. But compared to a video of same
quality, it is 80% larger, even excluding the model size. Further research is required to design efficient algorithms for
compressing alternative representations. Finally, real-time
processing must be enabled for the approach to be used for
streaming. This is especially challenging because real-time
processing and supporting large resolutions are at odds. When
the challenges are properly addressed, we envision this can
be used for bandwidth-efficient video upload, download, and
storage for large videos that share similarity.
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Method
PSNR
Image Size Video Size
LUM
29.67 dB 20.33 KB
2445 KB
JPEG/H.264 29.98 dB 22.84 KB
1351 KB
EDGE
21.78 dB
3.65 KB
500 KB
JPEG/H.264 21.35 dB
9.29 KB
74 KB
Table 2: Efficiency of new representations

4.3

computational power and power availability. The challenge
lies in accommodating widely varying resources and dynamically adapting to the power availability.
QoE optimization: DNN-based content-aware streaming provides multiple ways to enhance metrics, such as frame rate,
resolution, and image quality, which impact QoE. However,
the community is still at the early stage in understanding how
these metrics impact QoE. In addition, traditional quality metrics, such as PSNR, do not reflect human perception. For example, in motion pictures, objects that occur frequently often
bear more meaning (e.g., players and balls in a ball game as
oppose to individual spectators). DNN-based enhancements
are likely to be more effective. Metrics that reflect human
perception and real-world measurements on human behavior
are needed for advancement in video delivery.
Video representation, metadata, and indexing: System design issues arise in implementing content-awareness. HTTP
adaptive streaming changed how clients interact with the
CDNs. For example, CDNs distribute manifest files and clients
download video data in chunks. Similarly, DNN model now
becomes part of metadata and clients also take more active
roles. Also, allowing a more fine-grained adaption may mean
that the CDN may have to generate data dynamically from
its internal representation. How to store and distribute video
and metadata, how the CDN manages DNN models, and how
the CDN and client work together to support fine-grained
dynamic adaptation are new avenues for research.
Application to emerging media: Bandwidth is a major bottleneck for virtual reality (VR) and augmented reality (AR)
streaming [16, 38, 45]. To avoid motion sickness, it must
stream images from multiple cameras at a very high resolution (e.g., 4k to 8k) with up to 36 bits per pixel at 60 to 120
frames per second [45]. It is estimated that a 720p VR game
will require 50 Mbps (and a 4K game 500 Mbps) [1]. This is
because current video streaming can only send video signals,
not their semantics. We believe that a fundamental paradigm
shift is required. We envision a DNN model that creates intermediate representations of objects, which are more compact.
The intermediate representation is transferred over the network, and clients then render images from the representation.
We believe the our DNN-based content-aware video delivery
is a first step towards this.

Content-Aware Frame Interpolation

Many studies [28, 30, 39] suggest deep learning is also effective on predicting future frames that look natural to human
eyes. While they are limited in the number of frames they can
predict [30], their predictive power offers a new way for frame
interpolation that can be used to enhance the video frame rate,
which is another key metric for user QoE [52]. This offers yet
another way of trading computation for quality. In addition,
traditional signal processing based frame interpolation often
shows visible artifacts and make movies look unnatural [32].
We believe content-awareness is a promising way to overcome this defect, because content redundancy implies small
varieties of objects and movements are repeated frequently.

5

NEW RESEARCH DIRECTIONS

This paper only scratches the surface of how deep neural networks can be used to enhance video delivery. Fully realizing
its potential requires solving many challenges. We discuss
several new research directions worth exploring.
Why should the networking community care? Internet video
delivery is inherently an interdisciplinary research that requires expertise and understanding in networking, distributed
systems, human behavior, data science, and signal processing. We have witnessed that a disruptive technology in one
domain (e.g., large-scale data analytics [50]) often bears fruit
to innovations in the entire ecosystem (e.g., data-driven optimization [22]). The deep learning community mainly focuses
on developing new DNNs, but does not explore issues integrating them into the existing video delivery infrastructure.
Interaction with adaptive streaming: DNN-based contentaware streaming provides a mechanism to trade client computation for bandwidth in video delivery. Thus, this has interactions with adaptive streaming. How one effectively uses the
mechanisms in combination is a new direction to explore. For
example, the super-resolution can be used opportunistically
with rate adaptation to mask the effect of bandwidth fluctuations. Frame interpolation may better cope with bandwidth
fluctuations that occur at short timescales than the current
adaptation. In addition, bitrate adaptation using deep reinforcement learning [29] would provide a way of integrating
the computing resource in an end-to-end fashion.
Heterogeneous clients: DNN-based content-aware streaming enables clients (or edge resources) to take an active role.
Because it uses clients’ computing resources and video often
requires real-time playback, one has to consider the computational power at the clients’ side that are heterogeneous in
nature. Thus, similar to how we adapt video quality to screen
size, the video delivery system may have to adapt to client’s

6

CONCLUSION

In this paper, we argue that client’s increasing computation
power and advancement in deep neural networks allow us
to take advantage of long-term redundancy found in videos,
which leads to quality improvement at lower bandwidth cost
for Internet video delivery. Our goal is to highlight the potentials of the approach and identify new research directions it
opens up. Through case studies, we explore preliminary design examples of a deep neural network based content-aware
video delivery and demonstrate their benefits. We hope this
paper offers insights into improving the quality of experience
in the era of Internet video and emerging media.
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