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Abstract



Video streaming applications on the Internet are diverse, and have very distinct
notions of the quality of experience (QoE). These distinctions require carefully de-
signed systems and protocols in order to balance factors like video quality, delay,
bandwidth utilization, and video coding performance in a manner that is appropri-
ate for each specific application. While these trade-offs are clear cut and simple
to implement for traditional video streaming applications (eg. conferencing, live
TV broadcasts, video-on-demand), emerging video streaming applications like so-
cial live video streaming, cloud gaming and remote-rendered AR/VR have unique
properties and demanding QoE requirements that make choosing the right trade-offs
and achieving the desired QoE challenging.

Conventional video streaming systems largely treat the two key aspects of video
streaming, video encoding and data transmission, as separate entities, and rely on
naı̈vely combining techniques that have been developed independently in the field
of video coding and network transport. This approach severely limits the capability
to navigate the complex trade-offs required to achieve good QoE for emerging video
streaming applications. In this thesis, we explore techniques that use encoder and
network co-design techniques that expand the breadth of the trade-offs that can be
achieved by a video streaming system, and thus, enable designs that are tailored to
the demands of specific video streaming applications. Our work shows that integra-
tion of video encoding and network transport at various levels is crucial in achiev-
ing good QoE for emerging video streaming applications like social live streaming,
cloud gaming and cloud AR/VR.

We first explore the space of social live video streaming (SLVS), where the key
distinction from traditional video streaming applications is the presence of viewers
who view the video stream at different delays. Our system, Vantage [1], dynami-
cally optimizes bandwidth allocation across low latency video frames and selective
quality-enhancing retransmissions. In the presence of bandwidth variations, Van-
tage enables low-latency interaction for real-time viewers, and achieves high video
quality for time-shifted viewers.

Second, we explore the application space of cloud-rendered video games. Cloud
gaming demand extremely low interaction latency, and very high video quality in
order to achieve parity with locally-rendered applications - a challenging task when
streaming over the Internet. We developed a new end-to-end video streaming ar-
chitecture, called Prism, in order to improve the frame delay and video quality in
the presence of transient packet loss. When a video stream is affected by transient
packet loss, Prism carefully splits the available bandwidth between a low latency
stream, and a quality-preserving secondary stream, where the different sub-streams
address different stages of loss recovery. Prism accounts for the complex relation-
ships between video compression bitrate and the resulting video quality in order to
achieve higher video quality and lower video frame delay. Optimizing the allocation
of bandwidth between the streams enables the use of aggressive loss prediction tech-
niques, rapid loss recovery, and high quality post-recovery, with zero computational
and bandwidth overhead during normal operation - avoiding the pitfalls of existing
approaches.
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Third, we show that existing approaches for performing congestion control in
the context of emerging Internet video streaming applications like cloud gaming and
cloud AR/VR severely limit the QoE. We demonstrate that the design choices made
by existing congestion control algorithms severely limit their suitability for the de-
manding requirements of cloud streaming applications, and discuss how the complex
interactions between the congestion control algorithm and the video encoder rate
control mechanism have a significant impact on the video frame delay and video
quality. We also discuss the challenges with testing and deploying new congestion
control algorithms designed for emerging applications. We propose a tool called
CC-Fuzz for automatically stress testing a congestion control algorithm in order to
identify problems with the design and implementation of the congestion control al-
gorithm, with the goal of inspiring confidence in the design of the algorithm and
catching implementation bugs.

This work shows that rethinking traditional designs for video streaming with a
focus on integrated video codec and network transport design enables novel QoE
trade-off modalities that are able to push the QoE envelope of video streaming sys-
tems and achieve the demanding QoE goals of emerging Internet video streaming
applications.
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Chapter 1

Introduction

Video traf�c over the Internet has grown signi�cantly over the past decade and comprises of more
than 80% of the total traf�c [6] on the Internet today. Video streaming applications are diverse,
ranging from applications like video-on-demand (VOD), live broadcasts, video conferencing,
social live video streaming (SLVS), cloud gaming, and remote-rendered augmented reality (AR)
and virtual reality (VR). While applications like VOD, live broadcasts and conferencing over the
Internet have been around for a while, recent technological advances have made more demanding
applications like social live video streaming (SLVS), cloud gaming and and remote-rendered
AR/VR streaming more ubiquitous.

While emerging applications like SLVS, cloud gaming and AR/VR streaming are able to
leverage existing infrastructure (eg. CDNs, edge-computing) and algorithms (eg. low latency
congestion control algorithms and real-time video streaming techniques developed for video
conferencing), the end-to-end quality of experience (QoE) achieved by existing techniques falls
short of the level of performance desired for these applications. One reason is that existing
systems are tuned to satisfy the needs of existing applications like live broadcasts and video con-
ferencing, whereas emerging applications have unique requirements that require a different set
of trade-offs. Even if these existing approaches are tuned in order to make them work better for
emerging video streaming applications, the maximum QoE achievable by these approaches is
limited. This is because the designs of existing techniques that are used for achieving the desired
QoE and for addressing the various challenges of streaming video on the Internet are usually
limited in scope to a small part of the entire video streaming stack, and do not consider interac-
tions between various sub-systems. For example, video quality improvements are usually from
improvements in the bandwidth obtained by the congestion control algorithm, or due to better
video compression algorithms. Similarly, typical packet loss recovery techniques are either done
at the codec layer (IDR-frames), or at the network layer (FEC, retransmissions). This restricts the
QoE envelope achievable by these techniques in the context of emerging applications. For exam-
ple, designing a congestion control algorithm that achieves low queuing delay may have bursty
packet transmission patterns, which can make it harder to translate the low queuing delay of a
congestion control algorithm to low end-to-end frame (since bursty transmissions at the network
layer requires buffering at the sender and receiver side in order to achieve smooth video play-
back). This requires careful design to ensure that a CCA's transmission patters are compatible
with the traf�c pattern of real-time video.
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Compared to traditional video streaming applications, emerging video streaming applications
like social live video streaming (SLVS), cloud gaming, and remote-rendered AR/VR have unique
video quality and delay requirements:

1. Social Live Video Streaming (SLVS): SLVS is an evolution of personalized live video
broadcast, enabling viewers to interact with the viewers in real-time in the form of com-
ments, reactions and monetary donations [7], while also allowing viewers to view the
video in a time-shifted manner (eg. with some delay, or VOD-style viewing). Thus, SLVS
applications must achieve low end-to-end interaction latency for the real-time viewers,
and must simultaneously achieve high video quality and smooth video playback for time-
shifted viewers.

2. Cloud Gaming and remote-rendered AR/VR: These services of�oad compute-heavy
applications like video games and AR/VR rendering to the cloud or a networked machine,
and stream the rendered view-port to the end-user as a video stream. These services aim
to achieve parity with or exceed the QoE of running applications on a local device that
is physically connected to the display device using high bandwidth links (e.g. HDMI,
displayport). Thus, the transmitted video frames must be of very high quality with minimal
compression-induced artifacts, and must have very low end-to-end frame delay (few tens
of milliseconds [8]).

In this thesis, we study the bene�ts of a targeted, cross-layer approach for designing tech-
niques for the different aspects of video streaming, like video compression, loss recovery, and
congestion control. We show that designing video coding techniques and network algorithms
that are tailored to the needs of speci�c applications plays a big role in achieving the unique
and demanding QoE requirements of emerging video streaming applications. For example, ex-
isting systems for streaming video do not account for the existence of time-shifted viewers for
SLVS applications - in this case, designing a tailored solution that explicitly accounts for the
diverse viewing delays can result in a higher aggregate QoE across all the viewers. In addition,
we show that there are signi�cant bene�ts of carefully considering the interactions between the
video codec layer and the network layer when designing systems and techniques for emerging
Internet video streaming applications (e.g. unique QoE requirements, adverse network condi-
tions like loss and variable bandwidth), and this can push the performance boundaries of existing
techniques. For example, designing congestion control algorithms that are explicitly designed to
work with the traf�c pattern of video streaming can result in higher quality video and lower end-
to-end video frame delay, instead of integrating video agnostic congestion control algorithms
with the video compression layer.

1.1 Quality of Experience for Video Streaming Applications

The end-to-end QoE of a video streaming system is generally determined by the video quality
and the end-to-end video frame delay. The QoE requirements of some common video streaming
applications are shown in Figure 1.1a. Video-on-demand (or VOD) applications (e.g. YouTube,
Net�ix) stream pre-recorded content. VOD applications require high video quality and smooth
playback, since common use cases include watching high quality movies for example. For VOD
applications, there is no need for interaction between the server hosting the video and the viewer
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(a) Desired video-quality and delay trade-off for
various applications.

(b) Video-quality and delay trade-off achieved by
current systems.

Figure 1.1: Application requirements and the quality-delay trade-off achieved by traditional
video streaming systems.

- the server simply needs to deliver video data at a rate that is faster than the rate at which it
is being played back. Large scale live broadcasts like live TV and webinars stream content in
real time, but there are no interaction between the viewers and the streamers. These applications
have relaxed end-to-end delay (5-10 seconds) requirements. The video quality requirements are
also relaxed compared to VOD - live broadcasts do not need to be as high quality as movies
that are streamed on VOD. Video conferencing applications, on the other hand, are interactive
applications - this imposes a real-time requirement on these applications. Video conferencing
applications require a maximum end-to-end delay of 100-200 milliseconds. On the other hand,
these applications are generally more tolerant to low quality video, stutters, and �uctuations in
video quality.

Compared to the traditional video streaming applications described above, emerging appli-
cations have unique and demanding QoE requirements. Social live video streaming (SLVS)
applications enable interactive broadcasting, with viewers interacting with the streamer in real-
time. In addition, the video is also typically archived in order to make it available for viewing
at a later time. In SLVS, the real-time viewers require low delay and are tolerant to low video
quality. The time-shifted viewers view the streamed content as VOD content, and thus, require
higher video quality, but do not require interactivity. In contrast to traditional video streaming
applications, SLVS applications require both, low delay and high video quality, but for different
sets of viewers.

Cloud gaming and remote-rendered AR/VR applications aim to replace local machines that
perform computationally demanding tasks like rendering. Thus, these applications require ex-
tremely low latency and very high video quality at the same time. In contrast to traditional video
streaming applications, where there is usually an acceptable trade-off between video frame delay
and video quality, cloud gaming and remote-rendered AR/VR applications have extremely high
QoE demands.

When designing a system for streaming video on the Internet, there are three important chal-
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lenges that need to be solved:
1. Video Compression / Utilization of Available Bandwidth. Bandwidth on the Internet is

limited, and hence, each system must use the appropriate video compression scheme and
video frame transport mechanism in order to utilize the available bandwidth effectively in
order to achieve the QoE goals of the application.

2. Mitigating Packet Loss. Since the Internet is a best-effort service, packets sent over
the Internet are invariably subject to packet loss. Compressed video is highly sensitive to
packet loss, since lost parts of a frame prevent the frame and subsequent frames from being
decoded.

3. Congestion Control. Internet bandwidth can be highly variable, network links can exhibit
delay variations and jitter, and video traf�c must compete with competing queue-building
�ows. The congestion control algorithm used in a video streaming system determine how
much bandwidth the application can use for transmitting video data.

The design decisions made in a video streaming system with respect to each of the chal-
lenges mentioned above affects the QoE of the application. For example, when applications
require high video quality but lower delay, the video can be compressed using more ef�cient
techniques like B-frames 2.2.3, with the trade-off being higher video frame delay. The particular
packet loss recovery scheme used in a video streaming system must account for the application's
QoE needs - for example, using packet retransmissions are �ne for applications that are not
delay-tolerant, whereas using techniques like FEC are better for latency sensitive applications.
The properties of the congestion control algorithm used affects the QoE of the video streaming
application - low latency congestion control algorithms reduce the end-to-end delay, but can suf-
fer from low throughput in the presence of queue-building competing traf�c and links with high
delay jitter. On the other hand, loss-based congestion control algorithms like TCP-Cubic can
effectively utilize the network bandwidth, but have much higher queuing delay, and hence, the
end-to-end frame delay will be higher. The delay-quality performance achieved using traditional
video streaming techniques for various applications are shown in Figure 1.1b

Most VOD and live TV broadcast services today use video streaming protocols like MPEG-
DASH [9] and HLS [10]. Since VOD applications do not have low-latency requirements, video
content is pre-encoded into multi-second video segments, which are downloaded by the client
into a local playback buffer before they are played. The chunk-based approach can leverage the
ef�ciency of traditional video compression techniques developed for stored video content (for
example, B-frames). The use of pre-encoded video segments also enables ef�cient dissemina-
tion at a large scale using traditional content delivery networks (CDNs). The video segments are
transmitted using reliable transport protocols like TCP, and use traditional congestion control al-
gorithms that prioritize throughput (eg. BBR [11], Cubic [12]). The use of TCP retransmissions
for loss recovery, and queue-building high-throughput CCAs like BBR and Cubic are appro-
priate for VOD applications, since they do not require low latency, and the video quality has a
signi�cant impact on the QoE.

Video conferencing applications are interactive in nature, and thus, require low end-to-end
video frame delay (Figure 1.1a), but are more tolerant to low quality video. These applications
use low-latency video streaming protocols like WebRTC [13], RTMP, and Salsify [14], that pri-
oritize end-to-end video latency over video quality. Systems designed for video conferencing
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use traditional video compression techniques, with speci�c con�gurations that reduce the end-
to-end video delay (e.g. avoiding B-frames) at the cost of reduced video quality. These systems
use low-latency congestion control algorithms (eg. Sprout [15], GoogCC), conservative video
encoding bitrates, and minimal client- and sender-side buffering in order to reduce the latency of
the video transmission pipeline. Various loss recovery schemes are used in these systems, like
retransmissions, I-frames, and FEC. Some systems like WebRTC dynamically select between the
three based on factors like bandwidth, loss duration, and the application delay requirements.

Emerging video streaming applications often borrow existing video streaming system de-
signs with few modi�cations. For example, SLVS applications use video streaming systems
like WebRTC and RTMP, which enables interactivity with the real-time viewers, but severely
hampers the QoE of time-shifted viewers. This is because video quality variations and video
stutters caused by packet loss, network outages, and bandwidth variations not only affect the
real-time viewers, but also affect the time-shifted viewers since the same version of the video
stream is archived for consumption by the time-shifted viewers. Cloud gaming applications also
use techniques like WebRTC, with some modi�cations like more aggressive congestion control
algorithms and smaller buffers at the sender and the receiver. While this approach can work when
the network conditions are excellent, they often fail to achieve the desired QoE level due to loss,
competing traf�c and network bandwidth variations.

The diverse and dynamic nature of the Internet makes achieving a good balance between the
various factors that in�uence the QoE challenging. While there has been signi�cant research on
navigating the video quality and frame delay trade-off for applications like VOD and conferenc-
ing, they are not suf�cient to satisfy the unique and demanding QoE requirements of emerging
applications like SLVS, cloud gaming and AR/VR streaming.

The limitations of existing approaches in achieving the unique QoE requirements of emerging
video streaming applications are discussed in additional detail in the section below.

1.2 Limitations of Existing Approaches

The design of existing video streaming systems follow a “one size �ts all” philosophy. The use
of generic, video agnostic congestion control algorithms, standard video codecs, and traditional
loss recovery mechanisms in video streaming systems severely limits the QoE of emerging video
streaming applications.

First, traditional video streaming techniques approach the problem of streaming video over
the Internet as multiple distinct sub-problems and the solutions are narrow and focus on a spe-
ci�c component of the video streaming system - Network congestion control deals with avoiding
congestion and queuing delays in the network, video coding techniques deal with ef�cient uti-
lization of the effective network throughput for optimizing video quality, and packet losses are
handled using traditional network-layer loss recovery schemes, or video codec level loss recovery
schemes. For example, in the case of VOD applications, they use generic congestion control al-
gorithms like TCP-Cubic and TCP-BBR, use network-layer loss recovery (via retransmissions),
and use adaptive bitrate (ABR) algorithms in order to select appropriate bitrates for each video
chunk based on the state of the video playback buffer in order to achieve the best possible video
quality without affecting playback smoothness. This is also true in the case of video conferencing

5



applications. For example, loss recovery techniques used for video conferencing either operate
at the codec layer (using I-frames), network layer (using retransmissions), or at the application
layer (using FEC). Similarly, congestion control algorithms used in conferencing applications are
often video-agnostic and work independently, and the video bitrate is determined using a separate
rate-control algorithm. This disjoint approach used by existing video streaming systems limits
the maximum achievable QoE when used in the context of emerging video streaming applica-
tions. In reality, the choices made with respect to congestion control algorithms, video coding
techniques, and network transport design do not affect the QoE in isolation - these sub-systems
interact with each other and have an impact on the end-user QoE in terms of video quality and
the end-to-end delay. For example, the impact on video quality when using I-frames for loss re-
covery is affected by the bandwidth availability, and the increase in frame delay when recovering
from loss using retransmissions is affected by the video decoder's performance. Applications
like cloud gaming and AR/VR streaming simultaneously require low latency and high video
quality, in addition to stable, predictable performance since they aim to reproduce the experience
of running an application on local hardware. While these goals can be achieved to some extent
under an extremely narrow set of ideal network conditions by tuning real-time video streaming
techniques to work well, achieving a high QoE is a challenging task over real networks in the
presence of competing traf�c, packet loss, and delay and bandwidth variations.

Second, systems for emerging video streaming applications are designed by tuning the so-
lutions for traditional video streaming application, instead of designing a tailored system that is
suited to the needs of the new application. Recall that SLVS applications have viewers in real-
time and viewers who view the video with some delay, and that these groups of viewers have
different video quality and delay requirements. SLVS platforms today commonly use protocols
like WebRTC and RTMP to transmit the video from the broadcaster to an ingestion point, af-
ter which it is processed for ef�cient delivery over a content delivery network. This approach
that is borrowed from existing techniques used for video conferencing applications, silos both
the real-time viewers and the delayed viewers into receiving the same video quality. This is
because techniques like WebRTC and RMP operate at a speci�c point on the video quality - de-
lay trade-off curve. Video streaming techniques that prioritize the real-time aspect of the video
stream force time-shifted viewers to view a low quality video stream that is affected by short-
term network issues like packet loss and bandwidth �uctuations. On the other hand, techniques
that prioritize video quality and smooth playback increase the viewing delay of the “live” feed,
resulting in poor interaction between broadcasters and real-time viewers. Thus, designing a sys-
tem that is speci�cally designed to cater to the diverse QoE requirements of the viewers with
different viewing delays can result in higher overall QoE across the entire set of viewers. A key
factor that differentiates applications like cloud gamign from traditional low-latency applications
like conferencing is that there is some level of control over the set of network conditions where
these applications are run, but this is much broader than the set of network conditions where
existing techniques can achieve the desired level of QoE. For example, cloud gaming platforms
like Stadia [16], GeForce Now [17] and Amazon Luna [18], each specify a minimum bandwidth
requirement for using their services, and will automatically terminate a streaming session when
heavy packet loss, signi�cant network delay and jitter, or extremely low bandwidth is detected,
but they still need to address the challenges associated with competing queue-building cross traf-
�c, packet loss, delay, and bandwidth variations. Such relaxations can enable new designs that
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are tailored to the types of networks these applications are run on, enabling optimizations that
are not feasible using traditional approaches.

In this thesis, we propose various techniques for addressing the different aspects of stream-
ing video over the Internet for emerging video streaming applications. The designs of these
techniques are tailored to suit the speci�c needs of each application, and the designs carefully
consider the interactions between multiple components of the video streaming stack. We show
that such an approach can satisfy the unique QoE requirements of emerging video streaming
applications, and signi�cantly improve the QoE over what can be achieved by tuning existing
techniques used in traditional video streaming systems.

.

1.3 Thesis Statement

Application-speci�c video streaming systems that leverage holistic cross- layer optimizations
are needed to better satisfy the unique and demanding QoE requirements of emerging video
streaming services like SLVS, cloud gaming and AR/VR streaming.

Video streaming systems need to make some key choices with respect to networking design
and video compression algorithms, and these choices play a major role in determining the end-to-
end QoE by affecting the video quality and the end-to-end video frame delay. These decisions can
differ signi�cantly based on the type of application (eg. Real-time versus pre-recorded content).
These decisions includehow much, what, andwhento transmit, which cover the core technical
components of a video streaming system.

Designing video streaming techniques for addressing the three key aspects mentioned above
boils down to deciding the following:

• How much to transmit. When designing a video streaming system, an important de-
sign decision is what bitrate the video should be encoded at. The video bitrate plays a
signi�cant role when making design choices for addressing the challenges of streaming
video on the Internet, like video compression, packet loss recovery, and congestion con-
trol. For example, if ef�cient video compression techniques are used, the video bitrate can
be lowered in order to transmit additional data like FEC in order to make the video stream
loss resilient. Similarly, the manner in which the video bitrate interacts with the congestion
control's transmission rate affects the end-to-end video delay. In the presence of bandwidth
variations, the choice of the video bitrate affects the interactivity and the video quality -
if the video bitrate adapts rapidly to network variations, the delay is lower but can lead to
�uctuations in video quality and video stutters, whereas if the video bitrate is based on the
average network bandwidth, the video quality is higher but the frame delay is also much
higher due to buffering requirements.

• What to transmit. A video streaming system must determine what is being transmitted in
order to effectively utilize the available bandwidth, and deciding what to transmit affects
the performance of the video streaming system in the presence of packet loss, and adverse
network conditions. For example, a video streaming system can encode the video in a less
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ef�cient manner (e.g. I-frames), or can split the available bandwidth across video data and
FEC in order to achieve loss resilience.

• When to transmit. When video frames are transmitted can have a big impact on the end-
to-end QoE for emerging video streaming applications. For example, using buffers and
delaying transmissions of frames can result in smoother video with lower �uctuations in
the video quality, but will result in higher delays. When data is transmitted also affects
the performance in the presence of packet loss - for example, FEC transmits additional
data before loss occurs in order to recover from packet loss, resulting in lower delays,
but sacri�cing video quality in the process due to a bandwidth overhead. On the other
hand, retransmissions transmit lost data after loss occurs, which results in higher delays.
The interactions between when the packets of a frame are transmitted and the congestion
control algorithm's transmission patterns can affect the end-to-end video frame delay.

In this thesis, we present 3 systems that take a holistic approach at answering these questions
in order to address the three speci�c aspects of video streaming - addressing the unique QoE
requirements, mitigating packet loss, and performing congestion control.

We �rst discuss a system called Vantage for SLVS applications. Vantage uses the available
bandwidth for transmitting quality-enhancing retransmissions in addition to a real-time video
stream (what to transmit) in order to improve the video quality for time-shifted viewers. Vantage
uses an optimization formulation in order to determine how the available bandwidth must be split
between the real-time video stream and the retransmissions (how much to transmit), and which
segments must be repaired using quality enhancing retransmissions (when to transmit). Vantage
takes a holistic approach at designing a novel video streaming system in order to provide a
tailored solution that meets the unique QoE needs of SLVS applications.

Second, we discuss a system called Prism for mitigating packet loss for cloud gaming and
remote-rendered AR/VR. When packet loss occurs, Prism splits the available bandwidth across
a low-latency video stream at a lower quality, and a quality-preserving video stream (what to
transmit). The available bandwidth is carefully allocated across the two streams in order to
maximize the video quality during loss (how much to transmit). Prism's design also includes
a loss prediction mechanism in order to trigger early loss recovery (when to transmit). Prism's
design choices focus on the low latency and high video quality requirements of cloud gaming and
remote-rendered AR/VR applications, and it's design is optimized across layers by taking into
account video compression properties, loss prediction performance and the available bandwidth.

Third, we discuss an alternate strategy for mitigating packet loss for wireless VR applications,
called ViXNN. ViXNN uses a neural network-based video compression technique (what to trans-
mit) in order to achieve error-resilient video coding. ViXNN's robustness to packet losses enables
one-shot frame transmissions without relying on link-layer retransmissions (when to transmit).
ViXNN is also robust to bit errors enables the use of faster (but noisier) wireless modulation
schemes (how much to transmit). ViXNN is designed to work under speci�c environments that
have high bandwidth and high loss, and integrates the design of video compression and loss
resilience.

Fourth, we discuss the pitfalls of existing congestion control algorithms for cloud gaming
and remote-rendered AR/VR applications that have demanding QoE requirements. We present
a novel congestion control algorithm called SQP, that leverages video frame transmission pat-
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terns (when to transmit) in order to probe the network for more bandwidth. SQP uses a novel
bandwidth estimation mechanism that enables it to achieve low delay when running in isolation,
achieve competitive throughput shares when competing with queue-building �ows, and is tightly
integrated with video bitrate control (how much to transmit). SQP's design does not require
unnecessary probing data in order to probe the network when enough video data is not being
generated by the encoder (what to transmit). SQP's design tightly integrates the video codec and
the network congestion control in order to minimize encoder bitrate variations and reduce the
end-to-end video frame delay, and leverages application-speci�c properties (e.g. basic network
quality requirements of cloud gaming applications) in order to achieve good throughput and de-
lay performance. We also present a system called CC-Fuzz for stress testing congestion control
algorithms. CC-Fuzz uses a genetic algorithm in order to synthesize network traces that trig-
ger poor behavior in congestion control algorithms. CC-Fuzz can automatically �nd issues with
the design and catch implementation bugs, and can inspire con�dence in a congestion control
algorithm before it is deployed in the wild.

Our contributions are summarized below, and detailed descriptions are discussed in later
chapters.

1.4 Summary of Contributions

1.4.1 Vantage

In chapter 3, we explore the application class of social live video streaming (SLVS). SLVS has
unique QoE requirements that are not addressed by existing live video streaming systems. In
SLVS, viewers view a live stream with different viewing delays - some viewers watch the video
stream in real time, whereas others may watch the video with some delay (time-shifted viewing)
or even after the live stream session has terminated. These distinct sets of viewers have differ-
ent expectations of video quality and interaction delay. For instance, viewers that interact with
the broadcaster using mechanisms like live chat and monetary donations, and co-broadcasters
in a multi-party live stream require low interaction delay, but can tolerate occasional stream in-
terruptions and drops in video quality. On the other hand, time-shifted viewers have a higher
expectation of video quality, and do not have any latency requirements since there is no real-time
interaction (similar to Video-on-Demand content). This unique QoE requirement presents an op-
portunity for redesigning the live video upload mechanism in order to satisfy the different QoE
requirements of different viewers who consume the content differently.

Our �rst contribution, Vantage [1], is a system that proposes a novel bandwidth allocation
and video frame transmission scheduling mechanism (bullet no. 1) in order to address the unique
QoE requirements of SLVS applications - real-time viewers require low latency whereas time-
shifted viewers expect higher video quality. A key challenge with streaming real-time video over
the Internet, especially from mobile devices on cellular networks, is that network bandwidth
is highly variable. In order to achieve low latency, it is desirable to adapt the video bitrate
such that it closely follows the instantaneous available bandwidth, and use minimal buffering
on both, the sender- and the receiver-sides. The downside of this approach is that there can be
undesirable �uctuations in video quality, and network interruptions can cause stuttering in the
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video stream. While this is acceptable for real-time viewers, existing SLVS platforms simply
archive the same video stream for consumption by time-shifted viewers. This results in a less
than optimal experience for time-shifted viewers. On the other hand, if video is encoded at a
bitrate that matches the average bandwidth, and suf�ciently large transmit and playback buffers
are used at the sender side and receiver side respectively, the �uctuations in video quality are
signi�cantly reduced and much smoother video playback can be achieved. The downside of this
approach is that it adds a signi�cant amount of delay between the broadcaster and the real-time
viewers.

The key idea in Vantage is to split the available bandwidth across two streams - a real-time
stream that enables low-latency interaction between the broadcaster and the real-time viewers,
and a secondary quality-enhancing video stream that improves the video quality for delayed
viewers. Vantage leverages a key property of lossy video compression algorithms -increasing
the video bitrate has decreasing returns in terms of video quality.Vantage reduces the bitrate
of the real-time video stream slightly, and carefully allocates the residual bandwidth to a sec-
ondary “quality enhancement” video stream. The purpose of the quality enhancement video
stream is to repair past segments that were affected by network variations and transient outages.
In order to optimizing the video quality for different viewing delays, Vantage uses an online op-
timization formulation in order to allocate the total available bandwidth across the low latency
stream and the quality enhancing retransmissions, carefully taking into account the relationship
between video bitrate and quality, the distribution of viewing delays and the available bandwidth.
Vantage's design enables it to operate at multiple points on the quality-delay trade-off curve si-
multaneously,allowing the viewers to chooseany point on the video quality and interaction delay
trade-off curve. Viewers who care about low delay are able to do so, albeit by sacri�cing some
video quality, and time-shifted viewers are able to view higher quality version of the live stream.

This work was done in collaboration with my advisor (Srinivasan Seshan), Jack Kosaian,
and Rashmi Korlakai Vinayak. This material is based upon work supported by the National
Science Foundation Graduate Research Fellowship under Grant Nos. DGE-1745016 and DGE-
1252522, the National Science Foundation Computer and Network Systems under Grant No.
CNS-1565343, and the Facebook Communications and Networking Research award. Cloud-
Lab [19] resources were used in running experiments. We would also like to thank Keith Win-
stein for providing valuable feedback during the shepherding process.

1.4.2 Prism

In Chapter 4, we explore the problem space of handling packet loss for low-latency interactive
applications like cloud gaming and AR/VR streaming. Cloud gaming and cloud AR/VR appli-
cations aim to replace local versions of applications like video games and AR/VR applications
by cloud-rendered versions, where the heavy computational aspects like rendering is of�oaded
to powerful machines in the cloud, and the rendered view-port is streamed as compressed video
to the end user. Since cloud rendering aims to replace the local counterparts, the experience
must be as close as possible to the local versions in terms of visual quality and the interaction
latency. Thus, cloud-rendered applications require extremely low latency and very high visual
quality. Since cloud-rendered applications are streamed over the internet, they invariably expe-
rience packet loss. Packet loss has a signi�cant impact on video quality and video frame delay
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due to the complex interactions between video compression techniques and loss recovery mech-
anisms. This is extremely detrimental to the QoE of low-latency video streaming applications
like cloud gaming and cloud AR/VR.

Our second contribution, Prism, is a system that proposes a novel packet loss recovery mech-
anism (bullet no. 2) in order to achieve the stringent quality and latency demands of cloud-
rendered applications. Video compression techniques leverage temporal redundancies in video
data in order to achieve high compression ratios, utilizing the available bandwidth to provide
the best possible video quality. This results in temporal dependencies between video frames
(predicted- or P-frames), and this makes low-latency compressed video extremely sensitive to
packet loss. If a single frame is lost, the subsequent video frames cannot be decoded until the
lost frame has been recovered, or the video codec state is reset using an independently encoded
frame (intra- or I-frame). Using retransmissions to recover the lost data adds signi�cant latency
and causes video stutters, whereas independently encoded frames that can reset the decoder state
have much lower video quality for the same bitrate since they do not leverage temporal redun-
dancies in video data. In addition, due to the nature of video compression algorithms, the quality
of a frame depends on the quality of past frames as well - thus, a single independently encoded
frame affects the quality of multiple subsequent frames. Video skips, freezes, and quality drops
are detrimental to the QoE of cloud-rendered applications - users of cloud rendered applications
expect the experience to be as close as possible to running the application locally.

Prism's design uses a hybrid dual-stream video encoding and transmission scheme, leverag-
ing various properties of video coding like the difference in coding ef�ciency of I-frames and
P-frames and the temporal dependency of the quality of P-frames. When packet loss occurs,
Prism transmits two separate video streams - a primary stream that leverages the compression
ef�ciency of P-frames to preserve high quality of the video stream, and a secondary low-latency
stream that reduces the end-to-end frame delay during periods of transient loss. The available
bandwidth is carefully allocated across the two sub-streams (bullet no. 1) in order to optimize
the overall video quality. The goal of the optimization is to improve the video quality over sim-
ply using I-frames for recovery, while Prism's dual stream architecture ensures that the latency is
comparable to that of using I-frames. In order to make this approach feasible in real-time, Prism's
bandwidth allocations are based on the results of an of�ine analysis pipeline that analyzes the
video encoding properties of the speci�c game style or scene. This aims to optimize the alloca-
tion for particular scene types, since the type of content signi�cantly affects the quality-bitrate
trade-offs for I-frames and P-frames, and thus, the optimal bandwidth allocation across the two
streams during periods of loss. Our experiments show that Prism can achieve good performance
over lossy networks, and has zero run-time overhead when good network conditions prevail.

A second bene�t of Prism is that the video quality penalty when loss recovery mechanism
is falsely triggered is signi�cantly minimized compared to using I-frames for recovery. This
enables aggressive loss prediction mechanisms, leading to further reductions in the end-to-end
video frame delay during periods of loss. We implemented a simple neural-network based packet
loss prediction mechanism based on real-world network traces, and use this in conjunction with
Prism in order to demonstrate it's bene�ts when used for packet loss recovery in cloud-rendered
applications (e.g. cloud gaming and cloud AR/VR).

This work was done under the guidance of my advisor, Srinivasan Seshan, and funded by
National Science Foundation Grant No. CNS-1956095.
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1.4.3 ViXNN

We present an alternative approach for handling packet loss for extremely delay sensitive ap-
plications like wireless VR. Wireless VR operates over local networks, with a last-hop wireless
link between the router and the VR headset. We propose an end-to-end loss-resilient video com-
pression technique called ViXNN. In ViXNN, we design a novel neural network architecture for
compressing video data in a manner that is resilient to packet losses, instead of the traditional
approach of tacking on loss-recovery mechanisms onto existing video codecs.

ViXNN's neural network architecture uses a convolutional autoencoder in order to compress
video, but includes a novel design of the narrow waist that outputs the compressed representation
of the data. ViXNN's narrow waist has multiple outputs called descriptors, where each descriptor
represents a portion of the compressed data. During training, we simulate the loss of descriptors,
which forces the neural network to learn a loss-resilient compression scheme. As a result, the
quality of the decompressed frame degrades gracefully as the number of descriptors are lost.
In addition, due to the inherent resilience of neural-network-based representations to bit errors,
the compressed descriptors are also resilient to bit errors. Additionally, compressed data can be
treated as analog data, which allows the use of approaches like SoftCast [20], which provides
further reduction in the end-to-end frame delay by eliminating link-layer retransmissions.

In our approach, we focus on compressing each individual frame separately, which is unable
to leverage the temporal redundancies in video data. With recent advances in end-to-end neural
video compression, ViXNN's core design can be leveraged in order to achieve highly ef�cient,
practical end-to-end loss resilient video compression for extremely low latency applications.

This idea originated from a class project in the course Visual Computing Systems, taught by
Kayvon Fatahalian. This work was done in collaboration with my advisor (Srinivasan Seshan),
Pratik Fegade, and Kayvon.

1.4.4 SQP

We explore the design of congestion control algorithms for low latency applications like cloud
gaming and cloud AR/VR. Cloud gaming applications require extremely high video quality and
very low end-to-end frame delay. Thus, congestion control algorithms designed for cloud gaming
applications must have low queuing delay, must achive high throughput under variable links and
in the presence of queue-building cross traf�c, and must be compatible with the video frame
traf�c pattern in order to minimize the end-to-end frame delay and maximize the utilization of
the available bandwidth.

We present SQP, a congestion control algorithm developed in collaboration with Google for
Google's AR streaming platform. SQP is designed to work in harmony with the traf�c pattern of
low latency video, and takes a different approach to solving the problem of con�icting goals of
minimizing delay and maximizing throughput in the presence of queue-building �ows. SQP cou-
ples the transmission of video frames and network probing, and provides bandwidth estimates
that can be directly used to set the video bitrate. SQP's frame coupled design enables it to achieve
low end-to-end frame delay in addition to low packet delay. SQP uses frame pacing and a unique
one-way-delay based formulation for estimating the bandwidth, which addresses the challenges
with using a packet-train-based bandwidth measurement mechanism. SQP's design includes
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mechanisms to improve convergence to fairness. SQP makes key application-speci�c trade-offs
that enable SQP to achieve good throughput when competing with queue-building �ows, which
enables higher video quality - this is critical for cloud gaming and cloud AR/VR applications.
SQP demonstrates fairness in competition with homogeneous traf�c, and works well on shal-
low buffers. We theoretically analyze SQP's behavior, and validate the analysis through various
emulated experiments. We evaluated SQP on real-world wireless networks via Google's AR
streaming platform. Under A/B testing of SQP and Copa [21] on Google's AR streaming plat-
form, SQP achieves signi�cantly more sessions that have acceptable video bitrate and end-to-end
frame delay. We also evaluated SQP under a variety of emulated network scenarios. Across emu-
lated wireless traces, SQP's throughput is 11% higher than Copa (without mode switching) with
comparable P90 frame delays, while Copa (with mode switching), Sprout [22], and BBR [11] in-
cur a 140-290% increase in the end-to-end frame delay relative to SQP. In addition, SQP achieves
high and stable throughput when competing with buffer-�lling cross traf�c. Compared to Copa
(with mode switching), SQP achieves 70% higher P10 bitrate when competing with Cubic [12],
and 36% higher link share when competing with BBR.

This work was done in collaboration with Google under the guidance of my advisor, Srini-
vasan Seshan, and includes contributions from Connor Smith (Google), David Chu (Google),
and Teng Wei (Google).

1.4.5 CC-Fuzz

We explore the challenges of implementing congestion control and integrating it with video bi-
trate selection (bullets 1 and 3) for low-latency interactive applications like cloud gaming and
AR/VR streaming. Cloud-rendered applications simultaneously require high video quality and
low end-to-end frame delay, and we show that existing congestion control algorithms are unable
to achieve these dual goals. Traditionally, congestion control algorithms have been designed to
achieve maximum throughput and fairness, while preventing congestion collapse. These algo-
rithms often exhibit queue-building behavior, which limits their applicability for cloud-rendered
applications due to excessive network queuing delays. Recently, many low-latency congestion
control algorithms have been proposed. We show that these video-agnostic approaches are not
suitable for cloud-rendered applications. Speci�cally, we show that these algorithms exhibit poor
performance when competing with queue-building �ows (which are ubiquitous in the wild), and,
at frame-level timescales, exhibit packet transmission patterns that make it challenging to inte-
grate congestion control and video frame encoding and transmission.

Many of these limitations stem from the fact that most congestion control algorithms are de-
signed to be as generic as possible, and we discuss the potential bene�ts of designing application-
speci�c congestion control algorithms that account for the scope of environments in which appli-
cations like cloud gaming and cloud AR/VR are expected to operate. For example, if a network
link is severely bandwidth limited, or has very high latency/packet loss, cloud-rendered appli-
cations are not expected to operate under such environments. The potential to incorporate such
non-traditional trade-offs may allow congestion control algorithms to achieve the desired perfor-
mance goals of latency and bandwidth by limiting the scope of operation.

A challenge with developing custom congestion control algorithms for speci�c applications
has it's own challenges. Traditional congestion control algorithms have the bene�t of massive
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world-scale testing across multiple years of usage, which helps in slowly ironing out bugs and
other issues over time. On the other hand, designing, testing and deploying a new congestion
control algorithm on a small-to-medium scale is very challenging, since there are limited op-
portunities for testing in the real-world. Our third contribution, CC-Fuzz, aims to address this
challenge. CC-Fuzz is a congestion control testing framework that uses a genetic algorithm in or-
der to automatically test congestion control algorithms by generating adversarial network traces
that trigger poor behavior in a congestion control algorithm. CC-Fuzz enables the designer of a
congestion control algorithm to automatically �nd situations where the congestion control algo-
rithm is unable to meet the performance goals. For example, CC-Fuzz can automatically generate
network traces where a congestion control algorithm cannot maintain low delay, or is unable to
achieve high throughput, or results in catastrophic packet loss. Such testing can inspire con�-
dence in the design and implementation of a congestion control algorithm, and catch many bugs
early on without warranting a large scale deployment.
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Chapter 2

Background

In this section, we will brie�y describe the designs of some traditional video streaming systems
and discuss their limitations. We will also brie�y discuss some background on video compression
algorithms and the trade-offs between different video encoding parameters, video quality, bitrate
and video encode/decode performance.

2.1 Video Streaming Systems

Video streaming systems can be categorized into three broad categories:
1. Stored Video or Video-on-Demand (VOD).VOD streaming systems are designed to dis-

seminate stored, pre-recorded video to viewers for media consumption (eg. YouTube, Net-
�ix). VOD systems prioritize high-quality, smooth playback of stored media and aim to
simplify large scale distribution of video content. Some examples of VOD systems include
MPEG-DASH and HLS.

Like any video streaming system, VOD systems must make decisions regarding how much
to transmit, what to transmit and when to transmit (Section 1.3). The work�ow of a typical
VOD system is outlined below:

• Video is �rst encoded into short chunks, typically 2-4 seconds long. Each chunk
is encoded at different bitrates at varying qualities. The advantage of this approach
is that no real-time video encoding is required, and the chunks can be ef�ciently
disseminated using content delivery networks (CDNs).

• When streaming a video, the bitrate of the chunk is chosen based on network perfor-
mance using adaptive bitrate algorithms (ABR).

• The video chunks are transmitted using TCP [23] using a congestion control algo-
rithm like Cubic or BBR. Packet loss is handled at the TCP layer using retransmis-
sions, since there is no requirement for very low latency, and the clients typically
maintain a multi-second long buffer for playback.

• The ABR algorithm also makes decisions regarding pre-fetching of chunks, and how
much buffer should be maintained on the client side for a smooth, stutter-free play-
back.
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• The receiver decodes entire chunks, and queues the decoded frames in a buffer for
displaying on screen.

This document focuses on applications that have a real-time streaming component as op-
posed to purely VOD style applications. These application categories are discussed below.

2. Real-time Video Streaming.Real-time video streaming applications are designed for in-
teractive applications like cloud gaming and video conferencing. These systems prioritize
low latency over video quality in order to enable real-time interaction. Some examples of
real-time streaming systems include WebRTC, RTMP, and proprietary streaming systems
used by cloud gaming services like Stadia, Luna and GeForce Now.

Real-time streaming systems must also make the same key decisions we talked about in
Section 1.3, but make very different decisions in order to achieve their application QoE
goals. A typical frame in a real-time streaming system goes through the following steps:

• Frames are generated by an application or device (eg. Video game or a rendered
application for cloud gaming and AR/VR streaming, camera device in the case of
conferencing).

• Based on a bandwidth estimate from the encoder rate control mechanism and the
congestion controller (eg. GoogCC for WebRTC [13]), the video frame is encoded
by the encoder and packetized for transmission.

• The packetized video frames are queued for transmission. Some applications may
make use of techniques like forward error correction (FEC) to enable recovery when
packet loss occurs.

• The packets are transmitted by the transport layer, where the congestion control al-
gorithm determines how the packets are transmitted over time (eg. pacing, ACK
clocking).

• The receiver receives the packets and re-assembles them into encoded frames, which
are then decoded and immediately displayed on the screen in order to minimize la-
tency.

• When packets are lost and the decoder is unable to decode the video, it signals the
sender to start frame-loss recovery. This may take the shape of packet retransmissions
to retransmit the lost segments, or the transmission of an IDR frame, which skips
forward in time to the most up-to-date frame.

• Feedback from the receiver is used by the congestion control algorithm and the en-
coder rate control algorithm to determine the video encoder bitrate.

While applications like conferencing can tolerate delays of the order of a few hundred
milliseconds, cloud gaming and AR/VR streaming applications require the delay to be of
the order of a few tens of milliseconds. In addition, cloud gaming and AR/VR streaming
also operate at much higher bandwidths since they require much higher video quality. In
this thesis proposal, we aim to design new congestion control and packet loss recovery
mechanisms in order to achieve the desired QoE for emerging applications as opposed to
using existing video streaming systems that are used for traditional real-time applications
like video conferencing.
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3. Real-time and VOD Hybrid Video Streaming. Hybrid video streaming systems are de-
signed for applications that have a real-time interactive component as well as time-shifted
viewers. An example is social live video streaming, where some viewers view the video
stream in real-time and interact with the broadcaster, while a second set of viewers view
an archived version of the video stream. Traditional video streaming systems designed for
hybrid video streaming typically use the following work�ow:

• Applications use a real-time streaming protocol (eg. WebRTC) between the video
streamer and an initial ingestion point.

• The video at the ingestion point is transcoded in real-time for the real-time viewers.
The transcoded video is distributed using low-latency live streaming protocols like
LLDASH [24], LLHLS [25], and RTP [26].

• An archival version is also simultaneously generated where the video is encoded
into chunks at varying bitrates (similar to VOD-style video streaming), which can be
viewed by viewers who watch the live stream with larger delays in order to achieve
ef�cient content distribution.

Existing real-time and VOD hybrid video streaming systems use traditional real-time video
streaming techniques on the upload path. This thesis aims to develop novel video upload
mechanisms that account for the diversity in viewing delays in order to optimize the video
quality across the time-shifted viewers.

2.2 Video Compression

Video compression techniques are at the heart of video streaming systems and applications. The
primary goal of a video compression scheme is to reduce the amount of bytes required to transmit
the video without signi�cantly affecting the perceived quality of the video frames. In addition to
the bandwidth requirement and the video quality, video compression schemes also differ in terms
of their sensitivity to packet loss, the video encoding-decoding speed, and compute and memory
requirements.

In this section, we discuss some common techniques that are used for video compression
and how these impact various factors like video quality, bandwidth requirements, video encode-
decode performance, and sensitivity to packet loss in the context of video streaming applications.

2.2.1 Overview of Compression Schemes

Video compression is made possible due to two key factors - (1) video data has a signi�cant
amount of spatial and temporal redundancy, and (2) humans are less sensitive to higher frequency
spatial data. Most video compression schemes combine the use of lossless compression and
lossy compression. The use of lossless compression leverages the spatio-temporal redundancy
in video data, whereas the lossy step leverages the human factor in order to further improve the
compression ratio. A common way to compare the compression performance of a particular
scheme is to compare the relationship between the video picture quality and the bitrate of the
compressed video. Video quality is typically measured using metrics like SSIM [27] (Structural
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SIMilarity) and PSNR (Peak Signal-to-Noise Ratio), where each compressed video frame to
the original video frame and aggregated across a video. In this section, we will �rst discuss a
scheme called Motion JPEG [28] (MJPEG) that only leverages spatial redundancy for the lossless
compression component, and then discuss the high-level video compression architecture used by
most modern video codecs.

2.2.2 Intra-frame Schemes

Motion JPEG (M-JPEG) is an intra-frame only compression scheme: each frame is compressed
as an image using JPEG. Due to the wide-spread availability of optimized JPEG compression
libraries and hardware, this was commonly used in PC multimedia applications, and in certain
older digital cameras and security cameras.

Since M-JPEG compresses each frame individually, it is unable to leverage the temporal
redundancy in a video stream that arises from most adjacent frames of a video being very similar.
Thus, it requires more bits to encode video at a given quality compared to schemes that leverage
the temporal redundancy in video data.

The compression mechanism of M-JPEG is identical to JPEG. JPEG splits the frame into 8x8
blocks. These blocks undergo a DCT transform, following by a lossy quantization step, where
the high frequency components are scaled down and quantized. These values are then entropy-
coded using techniques like Huffman coding and arithmetic coding, which serves the purpose of
leveraging spatial redundancies for additional compression.

There are a few bene�ts of using an intra-frame only compression scheme. The �rst bene�t
is that the quality of a video frame for a given bitrate only depends on the static contents of
the frame, and not on the relative motion between frames. It does not matter if two consecutive
frames are very different, since each frame is independently compressed. The second bene�t is
that if some packets are lost during streaming, that frame can simply be skipped and the next
frame can be decoded and displayed. In addition, this approach inherently supports temporal
scaling: frames can be dynamically dropped if the receiver cannot keep up with the decoding of
frames.

Modern video codecs use other techniques for intra-frame compression, but they are very
similar to JPEG compression in principle. For example, intra-frame compression in H.264 [29]
involves representing blocks that are similar to other blocks as translations, and compressing the
residuals in a manner that is similar to JPEG. This improves the compression ratio for frames
where large areas have a similar color and repeating patterns.

2.2.3 Inter-frame Schemes

Inter-frame schemes use a technique called motion compensation to leverage the temporal redun-
dancies in video data. Motion compensation signi�cantly improves the compression ratio that
can be achieved when compressing video data. Most modern codecs like H.264 [29], H.265 [30],
VP8 [31], VP9 [32] and AV1 [33] leverage inter-frame compression in addition to the intra-frame
compression techniques discussed in § 2.2.2.

The key idea in motion compensation is to search for similar blocks in adjacent frames that
come before and after the current frame. The blocks of the frame being encoded are represented
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as motion vectors from the similar blocks in the adjacent frames. Since the reference blocks are
not identical, but only similar to the blocks being encoded, the residual error is encoded using
block compression techniques discussed in § 2.2.2.

2.2.4 Motion Compensation and Streaming Video

While inter-frame compression has signi�cant bene�ts in terms of compression ratios, there are a
few important considerations when motion compensation-based techniques are used for stream-
ing video. To understand these limitations, we must �rst understand how intra-frame and inter-
frame techniques are combined for video compression.

The �rst frame in a video stream is always an intra-only compressed frame (also called an
IDR frame, or independent data refresh frame). The role of an IDR frame is to initialize the
state of the video decoder. For improving the compression ef�ciency, the subsequent frames use
motion compensation. There are two kinds of motion-compensated frames, P-frames (predicted,
only use past frames as reference) and B-frames (bidirectional, use past and future frames as
reference). While B-frames achieve better compression ef�ciency and are useful for VOD style
content where the video is pre-encoded into 2-4 second chunks, they are not typically used for
real-time streaming video. This is because the encoder would have to wait for future frames to
encode a particular frame, which increases the end-to-end video frame delay. Real-time stream-
ing applications encode new frames as P-frames, where blocks in the frame are approximated
from past frames.

The �rst issue with motion compensation is the additional computational overhead required
for searching motion vectors. While compression ef�ciency can be improved by performing a
more comprehensive search for motion vectors, this can signi�cantly increase the time required
to encode a frame, resulting in higher frame delays. The second issue arises when packet loss
occurs, causing the partial or total loss of a P-frame. Since subsequent frames depend on the
P-frame, the decoder cannot proceed until it can decode the P-frame or a new IDR frame is sent,
which can cause higher delays or lower video quality respectively.

Recovering from packet loss using retransmissions and FEC can have a signi�cant overhead
in terms of delay and bandwidth requirements, and hence, the inherent loss resiliency of a video
compression scheme is an important consideration when designing real-time video streaming
applications that have stringent delay requirements and depend on the real-time bandwidth avail-
ability.

While some compression schemes are able to deal with packet loss during real-time stream-
ing, some schemes may require extraneous mechanisms like retransmissions or special codec-
level recovery procedures that may result in worse end-to-end delay, require more bandwidth, or
suffer from poor video quality. Many available video codecs have features that can improve the
loss resiliency of the video stream, but they can result in lower compression ef�ciency, may re-
quire higher computational overhead, and may not meet the requirements for some applications.

For example, Intra-refresh is a common technique for improving the loss resilience of a
video stream, where a different part of each frame is transmitted as an I-frame, covering the
entire display area across multiple frames. Thus, if some packets are lost, the video impairment
lasts for a few frames until the I-frame segments span the entire video area. The limitation of
this approach is that each frame requires additional bits for the same video quality, and a video
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impairment will persist for the duration of a few frames, which is unacceptable for applications
like cloud gaming and AR/VR streaming.

Other techniques like SVC (Scalable video coding) and MDC (Multiple Descriptor Coding)
also improve the loss resilience, but have a similar impact on compression ef�ciency and also
require signi�cantly higher computational overhead.
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Chapter 3

Vantage: Optimizing video upload for
time-shifted viewing of social live streams

Social live video streaming (SLVS) applications are becoming increasingly popular with the rise
of platforms such as Facebook-Live, YouTube-Live, Twitch and Periscope. A key characteristic
that differentiates this new class of applications from traditional live streaming is that these live
streams are watched by viewers atdifferent delays; while some viewers watch a live stream in
real-time, others view the content in a time-shifted manner at different delays. In the presence
of variability in the upload bandwidth, which is typical in mobile environments, existing solu-
tions silo viewers into either receiving low latency video at a lower quality or a higher quality
video with a signi�cant delay penalty, without accounting for the presence of diverse time-shifted
viewers.

In this chapter, we present Vantage, a live-streaming upload solution that improves the over-
all quality of experience for diverse time-shifted viewers by using selective quality-enhancing
retransmissions in addition to real-time frames, optimizing the encoding schedules to balance
the allocation of the available bandwidth between the two.

3.1 Social Live Video Streaming (SLVS)

Mobile live video traf�c has grown signi�cantly over the last decade [6]. This growth has been
propelled by improvements in mobile camera technology, computing power, and wireless tech-
nology, which enables the capture, encoding, and transmission of high-quality video in real-time
from mobile devices. Applications for video-conferencing and live broadcasting have become
ubiquitous on mobile devices today. Social live video streaming (SLVS) applications like Face-
book Live [34], YouTube Live [35], and Periscope [36], are a new and increasingly popular class
of applications that bring the power of live streaming to individuals.

A unique feature that differentiates SLVS platforms from traditional live video applications
is the ability to view real-time, time-shifted, and archival versions of a single stream. SLVS
applications enable viewers to interact with broadcasters via comments and reactions in real-
time [37, 38], and also archive the video to enable viewing after the live streaming session has
ended. Furthermore, platforms like Hangouts-on-air [39] and Facebook Live [40] allow multiple
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users to broadcast simultaneously on a single live-stream. For viewers using interactive features
such as real-time comments, as well as broadcasters taking part in collaborative broadcasting [39,
40], it is critical to deliver the video stream at a low-latency, whereas a higher streaming latency
is acceptable for the other viewers.

In contrast, traditional live video streaming applications target asingleviewing delay. In
video conferencing applications, participants require low-latency for interactivity, while viewers
of a broadcast event can typically tolerate tens of seconds of delay. Existing approaches for
handling network bandwidth variations aretailored for one particular viewing delay. In low-
latency applications like videoconferencing, video bitrate is chosen to closely follow the available
bandwidth in order to ensure that frames are received before their real-time playback deadline, at
the expense of lower quality during periods of low bandwidth. On the other hand, when higher
delays are acceptable, applications use buffers to absorb network variations and the video bitrate
is chosen to match the average bandwidth. This results in higher video quality and smoother
playback at the cost of higher latency.

Due to lack of better alternatives, current SLVS platforms make the same tradeoffs between
latency and quality as traditional live streaming, despite the diversity of viewing delays. Oper-
ating at a single point on the latency-quality tradeoff spectrum is inadequate for providing high
quality-of-experience (QoE) for all the viewers of SLVS streams. The problem is further exas-
perated by the fact that SLVS streams are commonly initiated from mobile devices, which have
particularly unpredictable network behavior [22].

3.2 Overview of Contributions

Vantage is a live video upload solution explicitly designed to address the time-shifted viewing
characteristic of SLVS in the face of bandwidth variations. Vantage exploits the variability of the
upload path to it's advantage: periods with high bandwidth can be used to correct for a loss in
quality due to previous periods of network impairment. Vantage optimizes the video upload pro-
cess across different time-shifted viewing delays by usingquality-enhancing retransmissionsin
conjunction with a low-latency video stream. Vantage formulates bitrate selection and transport
scheduling as a joint optimization problem that maximizes the video quality across the diverse
viewing delays.

Several challenges need to be addressed to make the use of quality-enhancing retransmissions
practical and effective: (1) allocating bandwidth and scheduling transmissions for the real-time
and retransmitted frames such that the QoE is optimized for all users, (2) handling the com-
putational overheads and latencies associated with complex optimization decisions and video
compression, and (3) dealing with the network unpredictability and its impact on scheduling de-
cisions. Vantage incorporates several system design choices like approximations, pipelining, and
fallback mechanisms to handle the challenges related to optimization and unpredictability.

We have implemented Vantage and evaluated it on a wide variety of mobile network traces [3]
and videos [4]. Our evaluation shows that Vantage achieves high quality for low-latency and
time-shifted viewingsimultaneously. Speci�cally, for delayed viewing, Vantage achieves an
average improvement of19:9%over real-time optimized streaming techniques across all the net-
work traces and test videos, with observed gains of up to42:9%. The quality achieved by Vantage
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Figure 3.1: High-level architecture of social live video streaming systems. The upload path
(focus of this chapter) is highlighted with a red box.

for delayed viewing is within7:7%on average of the maximum quality achievable by delay toler-
ant techniques. These bene�ts come at the cost of an average drop3:3%in the real-time quality,
with a maximum drop of7:1%. These results demonstrate the signi�cant performance bene�ts
of using Vantage over current techniques used for SLVS applications, which primarily optimize
the video upload for real-time viewing.

3.3 Background and Opportunity

In this section, we discuss SLVS architectures and the network variability observed on mobile
upload paths used in SLVS.

3.3.1 SLVS Architectures

We describe common designs and practices employed by four of the most widely used SLVS
platforms as of 2019: Facebook Live, YouTube Live, Twitch, and Periscope. Our descriptions
are informed by recent studies [37] and industry engineering material [41, 42].

The high level architecture typically used by social live video streaming platforms is shown in
Figure 3.1. Live video is captured and encoded by a broadcaster's device (e.g., a mobile phone)
and uploaded via RTMP [43] or WebRTC [44] to an ingestion point (a point-of-presence or a
data center server), where the upload path connection is terminated. We refer to this ingestion
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point as theupload endpoint. The ingested video is re-encoded at the upload endpoint. The re-
encoding serves two purposes - �rst, for real-time viewers, the video is re-encoded into a format
that supports large-scale distribution with low delay (e.g. MPEG-LLDASH, HLS), and for the
delayed viewers, the video is re-encoded to support ef�cient VOD-style delivery (e.g. MPEG-
DASH) using CDNs. A variety of techniques are used for distributing the video after ingestion,
and these techniques have been widely studied in the past [45, 46, 47].

The key limitation of this approach is that the video is only uploaded once, using a real-
time streaming protocol on the upload path (e.g. WebRTC [48] or RTMP [43]) - this means
that the video re-encoding for both, the real-time viewers and the time-shifted viewers use the
same source material. The quality of the source material is affected by network �uctuations on
the upload path. Thus, network disruptions during video upload also affects the time-shifted
viewers.

This paper focuses on improvements for theupload pathof SLVS applications (highlighted
using a red box in Figure 3.1) in order to support the different QoE requirements of the real-time
and time-shifted viewers.

3.3.2 Time-shifted viewing in SLVS

SLVS differs from traditional live-streaming in that it enables viewing of the same video stream
at different delays. Traditional live streaming applications are tailored either for interactive, low-
latency streaming (e.g., Skype and Hangouts) or for high quality viewing at larger delays (e.g.,
ESPN and CNN). On the other hand, SLVS platforms enable both real-time and delayed viewing
of the same stream. We term this characteristic “time-shifted viewing.”

Time-shifted viewing takes a number of forms within an SLVS stream. Some viewers interact
with broadcasters via comments and reactions, and thus require real-time latencies [37, 38].
SLVS platforms also archive video streams to allow for viewing after the live stream has ended,
and also allow viewers to seek back to older segments during the live stream and watch the video
with a time-shifted delay. Moreover, collaborative broadcasting platforms like Hangouts-on-
air [39] and Facebook Live [40] allow collaborative streaming where the co-broadcasters have
stronger low latency requirements compared to the viewers.

In summary, SLVS streams have audiences with a wide variety of viewing delays, and thus
have varying degrees of latency tolerance. This presents a new and important dimension for
improving the quality of experience of SLVS platforms.

3.3.3 Variability in the upload path

Many SLVS broadcasts are initiated from mobile devices over cellular networks like LTE, which
experience frequent bandwidth �uctuations [22]. One such cellular LTE trace is shown in Fig-
ure 3.2. This forces the broadcaster's device to either adapt the bitrate of encoded video (i.e.,
alter quality), or use large sender side buffers (i.e., alter the delay of transmission).

To illustrate the variability of bandwidth in mobile uplinks, we analyzed the network traces
from the Mahimahi [3] project. Across the eight upload traces, we made the following observa-
tions:
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Figure 3.2: An example bandwidth trace from MahiMahi [3] for an LTE cellular link.

1. Periods of low/high bandwidth are common: 17.1% and 17.4% of the time, upload
bandwidth is 50% or less and 150% or more than the average for a particular trace, respec-
tively.

2. Periods of low/high bandwidth are short-lived: Periods with less than 50% and more
than 150% of the average bandwidth last, on average, 789 ms and 809 ms, respectively.

3. More bandwidth is gained during high periods than is lost during low periods: In
�ve out of the eight traces, we �nd that there is at least1:25� additional bandwidth when
the bandwidth is above 150% of the average than the amount lost when bandwidth drops
below 50% of the average.

These observations suggest that periods of high bandwidth can be exploited to improve the
quality of frames that were previously affected by periods of low bandwidth. In Figure 3.2,
some regions where the bandwidth is highly variable are highlighted using red boxes. In the next
section, we show how an SLVS upload solution can make use of these properties to improve the
QoE for all time-shifted viewers.

3.4 Supporting Time-shifted Viewing

In this section, we show that conventional live-streaming upload techniques are inadequate for
providing high QoE for applications that support time-shifted viewing. We then describe an
approach for providing high QoE for viewers at different time-shifted delays.
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Figure 3.3: SSIM as a function of the frame size for the Sintel trailer [4, 5]. Each line corresponds
to a single frame. The video was encoded multiple times with different target bitrates to generate
the data.

3.4.1 Inadequacy of existing techniques

We use a simple example to demonstrate the inadequacy of existing live streaming upload tech-
niques at providing high QoE for diverse time-shifted viewers. Consider a broadcaster capturing
and uploading an SLVS stream to an upload endpoint. Consider a20 secondperiod where the
upload bandwidth between the broadcaster and the upload endpoint is0:5 Mbpsduring the �rst
10 seconds and3 Mbpsduring the �nal 10 seconds, as depicted in Figure 3.4a.

The structural similarity (SSIM) index is a common metric used to measure the perceptual
quality of video frames. The relationship between video bitrate and SSIM is typically observed
to be a concave, non-decreasing function [49]. Figure 3.3 shows the relationship between the
frame size and the SSIM for each frame of the Sintel [4, 5] trailer. To keep the discussion in
this section simple, we use a hypothetical model that re�ects this relationship between the video
bitrate (b) and the SSIM (Q). Speci�cally, we assumeQ = 1 � 1

2b+1 for each video frame. In
Sections 3.4.1.1 and 3.4.1.2, we analyze the SSIM of the video received at the upload endpoint
when transmitted using conventional live upload techniques.

3.4.1.1 Uploading for delayed viewing

We �rst consider uploading a live stream using techniques commonly used for applications like
ESPN and CNN, which typically deliver live content to viewers with up to few tens of seconds
of delay. It is common for such techniques to adapt the video bitrate slowly in response to
changes in the network bandwidth, and to buffer frames when there is insuf�cient bandwidth for
transmission at the target bitrate. There has been a signi�cant amount of work [50, 51, 52] in
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the space of bitrate adaptation and buffer allocation for video streaming applications that do not
have strict low latency requirements.

For the sake of this example, assume that the uploading client has knowledge of the average
bandwidth during the next20 seconds, which in this case is1:75 Mbps. The client thus encodes
each frame at1:75 Mbps. Figure 3.4b (purple dotted line) depicts the video quality using this
strategy for delayed viewing. Between0 s and10 s, the available bandwidth is lower than the
target bitrate. The uploading client consequently buffers frames during this period and begins
draining the buffer when the available bandwidth increases at10 s. This results in an average
SSIM of0:777for the entire video when viewed at delays of20 secondsor more.

3.4.1.2 Uploading for real-time viewing

We next consider videoconferencing applications like Skype and Hangouts, which use live-
streaming techniques that are tailored for real-time viewing. The technique of buffering frames
in the face of bandwidth drops described in Section 3.4.1.1 is inadequate for this setting be-
cause buffering delays the transmission of frames beyond the real-time deadline required for
interactivity. Real-time video streaming solutions like WebRTC [44] signi�cantly underutilize
bandwidth [53] to ensure timely delivery of video frames. Salsify [14] explores video encoding
techniques that can accurately match the network bandwidth to reduce buffering for low latency
playback.

Assuming that the uploading client has accurate instantaneous upload bandwidth estimates,
Figure 3.4b (yellow crossed line) depicts the real-time video quality when using streaming tech-
niques optimized for low latency. Between times0 sand10 s, frames are encoded at0:5 Mbpsto
minimize buffering delay. When the bandwidth increases at10 s, frames are encoded at3 Mbps.
This results in an average SSIM of0:679across the entire received video.

3.4.1.3 Uploading for more than one viewing delay?

While the techniques for live video upload described in Sections 3.4.1.1 and 3.4.1.2 achieve high
QoE for a single viewing delay, they are inadequate for applications where the video is viewed
at different delays. Tailoring upload for delayed playback (i.e., Section 3.4.1.1) results in high
QoE for viewing beyond a certain delay, but renders the video unplayable at smaller time-shifts.
On the other hand, while real-time streaming techniques (i.e., Section 3.4.1.2) are suitable for
low-latency viewing, this limits the QoE for viewers at larger time-shifts: in the example above,
upload optimized for real-time viewers results in an average SSIM of0:679, whereas uploading
for delayed viewing results in an average SSIM of0:777.

As described in Section 3.3.2, SLVS applications enable time-shifted viewing in which view-
ers can watch the same video at different delays. Thus, optimizing live video upload for a single
viewing delay is inadequate for SLVS applications, necessitating changes in the architecture of
the live video upload process toimprove the quality of experience for both real-time and time-
shifted viewers.
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(a) Example bandwidth trace.

(b) SSIM for conventional real-time and delayed
streaming techniques.

(c) Bandwidth utilization and improvement in video
quality with quality-enhancing retransmissions.

(d) Comparison of average SSIM for different view-
ing delays for conventional techniques and the pro-
posed technique.

Figure 3.4: Toy example demonstrating the bene�ts of quality-enhancing retransmissions over
conventional techniques.
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3.4.1.4 Current SLVS platforms do not cater to time-shifted viewing

In this section, we demonstrate that common SLVS platforms (Facebook Live, YouTube Live,
Twitch, and Periscope) today do not explicitly account for time-shifted viewing, thereby pre-
senting signi�cant opportunities for improving the overall QoE. All the platforms we consider
support archival of the live stream for viewing after the termination of the live streaming session.
Hence, these platforms support at least two distinct “time-shifted viewing modes”: real-time
viewing during the live stream, and video-on-demand (VoD) style viewing after the live stream
has ended.

Opportunities to improve QoE for time-shifted viewers come into play after the network has
recovered from an impairment, where the video was encoded at a lower bitrate to prevent net-
work saturation. To determine whether a platform takes time-shifted QoE into consideration, we
initiate a live stream and let it run on an unimpaired network for40 secondsand then momentar-
ily throttle the bandwidth to0 Mbps(no data can be transmitted) for3 seconds. This is followed
by 30 secondsof transmission over an unimpaired network. We emulate an impaired network
using thedummynet [54] network emulator. Note that there is no impairment on the link be-
tween the live streaming platform's upload endpoint and the viewer. While our experiments may
also contain variations that occurs in the upload path outside of the impairment we impose, we
found the upload path to be fairly stable during all experiments. We test the RTMP protocol
using OBS [55] with settings recommended by the platform under test, and the WebRTC proto-
col using Google Chrome's WebRTC implementation. We compare the quality of the real-time
and the archival versions of the video by comparing the video at the receiver to the prerecorded
reference video that was uploaded.

The impairment introduced in this experiment mirrors that described in the toy-example from
Section 3.4.1: there is ample opportunity after the network impairment for improving the video
quality for the archived version. Yet, in all experiments, we �nd that the video frames in the
real-time and the archived videos are identical. Both videos experience identical frame drops,
resulting in pauses in the received video, and the received frames have identical SSIM values.

These experiments suggest that current SLVS platforms do not exploit opportunities to im-
prove the QoE for more than one viewing delay, leaving considerable opportunity for improving
QoE for viewers across diverse viewing delays.

3.4.2 Proposed approach

We now describe how a live upload solution can provide high QoE for multiple viewing delays.

3.4.2.1 Nä�ve approach: re-uploading an entire stream.

A simple strategy to improve the QoE for archived viewing is to store a high quality version of the
captured video on the broadcaster's device and re-upload the video after the stream has ended.
However, this approach only improves the archival quality; no improvements are achieved for
time-shifted viewers during the live stream. Further, this approach consumes a large amount of
storage on the broadcaster's device and consumes at least twice as much bandwidth as one would
use without re-uploading the stream. These downsides are especially of concern for longer SLVS
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sessions which may last for multiple hours [38, 56], and for video streams initiated from mobile
devices, which often have limited, metered bandwidth and insuf�cient internal storage.

3.4.2.2 Quality-enhancing retransmissions.

As described in Section 3.3.3, mobile networks commonly experience signi�cant bandwidth
�uctuations,bothlow and high. Thus, low quality real-time frames transmitted during periods of
low bandwidth can be retransmittedat a higher bitrateduring a later period of high bandwidth
while the live streaming session is ongoing, thus improving the video quality for delayed, time-
shifted viewers. We call these retransmitted frames “quality-enhancing retransmissions” because
they are retransmitted for the purpose of improving the quality of a frame compared to the initial
version of the frame transmitted for real-time viewing. Unlike typical retransmissions, quality-
enhancing retransmissions are not in response to packet loss.

Sending quality-enhancing retransmissions requires reducing the bitrate of real-time frames
for allocating suf�cient bandwidth for high-quality retransmissions. Due to the concave nature of
bitrate-SSIM curves of common video encoding techniques [49], the bitrate of real-time frames
can be reduced without causing a signi�cant drop in the video quality. This is evident from the
bitrate-SSIM data shown in Figure 3.3. The drop in quality when reducing the frame size of a
high quality frame (solid red arrow) is signi�cantly smaller than the corresponding gain in quality
when increasing the frame size of a low quality frame (solid green arrow) by the same amount.

Sending quality-enhancing retransmissions comes at the expense of sending redundant bits
over the network and introducing additional computation for frames that have already been sent
at a lower quality. The use of scalable video coding (SVC)[57] techniques may result in bet-
ter performance in some cases. We discuss the implications of using an SVC based design in
Section 3.5.6.

Example of improvements for time-shifted viewing. Consider the example discussed in
Section 3.4.1. Under the approach of using quality-enhancing retransmissions, when the band-
width is low (t = 0 s to t = 10 s), the video is encoded at0:5 Mbps. This behavior is identical
to the real-time upload approach. When bandwidth is higher (t = 10 s to t = 20 s), older frames
can be retransmitted at a higher quality as quality-enhancing retransmissions along with the real-
time frames. The bitrate of the real-time frames needs to be lower than the available bandwidth
(3 Mbps) to accommodate the extra network traf�c from the quality-enhancing retransmissions.

The choice of bandwidth allocation between real-time frames and quality-enhancing retrans-
missions can be driven by high-level goals such as maximizing the viewer-count weighted SSIM
across the time-shifted delays. Choosing the optimal tradeoff between the drop in real-time
quality and the improvement in delayed video quality can be envisioned as a quality (SSIM)
maximization problem across the time-shifted delays. Assuming equal weights for real-time
quality and the time-shifted viewing quality at a viewing delay of 10 seconds, the bandwidth
allocation which maximizes the average quality across the two delays is1:84 Mbpsfor real-time
frames and1:16 Mbpsfor retransmitted frames. This bandwidth split is depicted in the top plot
(bandwidth) in Figure 3.4c. This results in an average SSIM of0:643and0:742for the real-time
and the delayed viewers, respectively. This is demonstrated in the bottom two plots in Figure
3.4c. The dark green region in the middle plot (labeled “Real-Time”) represents the real-time
video quality. The dark blue region in the bottom plot (labeled “10 second delay”) shows the im-
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provement in video quality for delayed viewing over the real-time video quality (shown in light
green for reference). Figure 3.4d shows the average quality for time-shifted viewing between
t = 0 s (i.e., real-time) andt = 12 s for video uploaded by real-time optimized, delay-optimized,
and time-shift-aware upload strategies. Compared to real-time optimized streaming, using Van-
tage improves the SSIM for delayed viewing by9:4%, while causing a drop of only5:2% in
the SSIM of the real-time stream. Note that the drop in SSIM only occurs for the high-quality
frames, which still results in good real-time quality as opposed to delay-optimized streaming,
where real-time viewing is not feasible. We note here that although we plot the average SSIM
in this case to demonstrate the bene�ts of time-shift optimized streaming, for our evaluation, we
use a uni�ed metric (described in Section 3.6.1) that combines the SSIM of the video frames and
the stalling events into a single metric.

Thus, by making use of quality-enhancing retransmissions and allocating bandwidth between
diverse time-shifted viewing delays, a SLVS upload solution can deliver high QoE to viewers
across a spectrum of viewing delays.

3.4.2.3 Key challenges

While the idea of sending quality-enhancing retransmissions by exploiting periods of high band-
width during the live streaming session is simple and promising, there are several critical chal-
lenges in designing a live streaming upload solution based on this idea.

Optimal, ef�cient bandwidth allocation in real time. As described in Section 3.4.2, al-
locating bandwidth between real-time frames and quality-enhancing retransmissions can be for-
mulated and solved as an optimization problem. However, �nding an optimal solution to this
problem may take a non-trivial amount of time, making it challenging to design an optimization-
based system involving real-time streaming.

Bitrate-SSIM curve estimation. The bitrate-SSIM curves of frames inform the allocation
of bandwidth between real-time frames and quality-enhancing retransmissions. However, the
bitrate-SSIM curve of a video frame is not available before the frame is encoded, and thus must
be estimated for performing bandwidth allocation. Estimating bitrate-SSIM curves is challenging
as they depend on a variety of properties of each frame and the preceding frames.

Mitigating error in bandwidth estimation. Allocating bandwidth between real-time frames
and quality-enhancing retransmissions requires having an estimate of the future bandwidth. Ac-
curately estimating future bandwidth is challenging in its own right, and thus a system allocating
bandwidth between real-time frames and quality-enhancing retransmissions must be robust in
it's abilities to adapt to inaccuracies in bandwidth estimation.

In section 3.7.7, we show that addressing these challenges are critical for improving the QoE
across all viewers for time-shifted viewing of live video streams, and in section 3.7.6, we show
that Vantage is able to robustly handle bandwidth mis-estimation due to our design choices made
in section 3.5.3.
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Figure 3.5: Vantage's architecture. Solid lines indicate data-plane components. Dotted lines
indicate control-plane components. Components that are unchanged by Vantage are shown in a
darker shade.

3.5 Design of Vantage

In this section, we describe the design of Vantage and how Vantage overcomes the challenges
outlined in Section 3.4.2.3 in order to deliver high QoE to diverse time-shifted viewers.

3.5.1 Overview

We �rst describe the architectures of current live video upload systems, and then describe Van-
tage's high-level operation.

3.5.1.1 Current live video upload systems

In current live video upload systems, the uploading client �rst captures raw video frames from
the camera on a mobile device. Frames are then compressed by an encoder and transmitted to
the upload endpoint. The system's network transport mechanism estimates the available upload
bandwidth, which informs the level of compression used for encoding the video frames.

3.5.1.2 Architecture of Vantage

Figure 3.5 depicts Vantage's high-level architecture. Vantage modi�es the upload architecture de-
scribed in Section 3.5.1.1 to enable support for quality-enhancing retransmissions. Raw frames
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from the camera are encoded and enqueued for real-time transmission. Vantage simultaneously
compresses these frames at a high quality and places them in memory for potential quality-
enhancing retransmissions in the future. Vantage's scheduler generates a bandwidth allocation
schedule for the new frames captured by the camera as well as for quality-enhancing retrans-
missions. The execution engine coordinates the encoding of scheduled frames, and adjusts for
inaccuracies in the allocation determined by the scheduler (discussed in detail below in Sec-
tion 3.5.3). Frames that have been scheduled for transmission are enqueued for transmission by
a generic transport protocol that is unmodi�ed by Vantage. We assume that the transport layer
provides network bandwidth estimates and drains packets from Vantage's queues.

In the remainder of this section, we describe each of Vantage's components in detail as well
as how Vantage overcomes the challenges presented in Section 3.4.2.3.

3.5.2 Scheduler design

Vantage's scheduler takes as input a set of real-time frames and potential candidate frames for
retransmissions, and an estimate of the upload bandwidth in the near future in order to choose
(a) which frames to schedule for transmission and (b) the bitrate each scheduled frame should be
encoded at.

We formulate schedule generation as amixed-integer optimization problemthat generates a
transmission schedule that optimizes the quality for the viewers across time-shifted delays. The
precise formulation of the optimization problem is described in Section 3.5.2.1.

An important consideration with this approach is that the time taken to solve a mixed-integer
problem may be non-trivial and highly variable. To address this, Vantage's scheduler is run every
P seconds and generates schedules for the nextP seconds. When the scheduler is run at time
T = t, it receives a snapshot of the state (i.e., candidate frames and bandwidth estimation) at time
t, and generates a schedule for the period betweenT = t + P andT = t +2P. If the optimization
takes longer thanP seconds, the scheduler is interrupted and the current, potentially sub-optimal
solution of the optimization is used as the schedule.

3.5.2.1 Optimization formulation

Next, we discuss the formulation of the optimization problem that is performed by the scheduler
everyP seconds. Consider a single optimization iteration that starts at timeT = t. We �rst list
the inputs to the optimizer and then subsequently discuss how these inputs are obtained. The
optimizer takes the following information as inputs:

1. An estimate of the number of bytesB that can be transmitted betweenT = t + P and
T = t + 2P.

2. A set of future real-time frame ids (F ) that will be sent betweenT = t + P andT = t +2P.

3. A set of past frame IDs (G) that are to be considered for retransmission. A retransmission
chosen in this iteration would happen at some time betweenT = t + P andT = t + 2P.
The difference betweenT = t + 2P and the time at which a frameg was captured is the
delay of the frame, which we denote asdg.
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4. The quality of past frames that have been received by the upload endpoint. For each frame
g 2 G, Rg denotes the SSIM of the version of frameg currently available at the upload
endpoint. We do not schedule queued or in-�ight frames for retransmission.

5. The bitrate-SSIM curve for each frameg2 G. For each frameg 2 G, Qg : size ! ssim
represents the mapping from encoded frame size (in bytes) to the SSIM.

6. The predicted bitrate-SSIM curves for each of the real-time frames that will be sent be-
tweenT = t + P andT = t + 2P. We denote this byQf : size ! ssim.

7. The distribution of the viewing delays of the current set of viewers. For each viewing delay
d, N(d) represents the count of viewers watching the live stream at a viewing delay ofd
seconds.

8. We also de�ne a set of weightswg 8g2 G and a weightw0 for the real-time frames. We
discuss how these weights are computed from the delay distributionN in the subsequent
paragraphs.

The scheduler returns the target sizessf 8f 2 F for the real-time frames and a set of frames
G0 � G and the corresponding target sizesg 8g2 G0 for the quality-enhancing retransmissions.
We formulate the optimization problem as a maximization of the weighted viewing quality sub-
ject to bandwidth constraints.

The role of the bandwidth constraint is to ensure that the total amount of data scheduled for
transmission (including both the real-time frames and past frames) does not exceed the estimated
bandwidth. Thus, the bandwidth constraint is :

X

8f 2 F

sf +
X

8g2 G

sg � B (3.1)

The objective function includes contributions from the real-time frames and the past frames.
For a real-time framef 2 F , the contribution to the objective function is

w0 � Qf (sf ) (3.2)

For a past frameg 2 G, the contribution to the objective function is

wg � max(Qg(sg); Rg) (3.3)

Note that the weightswg are different for each frameg 2 G.
The net objective sums up the contribution from each of the real-time frames and the past

frames:

obj =
X

8f 2 F

w0 � Qf (sf ) +
X

8g2 G

wg � max(Qg(sg); Rg) (3.4)

Since the real-time frames serve as a base for delayed playback as well, the transmission of
a real-time frame bene�ts all delays. Similarly, a quality-enhancing retransmissions at a delayd
is useful for all viewing delays that are greater thand. Thus, we set the weights for the real-time
frames (w0) and the past frames (wg) in the objective function as follows.

w0 =
X

d

N(d); wg =
X

d>d g

N(d) (3.5)
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The functionsQi that maps size to SSIM for a framei is typically a non-linear curve (e.g.,
Figure 3.3) and can vary signi�cantly across frames. We approximate these curves as piece-wise
linear functions in the formulation of the mixed-integer program. Since the number of frames
that can be encoded inP seconds is limited, we additionally limit the number of retransmissions
to jF j. This ensures that the computational requirements of encoding the quality-enhancing
retransmissions does not exceed that of the real-time frames.

3.5.2.2 Bitrate-SSIM curve estimation

Recall from Section 3.5.2.1 that the optimization problem uses bitrate-SSIM curves of all frames
that are candidates for scheduling (i.e.,Qg for retransmissions andQf for real-time frames).
This is required so that the optimization can make informed choices when reducing the real-time
quality to improve the quality of past frames.

Vantage uses a regression heuristic to estimate these curves from previous encoding data.
We use a function of the formQ(s) = 1 � 1

a�s+ b since it captures the concave non-decreasing
behavior (fora > 0; s > � b

a ) typical of bitrate-SSIM curves (e.g., Figure 3.3). Parametersa andb
are computed separately for each frame based on its observed size and SSIM when the frame has
already been previously encoded (i.e., for real-time or for quality-enhancing retransmissions).
These parameters are updated each time a frame is re-encoded for retransmission. However,
bitrate-SSIM information is not available for future real-time frames because they have not yet
been captured. Hence, for the future frames, we use the EWMA values of the past parameters for
computing the parameters ofQf 8f 2 F because frames that are temporally local have similar
content, and thus similar bitrate-SSIM curves.

3.5.2.3 Optimizer performance

A preliminary evaluation of Vantage with a scheduling periodP = 2 s indicated that the mixed-
integer solver often fails in �nding an optimal solution within 2 seconds whenjGj is large. One
alternative is to increase the scheduler periodP, but this results in worse performance due to the
scheduler receiving stale bandwidth estimates. This is further discussed in Section 3.7.5. Instead,
Vantage �ltersG using a heuristic and only generates the variables in the mixed-integer program
for the 200frames with the worst SSIM. Furthermore, we do not restrict the frame sizes to be
integers, and instead use an integer approximation for the continuous solution. We �nd that using
P = 2 secondsalong with these approximations leads to the optimizer generating high-quality
schedules: 98.5% of optimization windows in our evaluation result in a schedule that is within
1% of the optimal solution.

3.5.3 Mitigating bandwidth estimation error

As described in Section 3.5.2, Vantage's scheduler generates an encoding and transmission
schedule forP seconds in the future based on an estimate of the future network bandwidth.

Since the optimizer uses a bandwidth estimate measuredP seconds before the scheduled
frames are transmitted, the true available bandwidth may differ at the time when the scheduled
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frames will be transmitted. Left uncorrected, the use of a schedule generated from a mispredicted
bandwidth estimate will lead to sub-optimal use of the network.

To mitigate the effects of bandwidth misestimation, Vantage's execution engine makes adjust-
ments to the generated schedule prior to transmitting the frames. When the bandwidth estimate
used to generate the schedule under-estimated the amount of bandwidth available at transmis-
sion time, Vantage's execution engine keeps the network saturated by increasing the bitrate of
the real-time video compared to the optimizer's schedule, but only if the retransmissions sched-
uled in that iteration have been completed.

On the other hand, when the bandwidth estimate used to generate the schedule over-estimated
the amount of bandwidth available at transmission time, the execution engine prioritizes trans-
mission of real-time frames: frames scheduled for retransmission at that time are discarded and
real-time frames are encoded at a bitrate lower than that speci�ed by the scheduler so as to avoid
over-saturating the network. Prioritizing real-time transmission in the event of bandwidth over-
estimation ensures high QoE for all time-shifted viewing delays, as real-time frames would be
available for viewing at all delays, whereas retransmitted frames only bene�t viewers watching
with a time-shifted delay.

3.5.4 Encoding retransmissions

Frames that have been scheduled for retransmission at a particular time may not be temporally
close to the real-time frames scheduled at the same point in time. This presents a challenge for
encoding Vantage's output stream because video encoding algorithms rely heavily on the similar-
ity between successive frames to achieve good compression ratios. Using the same encoder for
transmitting both the real-time video and the retransmissions would result in poor compression,
as the content in the retransmitted frames may differ signi�cantly from real-time frames.

To address this challenge, Vantage uses two separate encoders for compressing real-time and
retransmitted frames. Real-time frames are encoded in the order in which they were captured.
Quality-enhancing retransmissions are encoded by a separate encoder based on the schedule de-
termined by the optimizer. Though retransmissions could be temporally far from one another,
we note that network impairment events commonly affect groups of neighboring frames. Thus,
if a particular frame is a good candidate for retransmission, it is more likely that its neighboring
frames are also good candidates for retransmission. We, therefore, add an additional regular-
ization objective to the optimization formulation to favor scheduling consecutive sequences of
frames among the retransmission candidates for quality-enhancing retransmissions.

3.5.5 Reducing memory overhead

Vantage keeps previously transmitted frames in memory so that they can be re-encoded as
quality-enhancing retransmissions at a later time. Na�̈vely storing raw video frames in mem-
ory is impractical for uploads initiated from a mobile device; the size of a raw frame can be as
large as 1.5 MB, thus requiring more than a gigabyte of memory for 30 seconds of video.

To address the high cost of storing raw video frames, Vantage compresses raw frames as
lossless I-frames using a tertiary encoder prior to storing in memory. This allows Vantage to
maintain a low memory footprint, but incurs additional computational cost. We believe that
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this is an appropriate trade-off as hardware accelerated encoding and decoding solutions are
commonly available today, though we note that this design choice is not required by Vantage's
framework.

3.5.6 Discussion

In this section, we brie�y discuss required changes to the upload endpoint to support Vantage
and how Vantage would differ with the availability of an SVC codec.

Upload endpoint modi�cations. Recall from Section 3.3.1 that an SLVS upload stream is
terminated at an upload endpoint, which decodes the stream and re-encodes it into small video
segments for ef�cient delivery to the viewers over content delivery networks (CDNs) [37].

While the changes proposed in Vantage allow backward compatibility with real-time stream-
ing systems, the upload endpoint must be able to handle Vantage's quality-enhancing retransmis-
sions. This requires the upload endpoint to re-transcode past video segments whenever quality-
enhancing retransmissions for that segment are received, and to disseminate these higher quality
video segments to the CDN. As described in Section 3.5.4, Vantage's scheduler penalizes retrans-
missions that are spread apart, which helps limit the rate at which past video segments need to be
updated. Requiring only these minor changes to the upload endpoint makes Vantage well-suited
for current SLVS architectures.

Scalable video coding.Vantage's approach of sending quality-enhancing retransmissions
bears similarity to the enhancement layers used in scalable video coding (SVC) techniques. In-
deed, Vantage's design could be simpli�ed by using an SVC codec, since the video would only
need to be encoded once, and storage of high-quality frames would not be necessary. Despite
these bene�ts, we have chosen not to design Vantage speci�cally for SVC codecs because

1. SVC codecs are not widely adopted, limiting hardware-accelerated encoding support, and

2. while simple SVC schemes with coarse grained scalability do not have signi�cant over-
head, �ne grained SVC schemes have poor compression ef�ciency and are signi�cantly
more compute intensive compared to non-layered codecs.

Even in the absence of the aforementioned downsides of SVC, the use of SVC alone cannot
overcome the challenges involved with optimizing the video upload for multiple time-shifted de-
lays. An SVC based live video upload mechanism would still need to make bandwidth allocation
decisions between the real-time base video stream and the enhancement streams, and also choose
which frames to retransmit. While the ability to encode the video only once and not having to
store high quality frames is an advantage of using SVC, the use of non-layered codecs is better
in some situations. When retransmitting a sequence of contiguous frames, encoding a P-frame
with a high quality past frame as the reference is often more ef�cient than encoding the frame
with a low quality version of itself as the reference frame.

While SVC provides some clear bene�ts, we believe compatibility with standardized codecs
and hardware is more important for adoption in the real world today. We would only need to
make minor tweaks to the optimization formulation used in Vantage's scheduler for generating
optimized schedules for SVC codecs.

Overhead of two encoders.Vantage's approach of using two separate encoders to compress
real-time frames and quality-enhancing retransmissions is computationally expensive. We be-
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lieve this overhead is well-justi�ed: Vantage gains signi�cant improvements in the QoE across
multiple viewing delays for SLVS applications, and the trend of increasing hardware acceleration
support further justi�es this tradeoff.

3.5.7 Implementation details

We have implemented Vantage in C++, with the scheduler using the Gurobi [58] library to solve
the optimization problem. To reduce computational requirements, we limit Gurobi to run on a
single core and the execution engine to run on a single thread. Vantage uses the VP8 encoder
from Salsify [14] because it provides a convenient API for controlling the size of each frame. For
performance reasons, Vantage compresses the high-quality frames and encodes real-time frames
and the quality-enhancing retransmissions in parallel.

3.6 Evaluation Methodology

We evaluate Vantage and compare its performance to conventional live video upload techniques
for SLVS applications.

3.6.1 Metrics

Vantage is designed to improve the quality of video playback across the various time-shifted
viewing delays by replacing low quality frames with high-quality versions and �lling in the gaps
caused due to skipped frames. While Vantage's scheduler is designed to optimize the SSIM [59]
metric, Vantage can support other frame level reference metrics (like PSNR, etc.). We use the
SSIM metric when measuring the quality of a single frame and use the SQI-SSIM [60] metric
to compute an overall video quality score from the SSIM values of the individual frames. Most
objective video quality metrics do not consider the effect of stalling when calculating video
quality [61]. SQI-SSIM is a uni�ed metric that takes into account the full reference quality of
each frame and also the duration and frequency of video stalls. SQI-SSIM uses an exponential
decay function instead of zeros to �ll in the SSIM of missing frames. Thus, shorter stalls have
a smaller effect on the overall video quality. When video playback resumes after a stall, the
SSIM of the subsequent frames are penalized according to an exponential decay function, thus
accounting for the frequency of stalls. We note that Vantage can support other video quality
assessment metrics (such as PSNR).

3.6.2 Baselines

While there is signi�cant prior work on optimizing video streaming for the individual cases
of live streaming and VOD-style video streaming, we are not aware of any prior research on
optimizing video quality simultaneously for real-time streaming and time-shifted viewing of the
streams. Vantage is designed to work with existing congestion control and video coding systems
and enhance the performance of these systems for scenarios involving time-shifted viewing of
live streams, and is not meant to be a standalone end-to-end solution for SLVS video upload.
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We compare Vantage to the best case performance for low latency streaming and VOD-style
streaming using an idealized model for bandwidth estimation and congestion control:

Low latency streaming (Base-RT).Existing low latency optimized streaming systems like
WebRTC and Skype maintain low latency by conservatively utilizing the network bandwidth to
prevent network saturation. Recent approaches like Salsify [14] utilize the network better by
matching the instantaneous network estimate through tight coupling of the video encoder and
the transport protocol. Base-RT models these systems by encoding individual video frames at a
bitrate that closely follows the real-time network estimate. This results in optimal video quality
performance for low latency streaming.

Buffered streaming (Base-Delay).The use of larger buffers at the sender enables a stream-
ing application to encode video at the average network bandwidth. This is similar to conventional
ABR based video streaming solutions like HLS [10] and MPEG-DASH [9], which split the video
into small segments where each segment is encoded at a speci�c bitrate. To model the charac-
teristics of streaming techniques that use buffers and slower rate adaptation, we use a window of
30 secondsto compute the average bandwidth and encode the video at this bitrate. This results
in optimal video quality for cases where a delay of30 secondsis acceptable.

Talking Heads City Panning Animation
Trace Delay Base-RT Base-Delay VantageBase-RT Base-Delay VantageBase-RT Base-Delay Vantage

Verizon
LTE

Real-time 0.8885 0.5854 0.8750 0.8003 0.6479 0.7792 0.9279 0.7504 0.9225
30s delay 0.8896 0.9552 0.9438 0.8012 0.8472 0.8306 0.9290 0.9818 0.9834

(0.8890) (0.7703) (0.9094) (0.8008) (0.7475) (0.8049) (0.9284) (0.8661) (0.9529)

AT&T
LTE

Real-time 0.5638 0.2236 0.5538 0.5224 0.4008 0.4880 0.6511 0.4370 0.6648
30s delay 0.5705 0.9098 0.8155 0.5285 0.7198 0.6760 0.6576 0.9600 0.9327

(0.5672) (0.5667) (0.6846) (0.5254) (0.5603) (0.5820) (0.6543) (0.6985) (0.7987)

TMobile
UMTS

Real-time 0.4957 0.1942 0.4604 0.3371 0.0965 0.3199 0.5055 0.1390 0.4833
30s delay 0.5054 0.6774 0.5840 0.3451 0.4834 0.4011 0.5169 0.7322 0.6143

(0.5005) (0.4358) (0.5222) (0.3411) (0.2899) (0.3605) (0.5112) (0.4356) (0.5488)

Table 3.1: SQI-SSIM achieved by the baselines and Vantage for each combination of the videos
and the network traces. In each case, the average SQI-SSIM across delays (indicated within
parentheses) is the highest for Vantage (bolded).

3.6.3 Evaluation setup

We evaluate Vantage with a combination of videos and network traces with different character-
istics. Our experiments were run on a machine with Intel(R) Xeon(R) processors, limiting the
Gurobi [58] solver to a single core for emulating computational limits in mobile environments.
Unless otherwise speci�ed, we evaluate Vantage for a uniform time-shifted viewing delay dis-
tribution for the optimization described in Section 3.5.2.1 and use a2 secondperiod for the
optimizer. This choice is further discussed in Section 3.7.5. We evaluate the effects of different
distributions of the time-shifted viewing delays in Section 3.7.3. We run the live streams for
150 secondsand ignore the data for the last 30 seconds, since the measurements for the last 30
seconds may be affected by the early termination of the program. We repeat videos and traces
that are shorter than150 secondsuntil the entire simulation is complete.

Videos. We chose three videos spanning three distinct video styles from the Xiph.org Test
Media repository [4] for our evaluation.
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