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Abstract

The use of live video streaming applications over mobile, wireless networks continues
to grow [136]. In these applications, a sender (e.g., cameraperson) streams video to a
receiver (e.g., video service such as Youtube or a television station), and the receiver dis-
seminates the video to the viewers. Live video streaming over wireless (3G, LTE, 5G) links
is challenging since these links often experience fluctuating latency and available band-
width. Furthermore, as the bandwidth demands of these applications continue to increase,
a single, wireless network link may be unable to continuously stream video that satisfies
the viewers’ Quality of Experience (QoE) requirements. Multi-homing is a potential so-
lution that offers applications additional bandwidth through aggregation and the ability
to circumvent congested paths. Although there are a number of commercial multi-homed,
adaptive live streaming solutions, their proprietary nature makes it difficult to understand
their design trade-offs and evaluate their effectiveness. Furthermore, many multi-homed
transport protocols are not designed for latency-sensitive data, do not adapt the video
bitrate to changing network conditions, or require significant adjustments if used in a dif-
ferent environment from their original design (e.g., number or type of links). In this thesis,
we explore solutions to the challenges of multi-homed, adaptive live video streaming.

Firstly, accurate bandwidth measurements are important because they indicate the
maximum video bitrate that the available links can send while avoiding congestion. A
packet train is a common measurement technique that sends a series of packets and uses
the packets’ inter-arrival time to measure the available bandwidth. However, packet train
measurements are inaccurate due to kernel interrupts [66, 133, 98]. In this thesis, we
propose our PacketBurst bandwidth measurement technique to improve the accuracy of
the packet trains. This technique detects packet inter-arrival times that are affected by
kernel interrupts and would yield inaccurate bandwidth measurements. Our PacketBurst
technique excludes these packets from the bandwidth measurement calculation to improve
the accuracy of the packet train. In addition to accurate bandwidth measurements, video
streaming protocols can also benefit from future link quality predictions so that they may
preemptively reduce the video bitrate or change network paths to avoid video stream
disruptions. This thesis evaluates various machine learning techniques for classifying or
predicting link instability, which we define as sudden increases in application-level packet
loss and latency, or decreases in available bandwidth over a short, pre-determined period
of time.

Secondly, using both video bitrate adaptation and multi-homing can greatly improve
the live video streaming application’s user QoE by avoiding congestion that results in ex-
cessive delay or by providing high video bitrates through link aggregation. In this thesis,
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we present Conflux: a modular, multi-homed, adaptive video bitrate protocol for live video
streaming. Conflux uses a probabilistic link quality model that is used in conjunction with
a user-specific utility function to determine the video bitrate and the rate at which to
send on each link. By using a simple, yet general, probability-based link quality model,
Conflux can easily support different requirements and environments such as the number of
links by just maximimizing the expected utility. We evaluate Conflux in an emulated net-
work environment where the available bandwidth comes from variety of wireless network
traces [97, 118, 145], and the maximum available bandwidth is 38 Mbps. Our evaluation
shows that Conflux can obtain at least an 18% improvement when there are two available
links, and 65% when there are five available links over its non-optimal, multi-homed com-
parison systems that have oracle-based knowledge of either each link’s available bandwidth
or the total aggregate available bandwidth.

Finally, resending delayed data on alternate, non-congested paths and sending redun-
dant data using Forward Error Correction (FEC) can enable a video frame to arrive on
time in the presence of deteriorating link quality or link failures. However, determining the
degree of redundancy while effectively making use of the available bandwidth so that users
can have high QoE is challenging. In this thesis, we introduce extensions to Conflux that
support retransmission and FEC. We present our method of calculating the probability of
on-time video data arrival for a given redundancy level using Conflux’s probabilistic link
quality model. This allows Conflux to select the degree of redundancy and corresponding
video bitrate that maximizes the user’s expected utility. Our evaluation shows that using
Conflux’s redundancy-specific user utility functions lowers the percentage of incomplete
frames 11% to 0.02% in network environments that experience packet loss according to the
Gilbert-Elliot loss model.
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Chapter 1

Introduction

Recent trends have shown that live video consumption is becoming more popular and
widely used in our society [9]. Examples of popular live video streaming applications
include Youtube Live, InstaLive, Twitch, and on-site newscasting. These applications
typically demand low delay and high video bitrate. Low latency is necessary so that the
video stream remains relevant with respect to the current event, and high video bitrate is
needed to achieve high video quality so that viewers can have their Quality of Experience
(QoE) requirements satisfied.

In on-site newscasting, the video person captures and sends video to the television
station for rebroadcast [49]. Traditional methods for streaming news events use produc-
tion trucks which comprise an antenna that streams video over microwave technologies or
satellite. These solutions are expensive and require a direct line of sight to the television
station or the relaying satellite. Streaming live video over wireless (e.g., 3G, LTE, 5G) is
an alternate solution that affords the on-site news reporter greater physical freedom as it
requires less set up time, and it is also less expensive since it reuses existing infrastructure
to deliver the video stream.

Although live video streaming over wireless networks has many advantages over using
a television production truck, it is challenging because wireless networks experience highly
variable available bandwidth and latency. This is primarily caused by fluctuating signal
strength due to physical barriers (e.g., weather) [18] and by an influx of users since the
available bandwidth is divided among all users in the same area [102, 163].

Adaptive video bitrate protocols that select the video bitrate based on numerous signals,
such as network link conditions, can help the streaming application adapt to highly variable
network conditions. Although there are many existing adaptive video bitrate protocols for
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on-demand video streaming (Dynamic Streaming over HTTP or DASH), they may not
be suitable for on-site live newscasting. Firstly, many adaptive video bitrate protocols for
DASH rely on large buffers to mitigate the impact of changing available bandwidth and use
buffer occupancy to decide the video bitrate. This is not suitable for live video streaming
since live streams require low delay so that the content remains relevant to the viewer.
Furthermore, DASH protocols require the video to be transcoded to multiple bitrates, and
the adaptive video bitrate protocol selects one of these bitrates based on network conditions
and buffer occupancy. However, this setup is not ideal for the live environment as there
may not be sufficient time or resources, such as hardware encoders, to create multiple
encodings.

Many of these adaptive video bitrate protocols are also designed to be only used with a
single and stable wired link. Protocols that use a single link are referred to as single-homed
protocols. In single-homed video streaming, adaptive video bitrate protocols have limited
options to mitigate a drop in available bandwidth or an increase in delay. Using multiple
wireless links greatly expands the potential options that an adaptive bitrate protocol can
undertake as there are now opportunities for bandwidth aggregation and for circumventing
congestion by avoiding poor quality links. These techniques can improve the video stream’s
on-time arrival rate and increase the stream’s bitrate. Finally, multiple links can also be
used to provide redundancy for the video stream. If the video stream is fully replicated,
then the application would be able to tolerate complete link failures. Protocols that use
multiple links concurrently to stream video and redundant data are referred to as multi-
homed protocols.

A number of commercial solutions are currently available to news broadcasters that use
multiple wireless links [143, 51, 35]. These solutions are proprietary, and many require
specialized hardware. This makes it difficult to understand their design trade-offs and to
evaluate their effectiveness. Several non-commercial solutions, such as FRA-JSCC [148]
and SCTP [65], use link quality metrics (e.g., latency, jitter, loss, and bandwidth) to build
link quality models for multipath scheduling and retransmission. These protocols may
require additional adjustments when the deployment environment (e.g. number, types,
and behaviour of links) differs from the protocol’s design assumptions. Moreover, some
of these protocols also depend on knowing the impact that bitrate and loss have on video
distortion to determine packet scheduling and the degree of redundancy to use, and this
may not be practical for live streaming because the video content is unknown. General-
ized multi-homed transport protocols that offer in-order and reliable delivery guarantees
across multiple links, such as MPTCP, are an alternative to the aforementioned protocols.
Although these protocols do not require additional adjustments for different environments
and provide the necessary guarantees for bulk data transfers, they may not be suitable
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for live video streaming since they may experience more deadline violations than using a
single link because they are susceptible to Head-of-Line (HoL) blocking when any of their
links experience loss or congestion.

Designing a multi-homed protocol that can meet the user’s strict latency requirements
while making efficient use of multiple links is challenging. The protocol must determine
the appropriate degree of redundancy to use for each video frame and the amount of
data to send on each link to avoid deadline violations caused by congestion or signal
loss on one or more links. The protocol must also be scalable with the number of links as
current commercial devices can employ as many as eight wireless network interfaces [43, 35].
Although using multiple links provides many potential benefits, poor scheduling and video
bitrate adaptation decisions may result in worse video quality than if a single link had been
used. Aspects and factors that affect the live video stream include:

• Acceptable delay: Live video streams have low delay requirements so that their
content remains relevant to the viewer. Video data or video frames that arrive past
the user’s maximum acceptable delay, which we refer to as a deadline, are no longer
useful to the video stream because the event has passed. Missed deadlines result in
visual artifacts and interruptions in the video stream.

• Available bandwidth: The available bandwidth determines the rate at which
data can be sent and is an upper limit for the video bitrate. Generally, video streams
with higher bitrates offer higher video quality and user experience than video streams
with lower video bitrates [25].

• Link stability or quality: Ideally, the video stream should not have any visual
artifacts or be interrupted while being viewed. In highly variable wireless network
environments, the available bandwidth may drop such that it is less than the video
bitrate. Consequently, these fluctuations may introduce latency that cause missed
deadlines which result in visual artifacts and interruptions.

• Amount of recovery or redundant data: Multi-homing offers additional oppor-
tunities to use redundancy that can improve the on-time video arrival rate as data
sent on a congested link still has the opportunity to arrive on time on another link.
However, using redundancy reduces the amount of available bandwidth that can be
used to obtain a higher video bitrate.

• Video encoder settings and video content: Single-pass video encoders, which
are common for live streaming applications, do not generate data at a fixed rate. The
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video encoder’s generated data rate may vary from their target bitrate. A protocol
should adapt to the amount of video data that the encoder produces so that the
video stream does not experience congestion if the encoder produces more than the
expected amount of video data.

• Financial costs: Users may have different bandwidth usage budgets and may not
want to expend data for higher bitrates or for redundancy. This is because sending
data over wireless LTE links has an inherent financial cost. A live video streaming
protocol should ensure that the user does not exceed its budget.

• User preferences: A user may want to trade off a higher bitrate in favour of a lower
likelihood of experiencing congestion and vice versa, and this can be accomplished by
either sending redundant data or sending at a lower bitrate. Ideally, a video streaming
protocol should satisfy different user preferences without requiring the entire system
to be redesigned.

Consideration for the aforementioned factors is imperative when creating customizable,
multi-homed adaptive video bitrate protocols for delay-sensitive video.

1.1 Thesis Contributions

Constructing protocols for adaptive, live video streaming in the multi-homed environment
requires addressing the following problems and research challenges:

Link Quality Characterization: A video streaming application would ideally
stream at a bitrate that is equal to its link’s maximum available bandwidth. Accurately
measuring a link’s maximum available bandwidth is challenging as many works have found
that kernel interrupts can cause interrupt coalescing which result in measurement inaccu-
racies [85, 110]. In this thesis, we present a solution to improve the accuracy of bandwidth
measurements by removing inaccuracies caused by interrupt coalescing.

If the link’s quality deteriorates between raw image capture and video frame generation,
the video frame may not be able to arrive within its user’s delay requirements due to insuf-
ficient available bandwidth or increased link delay. Predicting the link’s ability to maintain
its current available bandwidth and delay conditions is an important challenge to address
as it enables the application to determine if it should preemptively reduce the video bitrate
or move the video stream to an alternate path. We present our method of constructing
attributes that capture the trends of various network metrics (e.g., bandwidth, latency,
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signal strength, etc.) which we use to train machine learning models. We also evaluate
the ability of statistical machine learning models to predict link instability which include
drops in available bandwidth, increases in link delay, and the presence of application-level
packet loss.

Video Bitrate Adaptation in Multi-homed Environments: There is an inher-
ent trade-off between fully utilizing the link to obtain the highest possible video bitrate and
quality and sending at rates lower than the links’ available bandwidth to avoid congestion
and improve the probability of on-time video data arrival. The amount of data sent on each
link directly affects the video stream’s maximum, achievable video bitrate. Determining
the appropriate trade-offs that maximize end-user QoE is challenging in multi-homed en-
vironments as link quality is heterogeneous and changes quickly. In this thesis, we address
the challenge of video bitrate adaptation in multi-homed environments to determine the
trade-offs that provide the user with the highest expected user QoE.

Recovery Mechanisms: Recovery data, such as retransmitted or redundant data,
can be used to alleviate the impact of network congestion and packet loss. However, sending
additional data comes at a cost of a reduced video bitrate and additional bandwidth usage
which has an inherent financial cost. Determining the amount of recovery data to use
during the video stream is challenging as an adaptive video bitrate protocol must consider
the links’ quality and the trade-offs of using additional recovery data. We present a model
that characterizes the benefit of using redundant data and show when recovery mechanisms
are effective at preventing delayed video data.

1.1.1 Link Quality Characterization

Because bandwidth measurements and link quality prediction are important to consider
when determining how much to send on each link, this chapter makes the following con-
tributions:

PacketBurst Bandwidth Estimation

Existing bandwidth estimation techniques can be classified as either self-loading periodic
streams or packet trains [110]. Self-loading periodic stream-based bandwidth measurement
techniques [22, 66, 117, 154] temporarily saturate the available link until the maximum
achievable bandwidth is determined by the presence of additional queuing delay or the
lack of an acknowledgement. Using this technique for latency-sensitive data can temporar-
ily congest the link, delay data, and cause undesired link-layer re-transmission. These
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techniques are not suitable for measuring the available bandwidth while streaming live
video because their use can cause video data to be delayed, which results in visual artifacts
that lower user QoE. Alternatively, packet-train estimates send a group of packets in short
succession of each other, and the bandwidth estimate is calculated using packet inter-arrival
time. This technique is more suitable for live video streaming than self-loading periodic
streams because it does not require congesting the link; thus, it has a lower likelihood of
causing delayed video data. Furthermore, this technique can be easily integrated into the
live video stream as applications can send the video data as a packet train.

Packet-train estimations rely on accurate packet arrival timestamps collected by the
receiver. One option is to use hardware or Network Interface Card (NIC) timestamps, which
are generated at the network adapter upon packet arrival [3]. However, NIC timestamping
is not universally available on all adapters and devices.

Kernel timestamps are an alternative to hardware timestamps and are preferable to
user timestamps as they do not reflect inaccuracies caused by CPU application scheduling.
However, using kernel timestamps does not account for other handling delays such as the
time between packet arrival and servicing. For example, as packets arrive at the NIC,
the NIC generates a kernel interrupt; however, the packet’s kernel timestamp refers to
when it was serviced by the kernel, not when it arrived at the NIC. Due to the scheduling
delay between packet arrival and kernel service, multiple packets may arrive before the
first packet’s interrupt is serviced.

Multiple packets serviced by a single interrupt are assigned the same timestamp or
timestamps that differ by a few microseconds. Using this packet inter-arrival time for
calculating the available bandwidth results in significant overestimation. We refer to this
phenomenon as packet coalescing. The discrepancies between packet arrival and servicing
are present in many bandwidth estimation techniques. In works such as [66], inaccurate
packet-train measurements that exhibit packet coalescing are discarded. Discarding esti-
mates results in wasted probing. Furthermore, if estimates are required by the application,
discarding estimates may also result in the application having to use an older or stale
estimate. This may result in bandwidth underutilization or congestion.

We present the PacketBurst bandwidth estimate technique that accounts for kernel
interrupts when determining the available bandwidth. The main contribution of Packet-
Burst is to remove inaccuracies in packet train bandwidth estimate calculations that are
caused by kernel interrupts. We observe that consecutive packets in packet trains may
have exceedingly small differences in their receive timestamps. Using these timestamps in
a packet train bandwidth estimate calculation can result in an inaccurate estimate. We
identify four cases where kernel interrupts impact the packet train’s receive timestamps,
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and we show how to address the timestamp inaccuracies of each case using our PacketBurst
technique. We show that PacketBurst estimates can reduce measurement errors of packet
trains. When using six MTU-sized packets to estimate available bandwidth, the Packet-
Burst technique experiences an 2.75% error whereas packet trains experience a 21.6% error
when the available bandwidth is 20Mbps.

Link Stability Prediction

To ensure a smooth, high-quality video stream while using highly variable links, many video
streaming applications employ adaptive video bitrate protocols that predict the available
bandwidth [94, 120, 171] and adjust the bitrate accordingly. Many of these works do not
consider other aspects of link quality such as latency and loss. However, these aspects
must also be considered because an increase in latency can cause video to arrive past its
deadline and stall, and the presence of packet loss can cause artifacts in the video stream.
The ability to predict link instability, which we define as sharp increases in latency and
application-level packet loss, or sudden drops in available bandwidth over a short period
of time, is advantageous for adaptive video bitrate protocols. These protocols can use link
instability predictions to reduce their bitrate or to send redundant data to ensure that
their data arrives on time. Furthermore, as multi-homing becomes more common [84],
adaptive video bitrate protocols can use this information to determine when to move the
video stream to another link. These link instability predictions can be made using ML
techniques.

We evaluate various Machine Learning (ML) techniques for classifying or predicting
link instability. To train and evaluate these ML techniques, we first construct attributes
from raw wireless LTE traces. These attributes include statistical summaries (e.g., average
and standard deviation) and trends (e.g., slope and correlation) of various network metrics.
We then determine the attributes that provide the greatest predictive ability to construct
our ML examples for training and testing. Using these ML examples, we evaluate the
predictive capability of various ML techniques. We find that we can predict up to 46% of
sudden bandwidth drops using a decision tree, 40%-100% of increases in application-level
packet loss, and 40%-100% of spikes in latency while maintaining false positive rates below
0.1. In general, we find that Decision Trees and K-Nearest Neighbours techniques provide
the highest classification rate while incurring low false positive rates.

Both bandwidth measurement and link quality predictions important tools in determin-
ing each link’s sending rate which is fundamental for mutli-homed scheduling and video
bitrate adaptation.
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1.1.2 Video Bitrate Adaptation in Multi-homed Environments

Constructing a generalized and scalable protocol for video bitrate adaptation in multi-
homed environments is challenging due to link heterogeneity and different end-user pref-
erences. To address this challenge, we introduce Conflux: a multi-homed adaptive bitrate
protocol for on-site, live video streaming over wireless networks. Conflux has a modular
design that encapsulates link quality characterization, packet scheduling, and video bitrate
adaptation into different, independent modules. This approach enables Conflux to support
different configurations (e.g., number or types of links) or user preferences with changes
that are localized to a single module.

This degree of modularity is possible from the use of a new link quality abstraction
that is based on statistical measures which we refer to as the PSuccess function. This
function maps sending rates to the probability that the link can support the the input
rate while meeting the user-specified deadline. Using the PSuccess function for all of the
available links, Conflux determines a configuration, which consists of the sending rate on
each link and the video encoder’s bitrate, that maximizes the user’s utility based on their
provided utility function. Utility functions are tailored to individual users such as high-
action sportscasters who prefer high video quality or interactive streamers who prefer fewer
dropped frames. Conflux differentiates itself from other multi-homed, live streaming proto-
cols with its design as it can and adapt its protocol to different hardware settings, network
types, and user requirements with minimal changes to the core framework. Furthermore,
Conflux is able to scale with the use of additional links without requiring protocol changes.

Conflux constructs the link’s PSuccess function by observing its success in delivering
data at different rates. We say that a link is unable to deliver at a rate if some of its video
data cannot arrive by the user-specified deadline. Higher rates are explored through a
multi-link optimized, non-disruptive approach that probes one link at a time using redun-
dant data. This allows Conflux to continue to stream video on other paths and to avoid
missed deadlines if the probed link experiences congestion. Probability values are used by
Conflux to directly determine the expected improvement from changing the sending rate.

Using the links’ PSuccess functions, Conflux determines the sending rate on each link
and the video bitrate. Conflux works in conjunction with the streaming application’s video
encoder by providing it with the target video bitrate; however, the encoder may generate
frames that are larger than requested [73, 82]. Immediately sending these frames may
cause congestion, and buffering them increases their delay which could result in missed
deadlines. To address this, Conflux dynamically reduces the target bitrate based on the
sender-side buffer occupancy, and the target bitrate does not exceed the video bitrate as
determined by Conflux. This causes the encoder to generate frames that are sufficiently

8



small for Conflux to drain the sender-side buffer. This mechanism effectively works around
a limitation that is common in single-pass video encoders.

We have implemented the Conflux protocol as a standalone library that allows appli-
cations to support live video streaming according to their preferences. Conflux makes the
following contributions:

• An abstraction that represents link quality as a probability, which allows our system
to directly quantify the trade-offs of different streaming and encoding settings.

• A modular system design for multi-homed video bitrate adaptation that requires
minimal changes for additional links, different types of links, and users with varying
requirements.

• Approaches the video quality of optimal video streaming systems, and at least a 13%
improvement in video quality, expressed using the Video Multimethod Assessment
Fusion (VMAF) metric, over other non-optimal, multi-homed comparison systems
that have oracle-based knowledge of either each link’s available bandwidth or the
total aggregate available bandwidth.

1.1.3 An Exploration on Recovery Mechanisms

It is important to use recovery mechanisms such as retransmission and redundancy to
ensure that video data arrives on time. This is because delayed data can cause visual
artifacts in the video stream, and these visual artifacts result in significantly lower user
QoE [139].

We investigate two main recovery strategies that can prevent the video stream from
incurring delayed data: retransmission and redundancy in the form of Forward Error Cor-
rection (FEC). We introduce retransmission to Conflux by resending packets that have not
been acknowledged within a pre-determined period of time (i.e., four round-trips on the
link that the packets were sent).

We also introduce redundancy using FEC to proactively protect the video stream
against deadline violations caused by unexpected delays and congestion on one or more of
the used paths. By sending redundant video data on multiple paths, video data may still
be on-time even if one or more paths experience congestion. We introduce redundancy in
Conflux using a block FEC code. The amount of redundancy is expressed as the coding
rate which is the ratio of the amount of non-redundant (i.e., original) data to the total
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amount of data sent. Because of the probabilistic interface offered by each link’s PSuccess
function, Conflux can dynamically determine the coding rate that maximizes expected
end-user utility.

We investigate Conflux’s ability to deliver video data by the user’s acceptable delay
and the effectiveness of its recovery mechanisms in various network environments. We first
evaluate Conflux in network environments that have retransmission mechanisms at the link
layer, which is common for LTE [59, 19]. Furthermore, we also evaluate Conflux in network
environments where lost packets are not retransmitted by the link layer. Without any
underlying retransmission mechanisms, the video stream fully relies on Conflux’s recovery
mechanisms to prevent lost data. This allows us to illustrate Conflux’s ability to deliver
data by the user’s acceptable delay for other types of network environments such as WiFi.
To measure Conflux’s ability to deliver data by the user’s deadline, we use the percentage
of incomplete frames, where an incomplete frame is a video frame that is missing video
data due to delay or loss, as our primary evaluation metric.

This chapter makes the following contributions to the area of recovery mechanisms for
video streaming:

• We present extensions to Conflux that enable retransmission and FEC. Furthermore,
we introduce new User Preference modules that ensure sufficiently high redundancy
level to prevent the video stream from experiencing delayed data. These User Pref-
erences can be tailored to the user’s preferred redundancy level.

• We evaluate the impact that Conflux’s recovery mechanisms have on the video stream
in challenging network environments. In a five-link environment that does not drop
packets and experiences large drops in available bandwidth, we find that using re-
covery mechanisms reduces the percentage of incomplete frames from 7% to 2%.

• We show that using recovery mechanisms can significantly reduce the percentage
of incomplete frames in environments that do not retransmit packets at the link
layer. We find that using Conflux without any recovery mechanisms to stream video
results in 91% of incomplete frames in a five-link environment that has 2-5% random
packet loss on each link. Using a redundancy level of 10% lowers the percentage of
incomplete frames to 0.3%
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1.2 Outline

Efficiently using multiple links for live, adaptive video streaming is challenging because
a protocol must determine the amount of data to send on each link, the video bitrate,
and the appropriate level of redundancy so that video frames can be delivered within the
user’s strict latency requirements. In this thesis, we explore solutions to the challenges of
multi-homed, adaptive live video streaming. This thesis has three main contributions:

• Firstly, we present the PacketBurst bandwidth measurement technique to improve
the accuracy of the packet trains. Accurate bandwidth measurements indicate the
maximum sending rate that a link can support. Furthermore, we evaluate various
machine learning techniques for predicting link instability. These predictions can be
used by adaptive video bitrate protocols to preemptively lower the video bitrate to
avoid congestion. Multi-homed transport protocols can use these predictions to move
the video stream to an alternate path.

• Secondly, we present Conflux: a multi-homed adaptive video bitrate protocol for live
video streaming. Conflux differentiates itself from other multi-homed, live streaming
protocols as it introduces a generalized approach to the multi-homed, adaptive live
video streaming challenge. Its design enables it to be adaptable to different hardware
settings, network types, and user requirements with minimal changes to the core
framework.

• Finally, we present and evaluate recovery mechanisms extensions to Conflux. We
show that these recovery mechanisms can lower the percentage of incomplete frames
in many different network environments.

Chapter 2 presents related work pertaining to bandwidth estimation, adaptive video
bitrate protocols, live streaming protocols, and multi-homed transport protocols. Chap-
ter 3 presents PacketBurst and our evaluation of machine learning techniques to predict
link instability. Chapter 4 presents the Conflux system. Chapter 5 presents recovery mech-
anisms such as retransmission and redundancy to Conflux, additional redundancy-based
user preferences, and an in-depth evaluation of Conflux in various network environments.
Finally, Chapter 6 describes future research directions and summarizes the contributions
of this thesis.
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Chapter 2

Related Work

This chapter first provides background on different video streaming applications. We then
describe research in the area of bandwidth measurement, link quality characterization, and
low-latency, adaptive multi-homed video streaming. We find that there are few works that
present systems for low-latency, adaptive multi-homed video streaming. Nonetheless, there
are many relevant research areas that address a single challenge found in this application.

2.1 Background

Popular video streaming applications can largely be classified as either live or on-demand
(e.g., Netflix, YouTube). The focus of this thesis is on live video streaming where video
content is captured at the sender and delivered to the receiver. However, we also provide
background Dynamic Adaptive Streaming over HTTP (DASH) for on-demand video as
most adaptive video bitrate protocols are designed for this application.

2.1.1 Live Video Streaming

Live video streaming involves capturing and streaming video footage of an event in real-time
or near real-time. In the case of on-site, live newscasting, which is the focus of this thesis,
many commercial offerings provide sub-second latency [50, 89] to allow for interactivity
between the sender (i.e., news reporter) and the receiver (i.e., television station or news
anchor).

12



In this application, video footage is encoded at the sender, sent over the network, and
decoded at the receiver. Video encoders, such as x264 [109], generate encoded video frames
that are sent over the network. Video frames have different priorities, and a video frame’s
priority is referred to as its type. A video frame’s type is determined by the encoder when
the encoder generates the frame. Video frame types include Independent (I), Predicted
(P), and Bi-directional (B).

Typically, I frames are the most important frames because subsequent frames cannot be
decoded without them. P frames require the previous frame to be decoded, and B frames
require both the previous and subsequent frame to be decoded. Many works consider the
priority or importance of these frames in their protocol design and focus on prioritizing I
frames over P and B to reduce video distortion and to improve on-time video data arrival.

2.1.2 Dynamic Adaptive Streaming over HTTP (DASH) Video

In on-demand video streaming, the video content already exists on a server and is deliv-
ered to the viewer upon request. On-demand videos are often delivered over HTTP. In
HTTP video streaming, multiple versions (i.e., different bitrate encodings) of a video are
maintained at a web server. In order to view the video, the client determines its desired
bitrate and makes HTTP GET requests to retrieve the video at this bitrate. The client
may retrieve the entire video using one GET request, or it may make multiple byte range
requests to retrieve an entire video [132]. Videos may also be broken down into multiple
chunks (i.e., seconds), where each chunk has its own unique Uniform Resource Identifier
(URI). The client retrieves multiple files to play the video.

HTTP video streaming affords many advantages over protocols that directly control the
media stream such as RTSP and RTMP. Firstly, unlike RTSP and RTMP, HTTP video
streaming does not maintain the video stream’s state (e.g., position, network statistics,
etc.). Thus, there is often less communication overhead between the client and its video
server. For example, a client does not communicate with a server as frequently if it retrieves
an entire video through a single GET request. Secondly, video streamed over HTTP can
more easily traverse network address translators and firewalls than RTSP and RTMP.
Finally, using HTTP for video streaming is simpler and more cost-effective since existing
infrastructure already supports webpages as HTTP requests.

Although using HTTP to stream video provides many advantages, progressively down-
loading portions of video using HTTP may cause wasted bandwidth as the client may not
watch the retrieved video (the entire byte range or chunk) to completion. Furthermore,
basic HTTP video streaming systems/applications (where a client progressively downloads
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a video) requires the entire video to exist on the web server so clients may retrieve it.
Thus, without additional developments to using HTTP to deliver video, it cannot be used
for live streaming that requires less than a second of delay.

Basic HTTP video streaming was further developed into Dynamic Adaptive Streaming
over HTTP (DASH, or other wise known as MPEG-DASH) to address the shortcomings
of using HTTP alone to deliver video. In DASH, the client is responsible for monitoring
network conditions and for selecting the highest bitrate that can be downloaded without
rebuffering or stalling.

In DASH, the content’s Media Presentation Description (MPD) maintains a manifest of
the available bitrates, their respective URL addresses, and the video’s available segments.
The client first obtains the MPD to determine the availability, media type, available stream-
ing bitrates, locations on the network and other characteristics of the content. With the
information in the MPD, the DASH client determines the appropriate bitrate and starts
fetching the video or media using HTTP GET requests. MPEG-DASH only defines the
MPD and segment formats. Client behaviour such as bitrate adaptation and playback are
not defined in the standard. Consequently, there has been research in rate adaptation for
HTTP streaming.

2.2 Link Quality Information

Applications found in mobile (e.g., wireless LTE) environments often use links that have
highly variable available bandwidth. This variability is due to fluctuations in signal
strength caused by physical conditions and the wireless network’s shared infrastructure [11,
8, 87, 14]. Sudden decreases in the available bandwidth may cause an application to send
at a rate beyond what its link can support, and this can result in congestion and delayed
data. To avoid congestion and delays, many applications adjust their sending rate in ac-
cordance to their links’ available bandwidth and quality. This section describes works that
measure bandwidth and predict link quality.

2.2.1 Bandwidth Estimation

Adaptive video streaming protocols often use knowledge of their link’s available bandwidth
and condition to determine their video encoding rate. Ideally, bandwidth estimates are
accurate so that protocols do not over-send and cause congestion or under-send and forgo
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higher video quality. Existing bandwidth estimation techniques can be classified as either
self-loading periodic streams or packet trains [110].

Self-loading periodic stream bandwidth estimation techniques such as [66, 117, 154]
temporarily saturate the available link until the maximum achievable bandwidth is de-
termined by the presence of additional queuing delay or the lack of an acknowledgment.
Pathload [66] sends a fleet of streams and employs an idle period between streams to let
the path drain. The receiver checks the measured one-way delays for an increasing trend
between each stream in a single fleet to determine the available bandwidth on a link.
PathChirp [117] induces congestion by sending an exponential flight pattern of probes
called chirps. PathChirp calculates the per-packet estimates of available bandwidth by an-
alyzing the queuing delay of a train of chirps. SLoPS [154] sends probe streams at specific
rates to induce congestion to measure the available bandwidth. The available bandwidth
is determined by the current sending rate and the difference between the sending interval
and the receiving interval. If packets are received within a longer time than they are sent,
then the current sending rate is greater than the available bandwidth.

Using self-loading periodic streams for bandwidth estimation can temporarily congest
the link, delay data, and cause undesired link-layer re-transmission. An alternate approach
to bandwidth estimation is to use a packet train. Packet-train bandwidth estimation
techniques send a group of packets in short succession of each other, and the bandwidth
estimate is calculated using packet inter-arrival time.

Keshav [76] presents packet-pair probing for flow control to estimate available band-
width on each link. Packet pairs involve sending two packets in short succession of each
other. As they pass through the bottleneck link and are serviced by the receiver, the
service time between the two packets differs by the bottleneck link’s rate. The available
bandwidth is measured as the size of the packets divided by the inter-packet service time.

Hu and Steenkiste [57] present the Initial Gap Increasing (IGI) and the Packet Trans-
mission Rate (PTR) methods to estimate available bandwidth. This work presents a
single-hop gap model that is used to determine if the packet pair’s inter-arrival time, or
gap, can be used to accurately estimate available bandwidth in the presence of competing
traffic for a single-hop network. IGI and PTR algorithms send a sequence of packet trains,
increase the initial gap from the source to the destination, monitor the difference between
the average source and destination gap, and use this information to measure the compet-
ing traffic’s bandwidth. The bandwidth estimate is calculated as the difference between
bottleneck link’s capacity and the competing traffic’s bandwidth.

cprobe [22] is used to measure competing traffic for the purpose of determining a bot-
tleneck link’s bandwidth utilization which is then used to determine which server a client
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is assigned to. cprobe sends a short stream of echo packets to the destination server and
records the time between the receipt of the first packet and the receipt of the last packet to
measure the presence of competing traffic on the bottleneck link. The available bandwidth
is calculated as the total amount of bytes that are sent divided by the time difference
between the first and last packet. cprobe relies on knowing the bottleneck link’s capacity,
which can be measured using bprobe [22], to determine the size of the packet train that is
used for probing.

Spruce (Spread PaiR Unused Capacity Estimate) [133] measures Cross-Traffic Rate
(CTR) of the bottleneck link using a sequence of packet pairs that are spaced out expo-
nentially. The packets within the pair are spaced out such that second probe packet arrives
at the bottleneck before the first packet departs, and the CTR is measured using the dif-
ference in the inter-packet time between sending and receiving the packet pair. Spruce
reports the average CTR over a sequence of packet pairs.

Using packet pairs or short packet trains may not accurately measure the available
bandwidth when there is traffic shaping because techniques such as [76] rely on the as-
sumption of fair queuing. Balasingam et al. [14] have found that packet trains need to
be sufficiently long to span multiple scheduling cycles to obtain an accurate bandwidth
estimate.

TOPP [98] sends trains of packet pairs and estimates available bandwidth over two
phases. The first phase consists of injecting equally-sized, well-separated packet pairs into
the network at an offered rate until a maximum offered rate is reached. On the receiver
side, the packets are timestamped upon reception. The second phase estimates the available
bandwidth by dividing the packets’ size by their time separation. Because TOPP uses a
sequence of offered rates, it analyzes the sequence of bandwidth estimates to determine the
rate that causes congestion, which is the bandwidth of the bottleneck link.

Although packet train techniques do not congest the link, their estimates may be inac-
curate due to kernel scheduling [66]. Kernel scheduling can result in multiple packets being
serviced in the same interrupt, resulting in an overestimation of the available bandwidth.
Using this overestimation in application logic may result in congestion if the application
attempts to send at the overestimated rate.

2.2.2 Link Quality Characterization

In network environments that experience sudden changes, bandwidth estimates may not
be valid for an extended period of time. Consequently, it is advantageous for applications
to predict the available bandwidth and adjust their sending rate accordingly [93]. This is
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important for many live streaming applications since the video encoder often requires time
to reach the new video bitrate.

Yue et al. [163] found that the most important features that can predict available
bandwidth in LTE include: throughput, RSRP, RSRQ, CQI, BLER and handover events.
This work also finds that using random forests for prediction results in an error of 3.9 - 17%.
Raca et al. [111] evaluates random forests, support vector machines, and Long Short-Term
Memory (LSTM) for predicting throughput. To accomplish this, Raca et al. [111] uses
a history window which indicates the period of time that is used for calculating features
and a horizon window that indicates the period of time for the predicted bandwidth.
Summarization quantiles (i.e., 25th, 50th, 75th) of measurements are used as attributes for
the machine learning model. These attributes are constructed from throughput, users-
per-cell, CQI, RSRP, RSRQ, and SNR measurements. This work evaluates the different
machine learning models and finds that LSTM provides the lowest average relative errors
when using raw data as input. This work also finds that using longer history and horizon
windows reduces relative errors.

Works such as Minovski et al [101] have also found that signal strength (RSSI, RRSP,
and SINR) provided the greatest accuracy for predicting throughput. This work evaluated
different models and found that decision trees provided the greatest accuracy. Finally,
Na et al. [104] predicts throughput using a sliding window of previous measurements with
LSTM.

These works do not predict other aspects of link quality, such as latency and loss, which
could be beneficial to the video stream. Nonetheless, the ability to predict these aspects
is important because an increase in latency can cause video to arrive past its deadline and
stall, and the presence of packet loss can cause artifacts in the video stream.

2.3 Multi-homed Transport Protocols

Multi-homed transport protocols use multiple paths to deliver data. Using multiple paths
instead of a single path may allow applications to obtain higher available bandwidth
through aggregation. Furthermore, multi-homed protocols are more resilient to link or
path failures than single-homed protocols as they have alternate paths to maintain the
connection between the sender and the receiver when a link or path fails. Finally, a multi-
homed transport protocol may also obtain lower latency than a single-homed transport
protocol by sending data over the less congested paths that are available. In this section,
we describe popular multi-homed transport protocols such as MPTCP, MPQUIC, and
MP-DCCP.
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2.3.1 MPTCP

One of the most popular multi-homed transport protocols is Multi-path TCP (MPTCP) [112].
MPTCP is designed to provide the end user with an unmodified socket API and the same
service guarantees as TCP. An MPTCP connection consists of multiple paths (subflows),
and per-subflow sequence numbers are used to detect losses and to determine retransmis-
sion. All flows share a single send and receive buffer.

MPTCP’s congestion control algorithm and scheduler determine how much data can
be sent on a single subflow and how data is scheduled over all available subflows. Firstly,
MPTCP’s congestion control algorithm determines the congestion window size of each sub-
flow. Works in MPTCP congestion control [146] often focus on ensuring fairness in the
bottleneck link for the multiple paths, or prioritizing subflows with specific characteristics
such as low latency. The Linked Increase Algorithm (LIA) is MPTCP’s default congestion
control algorithm. In LIA, the congestion window increase is parameterized by an ag-
gressiveness factor and the total congestion window over all subflows. In LIA, a subflow’s
congestion window increase is at most as the congestion window increase if the subflow
was a single TCP connection. Kalili et al. [77] present the Opportunistic Linked-Increases
Algorithm (OLIA) which increases the window size more quickly on paths that have low
Round-Trip Time (RTT) and small window sizes. Finally, Peng et al. [108] present Bal-
anced Link Adaptation (BALIA) that increases each path’s congestion window based on
its RTT and decreases the congestion window if any packet loss is experienced.

MPTCP schedulers often use the subflows’ congestion window size and other network
metrics, such as RTT, to determine which subflow to use and how much data to send on
each subflow. The default MPTCP scheduler is Lowest RTT. This scheduler selects the
subflow with the lowest RTT and space in its congestion window to send data. Many
works have found that MPTCP’s default scheduler is not suitable for live video streaming,
especially in the presence of link heterogeneity.

To address link heterogeneity, many MPTCP schedulers have been developed for low-
latency workloads. Schedulers such as DAPS [80], OTIAS [160], and BLEST [45] use RTT
information for scheduling with the goal of minimizing head-of-line blocking. ECF [83] and
STFF [62] use subflow quality information, such as its speed and state, to make scheduling
decisions that minimize segment transfer time. DPSAF [159] identifies and sends segments
on under-utilized subflows.

In addition to low-latency schedulers, works such as [39, 20] introduce the notion of
partial reliability to MPTCP for delay-sensitive workloads such as live video streaming.
As data has a deadline in live video streaming, it is unnecessary for MPTCP to resend
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delayed data as it is no longer needed. MPTCP-SD [39] is built for multimedia media
applications and discards lower priority data when links are congested. MPTCP-SD [39]
sends negative acknowledgments for packets that are delayed and returns data out-of-order
to enable data to meet its deadline. PR-MPTCP+ [20] uses the advertised receive window
size to determine if the receiver will experience buffer blocking. In the case where buffer
blocking occurs, PR-MPTCP+ enables partial reliability and drops low-priority data.

Furthermore, there are works that extend MPTCP for multimedia streaming. AD-
MIT [150] extends MPTCP to support multimedia transactions by integrating Forward
Error Correction (FEC) to replace packet retransmission and selects subflows that exhibit
high reliability (i.e., few throughput fluctuations). DEAM [149] aims to minimize energy
consumption of multimedia streaming over MPTCP. It uses a mathematical model of the
wireless networks, video distortion, and energy consumption to determine the subflow al-
location.

Using MPTCP or other protocols that offer in-order and reliable delivery guarantees
across multiple links can result in more deadline violations than using a single link. This
is because MPTCP is susceptible to HoL blocking when any of its links experiences loss or
congestion. Furthermore, these works do not address video bitrate adaptation. Without
video bitrate adaptation, the video encoder may provide too much data resulting in con-
gestion and increased delays as the aggregate available bandwidth on all subflows may still
be insufficient to deliver the video data. Alternatively, MPTCP may forgo higher video
quality from using a higher video bitrate by not saturating the available paths.

2.3.2 MPQUIC

QUIC is an emerging transport layer protocol built on top of UDP to enable low-latency
data transfer. QUIC (Quick UDP Internet Connection) combines HTTP/2, TLS, and TCP
over UDP to reduce latency of client-server communication. MPQUIC [142] is multipath-
enabled QUIC which is designed to leverage multiple network interfaces. The advantages
of using MPQUIC over MPTCP include shorter subflow establishment (half a RTT) and
finer grained scheduling which allows for stream awareness.

There have also been works that investigate the use of MPQUIC for on-demand video
streaming using DASH [161, 152]. AMSQ [161] introduces an adaptive stream sched-
uler for scalable video coding in multipath QUIC. It matches different layers to different
subpaths to prevent frequent switching of video quality. AMSQ schedules segments with
earlier deadlines on higher priority streams, and each high-priority stream is assigned to
one path exclusively. Low-priority streams (enhancement layer) are not transmitted until
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high-priority streams complete. MQ-FGTM [152] performs finer-grained scheduling for
groups of video frames and assigns higher priority frames to higher priority paths instead
of scheduling large video segments. XLINK [167] delivers short videos using concurrent
streams and re-injects delayed video frames that would otherwise cause HoL blocking. 4D-
MAP [128] present a linear upper confidence bound based online learning algorithm for
making packet scheduling decisions using round-trip time, congestion window size, and
packet loss information.

2.3.3 MP-DCCP

The Multi-path Datagram Congestion Control Protocol (MP-DCCP) provides multi-path
transport for latency-sensitive applications that do not require reliable delivery [36]. MP-
DCCP implements the Datagram Congestion Control Protocol (DCCP) for multiple paths
and allows users to select how data is scheduled over the available paths. These schedulers
include:

• Default: Schedules data on the first available path

• SRTT: Schedules data on the path that has the shortest round trip time

• RR: Round-robin scheduling over all available paths

• Redundant: Replicates data over all available paths

• Out-of-Order Transmission for In-Order Arrival: Schedules data such that
video data is expected to arrive in order at the receiver

• CFP: Paths have a predefined priority. If a prioritized path is congested, the next
available path is selected for transmission

MP-DCCP may not be suitable for streaming live video in a multi-homed environment
as each of its schedulers has short-comings. Firstly, the Default, RR, and CFP schedulers
do not consider link heterogeneity and may schedule data on high-latency links, resulting
in delayed video data. Furthermore, the Redundant scheduler may make inefficient use
of the available bandwidth which results in low video quality. Although the SRTT and
Out-of-Order schedulers may reduce delays, the bandwidth of the available links is not
considered. Therefore, if the selected bitrate is greater than the total aggregate available
bandwidth, MP-DCCP is still susceptible to congestion and increased delays.
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2.4 Multimedia Transport Protocols

Many video streaming applications utilize multimedia transport protocols to deliver data.
These protocols may be single-homed (e.g., RTP, RTCP) or multi-homed (e.g., MPRTP,
SCTP). Some multimedia transport protocols are content-aware and use the priority of the
video data (or frame) to make scheduling decisions.

2.4.1 Single-homed Multimedia Protocols

The Real-time Transport Protocol (RTP) [121] provides a standardized packet structure
for audio and video data fields, enabling different multimedia applications to work with
each other. The Real-time Transport Control Protocol (RTCP) [61] is used in conjunction
with RTP. RTCP constructs and delivers sender and receiver status reports which include
information such as packets sent, packets lost, and jitter. RTP and RTCP are primarily
responsible for connection establishment and management. They are not responsible for
video bitrate adaptation and congestion control. These features are typically implemented
by other protocols that build on top of RTP and RTCP. We discuss these protocols in
Section 2.5.3.

2.4.2 Multi-homed Multimedia Protocols

Multi-homed transport protocols for multimedia include MRTP [95] and MPRTP [127],
which are extensions of RTP. A MRTP [95] session consists of multiple flows, and flows that
experience excessive loss or congestion are deleted from the session. Multimedia packets
are scheduled on the available flows in a round-robin fashion. The MRTP receiver uses
a dejitter buffer to reorder and return the multimedia packets. MPRTP schedules RTP
traffic across multiple paths at the sender and uses a dejittering algorithm at the receiver
side. The MPRTP scheduler calculates the receiver rate and characterizes the paths as
congested, lossy, or non-congested, and it schedules important data (e.g. I frames) on
non-congested paths. On the receiver side, the MPRTP player ensures that the buffer does
not empty and that the playout stream does not stall by adjusting the playout speed.

Multi-homing is also available in SCTP [131], which is designed for data streams. In
SCTP, a primary path is established and alternate paths are used for retransmission or
backup. If the primary path fails, SCTP switches to the the backup paths. This scheme
does not fully utilize the total aggregate available bandwidth. To address this shortcoming
of SCTP, CMT-SCTP [65] was proposed. CMT transfers new data from a source to a
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destination host via two or more end-to-end paths. Works such as LS-SCTP [7], West-
woodSCTP [23], CMT-QA [156], CMT-DA [147], and CMT-CA [151] focus on improving
CMT-SCTP for real-time video streaming.

Load-Sharing SCTP (LS-SCTP) [7] is designed for networks with limited bandwidth,
high-loss, and failure prone links. LS-SCTP separates flow control from congestion control.
All paths at the sender and receiver share the same buffer for flow control, and congestion
control is performed for each path. Load sharing occurs among the available paths where
data is scheduled on paths with the highest bandwidth delay product.

WestwoodSCTP [23] load balances across multiple SCTP connections that have disjoint
paths. Each path is characterized by its one-way latency and its available bandwidth. The
available bandwidth is estimated using the rate of returning acknowledgment messages.
Data is sent as a packet train of size two, and it is scheduled on the path that is expected
to be the fastest for delivering the data.

CMT-QA [156] presents a path quality estimation model, a data distribution scheduler,
and an optimal retransmission policy. The sender maintains data in a buffer until it is
acknowledged, and the buffer’s draining rate is used to estimate path quality. The data
distribution scheduler uses the path quality estimation model to determine the paths that
are suitable for load sharing and assigns the appropriate data flows. CMT-QA’s optimal
retransmission policy distinguishes between random loss and congestion to determine the
minimum amount of data that it needs to retransmit, and it selects the path with the
minimum transfer delay for retransmission.

CMT-DA [147] presents distortion-aware concurrent multi-path transfer which includes
per-path status estimation and congestion control, flow rate allocation that optimizes for
video quality, and delay and loss controlled data allocation. Path quality is estimated using
congestion window size and round-trip time. To minimize end-to-end video distortion,
CMT-DA sends data on paths with higher quality.

CMT-CA [151] considers the content of the video that is being sent. CMT-CA performs
frame-level scheduling based on estimated video parameters and link quality. Using a
link’s round trip time, available bandwidth, and packet loss rate, CMT-CA models each
link’s ability to deliver data and uses a Markov-Decision Process for congestion control.
Using the link’s quality information, CMT-CA determines the links’ aggregate sending
rate, differentiates between I and P frames, and preemptively drops less important (P)
frames to avoid congesting the network.

Although these works provide multi-homed transport, they lack video bitrate adap-
tation. As a result, users may be forgoing video quality if the total aggregate available
bandwidth is greater than their selected video bitrate. Conversely, using these systems
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may also result in delayed data if the total aggregate available bandwidth is lower than the
user’s video bitrate. This motivates the need for video bitrate adaptation in conjunction
with multi-homed transport.

2.5 Adaptive Bitrate Protocols

Most adaptive bitrate protocols are designed for on-demand Dynamic Adaptive Streaming
over HTTP (DASH). Although the properties of on-demand video streaming are different
from live and real-time video streaming, strategies from DASH can be applied when de-
signing adaptive video bitrate protocols for live streaming. Non-DASH solutions for live,
video bitrate adaptation are often found as congestion control protocols that set the video
bitrate as a function of the congestion window. In this section, we survey adaptive video
bitrate protocols for single and multi-homed DASH and for single-homed live streaming.

2.5.1 Single-homed Adaptive Bitrate Protocols for Dynamic Adap-
tive Streaming over HTTP (DASH) Video

In this section, we survey various adaptive bitrate protocols that aim to improve end-user
QoE. Adaptive bitrate protocols typically use network measurements or buffer occupancy
as feedback to determine a video’s bitrate. These protocols can be found on the client-
side, in-network, or server-side. Client-side adaptive bitrate protocols use information such
as buffer occupancy, latency, and other feedback from the network and/or video server
to determine the appropriate video bitrate. Facilities within the network can determine
how to allocate bandwidth to the clients and how to schedule video packets. In-network
systems that have a global view improve end-user QoE by assigning clients to CDNs that
are expected to provide the client with the highest QoE. Server-side support can also decide
how to schedule packets such that the network is not overwhelmed. In this section, we
survey various adaptive bitrate protocols and systems that aim to provide end users with
high QoE.

Feedback-Based Algorithms

Yin et al. [162] uses Model Predictive Control (MPC) for dynamic adaptive video stream-
ing over HTTP. This work formulates video streaming as a QoE maximization problem
that is subject to constraints on the available bandwidth, buffer size, and playback. The
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basic MPC algorithm involves predicting the throughput for the next N chunks (where the
throughput predictor can be specified). MPC also determines the optimal bitrate given
the current buffer occupancy, the previous bitrate, and the predicted throughput predic-
tion (which is the solution to the QoE maximization problem). Finally, MPC downloads
the subsequent chunks at the optimal bitrate. The effectiveness of MPC depends on the
accuracy of the throughput prediction.

Liu et al. [86] present a client-side bitrate adaptation method for HTTP streaming. As
HTTP video is typically streamed in segments, clients measure the segment fetch time,
which is the period of time from issuing a GET request to receiving the segment. This
work observes that the segment fetch time should be the same as the segment’s playback
time; otherwise, any deviation would indicate that the available throughput is either too
low or too high for the client’s requested bitrate. The presented work calculates the ratio
between the segment’s duration and the segment fetch time, and this is used to calculate
the TCP throughput by multiplying it by the video’s bitrate. The measured throughput is
then smoothed before determining the appropriate bitrate. The presented rate adaptation
algorithm increases the bitrate if the ratio of the media segment duration to the segment
fetch time is greater than one plus a switch factor. The algorithm lowers the bitrate if the
calculated ratio is below a switch down threshold.

Many feedback-based adaptive bitrate protocols depend on either accurate bandwidth
estimation or other metrics such as latency or fetch time. Adaptive bitrate protocols that
use bandwidth estimation to determine a bitrate require accurate measurements [162]. In a
noisy, wireless environment, one needs to be able to measure bandwidth often and without
saturating the network. In addition to collecting feedback, an adaptive bitrate protocol
must be able to react quickly and appropriately. Significant reactions to spurious network
congestion may result in an end user receiving a far lower bitrate than is necessary.

Buffer-Based

Bitrate adaptation algorithms may also use buffer occupancy or the changes to buffer
occupancy to determine the video’s bitrate. Players may also use the playback buffer as a
way to smooth out video in order to improve end-user QoE.

Huang et al. [60] use buffer occupancy to directly choose the video rate with the goal of
avoiding unnecessary rebuffering and maximizing the average video rate. This work finds
that a pure, buffer-based approach works well when there is sufficient past observations
(e.g., network measurements). However, when the buffer is initially growing (i.e., video is
in the start-up phase), there is insufficient information to determine the appropriate bit
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rate. This work presents a class of algorithms that uses a rate map to directly select the
video rate based on the buffer occupancy. The presented work designates a reservoir regions
within the buffer that is used to absorb variation in network capacity. While this reservoir
is filling up, the video is requested at the minimum bitrate. As the buffer approaches
capacity, the algorithm selects the maximum available bitrate.

Mok et al. [103] propose a QoE-aware system named QDASH that assists clients in
selecting the most suitable video quality level. This work also finds that inserting inter-
mediate bitrate levels between current available bitrates provides better QoE because it
enables changes to the video’s bitrate to be less noticeable by the end user. QDASH is
composed of two components: QDASH-abw and QDASH-qoe. QDASH-abw resides on the
video server and is responsible for inspecting video data flows and shaping the sending rate.
QDASH-abw is also responsible for measuring bandwidth using a proxy that reshapes TCP
packets into packet trains. QDASH-qoe on the client side is responsible for bitrate adap-
tation and uses information from QDASH-abw. When there is less available bandwidth
for video streaming, QDASH uses buffered video to continue playback while downloading
video at an intermediate level. This enables QDASH to smooth out the picture quality
change, thereby improving end-user QoE.

Tian et al. [138] demonstrate that client-side buffered video time is a good feedback
signal for video adaptation and present a system that balances video rate smoothness and
bandwidth utilization. This work uses the changes in buffered video time to adjust the
bitrate by setting a target video buffer time to build a PID controller to regulate the
requested video rate.

Jiang et al. [71] presents FESTIVE, which is an HTTP-based adaptive video stream-
ing algorithm that trades off fairness, efficiency, and stability. The core FESTIVE algo-
rithm focuses on steady-state behaviour. It estimates the bandwidth using the last k (20)
throughput estimates. This estimate is then used to compute a reference bitrate, which
is used to calculate an efficiency and stability score. The algorithm then determines how
it wants to trade off efficiency and stability through a delayed update. Finally, FESTIVE
uses a randomized scheduler and chooses a random target buffer size for the playback buffer
in order to avoid biases that are induced by initial conditions (i.e., periodic scheduling of
video chunks).

Buffer-based adaptive bitrate protocols depend on the availability of video to buffer
(e.g., on-demand content delivery such as Netflix and YouTube). In some scenarios, such
as live streaming or video conferencing, a sufficiently large buffer to absorb changes in the
network may not be available; thus, these strategies are unusable.
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Machine Learning and Classification Approaches

There have been many works that use various machine learning and artificial intelligence
approaches to determine the appropriate video bitrate, to control video streams, and to
select CDN servers used to stream video. Some works focus on selecting attributes (e.g.,
critical features) to infer the performance of a network link in order to improve end-user
QoE, and other works formulate the QoE problem as an exploration-exploitation based
problem. In this subsection, we describe works that use machine learning for throughput
prediction, which is used to select the video’s bitrate. We also outline works that use video
session features as means to select bitrates and CDN servers.

Critical Feature Selection and Similarity

Ganjam et al. [47] describes a split control plane architecture for optimizing Internet
video delivery. In this work, aggregation is used as a strategy to scale out the ability to make
control decisions at the global level. This work employs a coarse-grained global model layer
that uses a global view of client quality measurements to build a data-driven prediction
global model of video quality. A fine-grained per-client decision layer is responsible for
making decisions (i.e., CDN selection and bitrate) for clients. The intuition behind this
approach is that clients can tolerate staleness in the network model and sessions with
similar features (i.e., CDN, ISP, content provider time of day, etc.) have similar quality.
This work uses a nearest-neighbour like prediction model to select CDNs and bitrates.

CS2P [134] aims to improve initial video bitrate selection in order to lower startup delay
time and to improve QoE during video playback. The insight behind this work is that
video sessions with similar features tend to exhibit similar initial throughput conditions
and throughput evolution (how the available throughput changes throughout the video
session). The system in [134] groups similar sessions that share the same set of critical
features values to build prediction models. It learns a Hidden Markov Model for each
cluster of similar sessions to predict how the throughput evolves over the duration of the
video stream.

Jiang et al. [70] present Critical Feature Analytics, which learns critical features for
different video sessions and uses these critical features to predict video quality in order to
decide the CDN and the bitrate of the client. Using the intuition from [134], this system
learns the video streams’ critical features (i.e., features that affect video quality such as
CDN, ISP, content). CFA uses partitions of data based on the most recently learned critical
features to create a table that maps a finest partition (which is the distinct values of all
features) to a quality estimate. To estimate the video quality in real time, the client looks
up its critical features to determine an estimate. Critical feature learning runs offline every
tens of minutes. Quality estimation runs every tens of seconds.
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VIA [69] aims to improve end-user QoE for Internet telephony, which has the additional
requirement of low latency as calls are latency sensitive. VIA uses relay nodes placed at
globally distributed datacenters to optimize network performance and call quality. A call
using the VIA system can take the default path or a relayed path, and the path the call
takes is determined by a centralized controller. VIA uses a prediction-guided exploration
approach to determine which path to use. To do so, it gathers performance information
from call history and uses network tomography to expand the coverage of the collected
information. It then uses this information to predict performance and determines the top-
k relaying options. Afterwards, it performs exploration-exploitation on the top-k relaying
options.

Pytheas [72] is another system that uses exploration-exploitation to improve QoE.
Pytheas is a framework that models QoE as a multi-armed bandit problem where mea-
surement collection (exploration) and decision making (exploitation) are integrated to-
gether. Pytheas aims to update decision in real time with fresh data and to capture
the interactions between session features and QoE. This work introduces the notion of
group-based exploration-exploitation (from the observation that video sessions with sim-
ilar features have similar performance); thus, exploration-exploitation only needs to be
performed for groups of sessions instead of all individual session. Frontend clusters map
a session to a group based on its features, and each session group is managed by one per-
group exploration-exploitation process that is used to return a decision (CDN/bitrate) to
the session. A session is also responsible for reporting QoE metrics to its front-end cluster,
which is then used to update the exploration-exploitation logic of the group. The backend
is responsible for determining the session groups.

Markov-Decision Processes

Some works model the bitrate adaptation problem as a Markov-Decision process that
is used to optimize end-user QoE.

A Markov Decision Process is:

• A set of states

• A set of actions

• A reward function that is determined by the state and action

• A description of how each action affects the state and the specification of a probability
distribution over the next states
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Markov Decision Processes follow the Markov property, which is the property that the
effects of an action taken in a state depend only on the current state and do not depend
on the history.

Zhou et al. [168] formulate the bitrate adaptation problem as a Markov Decision Pro-
cess. A decision on the bitrate is made for every segment of the video. The state vector
used is the buffered video time, average changing rate of buffered video time, video rate
vector (of the video rates assigned to fragments), average bandwidth during downloading
of fragment k (which is also used as a bandwidth estimation), and a 0/1 indicator that
represents if the latest N fragments have the same video rate. Rewards are associated with
an action, and the goal is to find an optimal strategy that maximizes the reward. This
work uses a time-varying Markov model that is used to estimate future bandwidth and
sets the reward function based on user perception (which is dependent on rate changes
and playback freeze). Rewards for rate switching are dependent on buffer overflow, buffer
underflow, and smoothness of rate switching. This work uses a greedy algorithm that
selects video rates for individual fragments instead of determining video rates for all frag-
ments concurrently. Furthermore, it finds there is a trade-off between visual quality and
computational complexity.

Xiang et al. [153] focus on modelling the rate adaptation problem as a Markov Decision
Process for DASH streaming on wireless networks. The clients uses a Markov Decision Pro-
cess for each video segment. The client decides the video version / resolution of the next
segment or if it should be idle to avoid buffer overflow. Actions include accessing a higher
layer, accessing a lower layer, or waiting. A state is defined by the following: number of
buffered frames, queue length variation after a new segment has been retrieved, version in-
dex of the last received segment, difference of video versions requested in consecutive steps,
available bandwidth, and the number of received segments. Using available bandwidth for
the current segment, the work estimates a probability distribution of the bandwidth for
the next segment using the state transition probability matrix of the Markov model. The
rate adaptation problem is formulated as an optimization problem, which is solved using
dynamic programming. The Markov Decision Process model trades off between average
video quality and playback smoothness using a parameter in the reward function. The
result is a table that maps a state to an action, which is then used for online decision
making. Designing an online algorithm is left as future work. Other future work include
how to organize layer segments, and efficient segment size research.

Reinforcement-Based Learning Techniques

Mao et al. [94] present Pensieve, which is a system that learns adaptive bitrate algo-
rithms automatically using reinforcement learning. State observations such as the current

28



buffer occupancy, rebuffering time, chunk download time, size of the next chunk, and the
number of remaining chunks in the video are passed in as input to the reinforcement learn-
ing agent to determine a policy. A policy is defined as a probability distribution over
actions, where an action corresponds to the bitrate for the next video chunk. Pensieve uses
a neural network to represent a policy that is adjustable using a number of parameters.
Although the work shows that Pensieve outperforms many existing adaptive bitrate algo-
rithms, it is not suitable for live video as some inputs (such as the number of remaining
chunks) may not be available to determine a policy.

Sengupta et al. [125] present HotDash Adaptive Bitrate Algorithm that uses an actor-
critic reinforcement learning algorithm to determine which video segments to pre-fetch and
the video bitrate to use. HotDash prioritizes video segments that have high user interest
(e.g., featuring an event or person).

Video Bitrate Prediction Techniques

Recent works such as [17, 120, 171] predict the video bitrate that provides the highest
user Quality of Experience (QoE).

Zou et al. [171] demonstrate that using perfect bandwidth predictions alone is not
sufficient to provide users with high QoE since it results in high bitrate switching. This
work augments exisiting adaptive video bitrate protocols with perfect available bandwidth
predictions and finds that the predictions can be used by these protocols to achieve 96%
of optimal’s video bitrate.

Sani et al. [120] presents an adaptive video bitrate protocol (SMASH) that is trained on
the decisions made by nine other adaptive video bitrate protocols which are buffer-based,
rate-based and hybrid protocols. This work trains eight machine learning models and finds
that a random forest classifier provides the highest accuracy at determining the decisions
of other adaptive video bitrate protocols. This work shows SMASH achieves higher video
bitrate and fewer bitrate switches than Pensieve.

Bentaleb et al. [17] predict available bandwidth using historical bandwidth measure-
ments and a recursive least squares algorithm. This bandwidth prediction is used to
determine the optimal bitrate that minimizes the estimated error of a video chunk’s arrival
time and maximizes the user’s QoE which is expressed as an objective function.

2.5.2 Multi-homed Adaptive Bitrate Protocols for DASH Video

In the scenario where a single link or path does not have sufficient bandwidth to stream
video, the video stream may be partitioned and streamed on multiple paths. However,
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blindly using multiple paths can often lead to worse video quality than if a single path
had been used. James et al. [67] investigates the use of Multipath TCP to stream HTTP
based video. This work emulates WiFi and cellular LTE links and uses these connections
to send video from a client to a server. The presented results demonstrate that if the
bandwidth over the aggregate links is borderline to supporting a bitrate, using MPTCP
could be detrimental as the video stream would undergo significantly more bitrate switches
than if the primary link was stable. If the secondary link is stable, then it can improve
average segment quality. Therefore, this work suggests that a multi-homed adaptive bitrate
algorithm must determine the stability of the connections it uses in order to determine if
there is any benefit to using the available multiple paths (or connections).

Xing et al. [155] investigates the use of multiple wireless links such as WiFi, Bluetooth
and cellular to stream video. This work formulates multi-link video streaming as a re-
inforcement learning task. The current state of the video stream, which is comprised of
unplayed queued segments, SVC video layer index, total traffic that Bluetooth used to
download the last segment, and the current bandwidth of the WiFi and Bluetooth link, is
used in a Markov Decision Process. A rate adaptation agent receives the state and decides
to either upgrade, downgrade or maintain the current quality for the next segment. Fur-
thermore, the agent may also decide to request a higher enhancement layer for segments
that have yet to be played back. Both Bluetooth and WiFi is used to download the segment
simultaneously. The presented system uses two discrete-time finite-state Markov models to
describe the available bandwidth for WiFi and Bluetooth. The system measures how good
the actions are based on a reward value that is related to the provided QoS. The reward
function is designed to consider video QoE requirements such as rebuffering rate, playback
quality and smoothness, and service costs. However, requesting video on both Bluetooth
and WiFi is relatively expensive in terms of energy consumption and bandwidth cost, as
the marginal increase in cost can be significant if the video could be obtained solely from
WiFi.

Han et al. [53] addresses some of the shortcomings of using Multipath TCP, particu-
larly the lack of support for prioritizing paths. Without prioritizing links, video may be
streamed over expensive links (i.e., metered cellular link). This work focuses on network
interface awareness to reduce cellular usage and energy consumed by using a cellular link.
This work also finds that in cases where WiFi does not provide stable throughput for
streaming video, using WiFi along with LTE often can. This paper presents MP-DASH
which is comprised of a scheduler and video adapter. The scheduler is responsible for
determining the best fetching strategy of the video chunks and serves as an overlay for
MPTCP. The video adapter is responsible for determining the chunk size and the deadline
and for allowing DASH bitrate adaptation algorithms to be multipath (i.e., by overriding
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bandwidth estimations to include all paths).

Zhao et al. [166] use the observation that bandwidth heterogeneity often results in poor
video quality for DASH video streams and present Path Use Decision where MPTCP paths
are enabled if their estimated available bandwidth is within a threshold of the maximum
estimated available bandwidth of all paths. They experimentally determined that this
threshold is 60% of the maximum estimated available bandwidth. Bandwidth estimates
are calculated using a moving average of the path’s throughput.

2.5.3 Single-homed, Live Adaptive Video Bitrate Protocols

Non-DASH, adaptive video bitrate protocols are also used for video conferencing. Popular
video conferencing applications include Skype, Google+ Hangouts, Zoom, and Webex.
These video conferencing systems are proprietary; and as a result, we are not privy to
their adaptive video bitrate protocol. However, measurement studies such as De Cicco et
al [32], MacMillian et al. [90], Chang et al. [26] investigate their performance.

De Cicco et al. [32] find that Skype is adaptive between 40kbps and 450kbps of available
bandwidth, and adjusts the frame rate, packet size, and the video resolution to adaptive
to changing network bandwidth conditions. However, Skype refrains from fully utilizing
all available bandwidth beyond 450kbps.

MacMillian et al. [90] find that even when there is a lot of available bandwidth (10Mbps),
the average network utilization for video conferencing applications such as Zoom, Google
Meet, and Microsoft teams range from 0.8 to 1.9 Mbps. These applications also suffer from
long recovery times (at least 20 seconds) if the uplink drops to 0.25 Mbps.

Chang et al. [26] investigate Skype, Google Meet, and Webex. This work finds that
all systems experience significant quality of experience degradation for high motion video.
In particular, with Webex, the average lag grows by 200-300% for complex video content.
This work also finds that Zoom and Webex react to rate limiting by sending more traffic
in response to sudden frame losses, which is not productive in reducing congestion, espe-
cially when streaming over networks such as LTE where users would inflict congestion on
themselves.

Xu et al. [158] evaluate iChat, Google+ and Skype. Skype uses a high level of forward
error correction for protecting the uploaded video (the coding rate is between 0.47 - 0.55,
meaning that half the packets are redundant). Google+ applies selective retransmission
where lower video layers are retransmitted first and that retransmission occurs aggressively.
Furthermore, iChat always retransmits lost packets. For all of these systems, as packets
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are lost, it significantly increases the one-way delay of the video, which may negatively
impact the end user’s quality of experience.

These measurement studies have shown that existing video conferencing applications
can improve their bandwidth usage to obtain higher video bitrates. Furthermore, they
have demonstrated that video bitrate adaptation, protection and distribution have to be
considered together to attain high quality video streaming for telephony and conferenc-
ing [158].

Congestion control protocols for multimedia transport can also be used for low latency
video bitrate adaptation. These include GCC [21], SQP [114], Scream [74], Nada [169],
and Pudica [144]. These protocols use congestion signals that depend on the presence of
queuing delay, loss, and the receiver rate [169, 74, 21, 114] to determine the presence of
congestion which is used to calculate the sending rate/video bitrate. Pudica [144] uses
non-payload probe packets to measure the bandwidth utilization ratio which is used for
congestion control and rate adaptation.

2.6 Latency-Sensitive, Multi-Homed, Adaptive Video

Streaming

There are few works that offer video bitrate adaptation for low-latency video over multi-
homed environments. FRA-JSCC is designed for real-time streaming in heterogeneous,
error-prone networks that experience packet loss. This work estimates the forward error
correction redundancy, the source rate, and the rate allocation to minimize end-to-end
video distortion. It determines the expected amount of delayed data due to loss and
congestion and adjusts the level of redundancy to ensure that all video data arrives on time.
Additional links are included only when they do not increase the expected distortion. To
measure distortion, this work relies on encoding a video three times in order to determine
specific constants for a video codec and video sequence.

Converge [38] presents multipath extensions to WebRTC, which provides real-time video
streaming for the web and for mobile devices, for the video conferencing application. This
work finds that relying on common schedulers that are found in MPTCP and MPRTP
cannot provide sufficiently low latency for the video streaming application and that mul-
tipath scheduling also needs to be video-aware or video structure aware. In this work, a
path’s quality is determined using RTCP statistics, and packets with highest priority (e.g.,
retransmitted packets and I frames) are sent on paths with the highest quality where as
the lower priority frames (e.g., P and B frames) are scheduled on the remaining paths.
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This work also presents a path-specific FEC mechanism to determine the amount of FEC
to use for each path, and this depends on the path’s loss rate and the estimated available
sending rate. As this work focuses on video conferencing, its goal is to achieve a 10Mbps
video bitrate. If the available links have greater aggregate bandwidth, Converge does not
attempt to fully utilize links to obtain a higher video bitrate.

There are few works that address latency-sensitive, adaptive video streaming in the
multi-homed environment, thereby leaving this research area largely unexplored. Nonethe-
less, this research area is important because of its application in on-site newscasting which
many rely on it to be informed and make decisions. Many alternatives, such as sending at
lower rates and varying the amount of redundancy, have yet to be explored. Furthermore,
no works have characterized the trade-offs between these decisions. This leads us to search
for a model that enables us to reason about these trade-offs to select the video bitrate and
scheduling and recovery strategy that is best suited for the end user.
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Chapter 3

Link Quality Modelling

Consistently obtaining high quality video is challenging for applications that use wireless
LTE links to stream video data because these links are often highly variable in quality
and available bandwidth. The variability in the available bandwidth of wireless links
is due to fluctuations in signal strength caused by physical conditions and the wireless
network’s shared infrastructure. Sudden decreases in the available bandwidth may cause
an application to stream video at a rate beyond what its link can support, which can result
in congestion and packet loss. This may cause the invocation of automatic repeat requests
at the link layer which introduces additional latency and further reduces the application’s
available bandwidth. As a consequence, video data may be delayed or lost, and this results
in poor video quality, which is detrimental to the performance of the application.

In this chapter, we introduce two techniques that characterize link quality; these tech-
niques can be used to improve video bitrate adaptation. We first introduce the PacketBurst
technique to improve the accuracy of packet train bandwidth measurements. Unlike self-
loading periodic stream techniques such as iperf, a packet train does not saturate the link
and induce congestion to measure bandwidth. Instead, it uses the inter-arrival time of
packets sent in short succession. However, packet trains are susceptible to having multiple
packets being serviced by the same interrupt due to kernel scheduling, and this results
in significant over estimations. Removing this inaccuracy is important because accurate
bandwidth measurements indicate the bitrate that fully utilizes the link and does not cause
congestion.

Bandwidth measurements alone may not be enough for a video streaming protocol
to effectively adapt to changing network conditions. This is because existing bandwidth
measurement techniques do not capture the variance and the temporal nature of link’s
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available bandwidth. Therefore, we also introduce our framework that predicts link in-
stability, which we define as sharp increases in latency and application-level packet loss,
or sudden drops in available bandwidth over a short period of time. We evaluate various
machine learning techniques to predict link instability which include decision trees, neural
networks, and support vector machines. These link instability predictions can be used by
video streaming application to preemptively lower the video bitrate and avoid congestion,
and this is useful because the live video encoder experiences a delay between raw image
capture and video frame generation at the target video bitrate.

Section 3.1 of this chapter describes the PacketBurst’s contribution and its design, the
impact of kernel interrupts on bandwidth estimates, and an evaluation of PacketBurst’s
ability to obtain accurate bandwidth measurements. Section 3.2 describes and analyzes our
industry-collected network traces, our framework for creating machine learning examples,
and an evaluation of statistical machine learning techniques to predict link instability.

3.1 Packet Burst Bandwidth Estimation

Packet-train bandwidth estimates use packet arrival timestamps collected by the receiver to
measure the available bandwidth of the link. Obtaining an accurate packet-train bandwidth
estimate relies on the accuracy of the receive timestamps. One option is to use hardware
or Network Interface Card (NIC) timestamps; however, these are not universally available
on all devices, may require specialized driver support [75], and may also not be available
in certain deployments such as those using virtual machines.

Alternatively, kernel timestamps are readily available and are preferable to user-space
timestamps because they do not reflect inaccuracies caused by CPU scheduling. Unfortu-
nately, kernel timestamps do not account for other handling delays such as the time between
packet arrival and servicing. Therefore, due to the scheduling delay between packet ar-
rival and kernel service, multiple packets may arrive before the first packet’s interrupt is
serviced.

When multiple packets are serviced by a single interrupt, they are assigned the same
timestamp or timestamps that differ by a few microseconds. Using this packet inter-arrival
time for calculating the available bandwidth results in significant overestimation. We refer
to this phenomenon as packet coalescing. The discrepancies between packet arrival and
servicing are present in many bandwidth estimation techniques [66].
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3.1.1 Contributions

In this section, we present PacketBurst: a bandwidth measurement technique that ac-
counts for kernel interrupts. The PacketBurst technique is able to utilize packet-train
measurements that exhibit timestamp inaccuracies that are caused by packet coalescing.
To eliminate the impact of inaccurate timestamps on bandwidth estimates, we remove co-
alesced packets that are at the beginning and at the end of the packet train. This allows
an application to utilize packet trains that may otherwise be discarded.

This section makes the following contributions:

• We first demonstrate the inaccuracies of packet-train bandwidth estimates or es-
timates that rely on packet inter-arrival time. In our measurements, we notice a
systematic overestimation of the available bandwidth, particularly in short packet
trains.

• We present our PacketBurst technique for packet-train based bandwidth estimation.
The PacketBurst technique improves packet train bandwidth estimates by factoring
in kernel scheduling.

• We evaluate our PacketBurst technique in a Mininet [100] emulation and in a real
testbed with network emulation. We use Linux’s Traffic Control (tc [116]) utility to
control the condition of the link between the two machines. We demonstrate that
PacketBurst bandwidth estimations are more accurate than packet train estimations.

Having accurate bandwidth estimates benefits all streaming applications as they indi-
cate the maximum streaming rate an application can use. This leads to an increase in
network utilization and reduces the risk of congestion.

3.1.2 Background

Bandwidth estimation techniques include self-loading periodic streams that temporarily
saturate the link’s available bandwidth and those that send a train of packets to estimate
the available bandwidth using the packet inter-arrival time [110]. Self-loading periodic
stream techniques, such as iperf [52], saturate the link until an increase in latency or the
lack of acknowledgement is recorded.

Packet pairs and packet trains are alternative methods for bandwidth estimation, and
these techniques are not designed to saturate the link [117, 41, 133, 22] . In these methods,
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Figure 3.1: Three packets (a) are sent on short succession and must be queued before
traversing the bottleneck link (b). Packets are spaced out as they arrive at the receiver
(c).

packets are sent in short succession after one another. The bottleneck link spaces out the
packets in accordance to its available bandwidth, which is shown in Figure 3.1. In this
figure, three packets are sent in short succession and must be queued before traversing the
bottleneck link. These packets incur transmission delay in accordance to the bottleneck
link’s available bandwidth, leading to a difference in their received timestamps. The avail-
able bandwidth measurement of a packet pair, which is a packet train of length two, is
calculated as b = s

tR2−tR1
where s is the size of the packet, tR2 is the received timestamp

of the second packet, and tR1 is the received timestamp of the first packet. This formula
generalizes to packet trains of length n as b = s×(n−1)

tRn−tR1
.

Packet pair and packet train bandwidth estimates may be inaccurate due to kernel
scheduling, as noted by [66, 133, 98]. To handle the inaccuracies caused by CPU scheduling,
Jain et al. [66] discards bandwidth measurements that exhibit low inter-arrival times that
are the result of context switching. This results in wasted packets as well as the forgone
bandwidth estimate at the time of measurement. This phenomenon caused by kernel
interrupts is systematic and common.

A drawback of using self-loading periodic streams for bandwidth estimation is that it
causes temporary congestion on the link. This congestion may lead to video data being
delayed, which is detrimental to the quality of experience for the video stream. Packet
pairs and packet trains are preferable to self-loading periodic streams because they do
not temporarily saturate the link unless the probing rate is higher than the available
bandwidth, in which case the link would likely not have sufficient bandwidth to stream
the video. However, packet pairs and packet trains estimates may not be accurate due to
kernel interrupts, and inaccurate estimations can cause video data to be delayed.
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Figure 3.2: Packet Coalescing Example. The timestamps that are provided to the applica-
tion are the service times (time from when the interrupt is generated to when the packet
is actually serviced).

3.1.3 Design

Packet pairs and packet trains send packets in quick succession and use the difference
in receive timestamps and the amount of data transmitted to estimate bandwidth. For
example, the packet pair technique sends two packets (Packet0 and Packet1) in quick
succession of each other. The bandwidth b is calculated by b = s1

t1recv−t0recv
[81], where s1

is the size of Packet1 and t0recv and t1recv are the receive times of Packet0 and Packet1,
respectively. Similarly, packet trains use the difference in the receive timestamps of first
and the last packet and the total amount of data transmitted from the second through
nth packets. However, these techniques do not account for additional interrupt processing
latencies that exist on the receiver; thus, a packet’s timestamp may not accurately reflect
the packet’s arrival time.

The Impact of Kernel Interrupts on Bandwidth Estimates

Inaccuracies of packet arrival time are largely due to kernel interrupts and scheduling.
When a packet arrives at the NIC, a hardware interrupt is generated and sent to the CPU
to service the packet. However, before the interrupt is serviced, a second packet may arrive,
resulting in the interrupt handler servicing both packets. The receiving process sees both
packets as having arrived in quick succession of each other, resulting in a short (perhaps a
microsecond or zero) inter-arrival time. The corresponding sending rate calculated using
packet-pair dispersion is not possible using the inter-arrival time that the timestamps
indicate since the resulting estimation is higher than what the medium is able to support.

Figure 3.2 illustrates the impact caused by short packet inter-arrival times for a packet
train of length five. In this example, the available bandwidth of the link is 50 Mbps,
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which is obtainable in LTE 4G networks, and each packet is 1500 bytes. As a result, the
inter-arrival time between two consecutive packets should be 240µs. However, the receive
timestamps of these packets are determined by the interrupt handler which is responsible
for time-stamping the packets as they are received.

Suppose that the interrupt handling latency is long (475µs from interrupt generation
to interrupt servicing). As the first packet is serviced, the second packet arrives. The
timestamps provided for bandwidth estimation are the service time whereas the receive
time is the actual time that the packet is received. Every time a packet is received, an
interrupt is generated. The bandwidth estimation provided by packet train calculations
would be 1500bytes×8×4

1195µs−475µs
= 66.6Mbps. However, because packet coalescing occurs between

the first two packets and the last two packets, we remove the first and the last packet from
our bandwidth estimate calculation as they do not equally reflect the interrupt handling
latency at the beginning and the end. By removing coalesced packets, our bandwidth
estimate is now: 1500bytes×8×3

1195µs−475µs
= 50Mbps. We evaluate the impact of kernel interrupts on

packet train measurements in Section 3.1.4.

Kernel Interrupt Model

To account for timestamping inaccuracies caused by kernel interrupts, we make the follow-
ing assumptions in our model:

1. Interrupts are generated when packets arrive at the network card.

2. Timestamps are generated for the packet when they are serviced by the kernel.

3. We treat the processing delay between interrupt generation and servicing as being
constant. In practice, processing delay likely falls into a narrow range and distribu-
tion [115]. Deviations in interrupt processing latency can lead to inaccurate mea-
surements.

4. We do not assume time synchronization between the sender and the receiver; we only
use the receive timestamps to calculate bandwidth.

5. Packets in a packet train are sent in quick succession. With the exception of the first
packet in the packet train, packets are serviced by interrupts that were triggered by
packets in the same train. The first packet in the packet train may be handled by an
interrupt that was generated by a packet belonging to a different application.
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Ideally, we would use perfectly accurate timestamps for the first and the last packets in
our packet train, and we estimate bandwidth using the packets that arrived between the
receive timestamp of the first packet and the last packet in the packet train [41]. Using
this method, bandwidth is calculated as:

b =
(n− 1)× PS

tnrecv − t0recv
(3.1)

where b is bandwidth, n is the total number of packets in our packet train, PS is the packet
size, and tirecv is the timestamp of the packet at the receiver.

Unfortunately, we do not have perfectly accurate timestamps because they are delayed
at the interrupt handler. Timestamps can vary based on processing delays and interrupt
coalescing, which can cause consecutive packets to have very similar timestamps. For
example, an arriving packet may generate an interrupt, and while this packet is being
handled, a second packet may arrive. The result is packet coalescing, where two packets
seem to arrive in quick succession of each other, leading to bandwidth overestimation.

PacketBurst Bandwidth Estimation

We present the PacketBurst technique that obtains accurate bandwidth estimates by con-
sidering the different cases of packet coalescing. The primary logic and intuition behind the
PacketBurst technique is to compensate for the processing latency resulting from kernel in-
terrupts. To accomplish this, we model packet arrival time and determine if its timestamp
fully reflects the kernel servicing time.

In our model, the receive timestamp (tirecv) is the receive time plus packet-service time.
This is expressed as tirecv = tiarrival + tproc, where tiarrival indicates the time that Packeti
arrives, and tproc is the interrupt processing latency. The PacketBurst technique ensures
that processing latencies (tproc values) are reflected at the beginning and at the end of
the packet train. Therefore, the values for tproc must the same for t0recv and tnrecv so that
they cancel each other out in our bandwidth estimate calculation. We are not concerned
about any packet coalescing in the middle of our packet packet train because their receive
timestamps are not used in the packet train formula. Therefore, this leads to four packet
coalescing cases for bandwidth estimation:

a) No packet coalescing at the beginning and at the end of our packet train. (Shown in
Figure 3.3a)
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b) No packet coalescing at the beginning of the packet train and packet coalescing at
the end of our packet train. (Shown in Figure 3.3b)

c) Packet coalescing at the beginning at the packet train, and no coalescing at the end
of our packet train. (Shown in Figure 3.3c)

d) Packet coalescing at the beginning and at the end of our packet train. (Shown in
Figure 3.3d)

In the first two cases, we do not use the receive timestamp of the first packet in our
bandwidth calculation since a packet from another application may have triggered the
interrupt. The first packet may have a shorter processing latency than the other packets in
the packet train. Because we want all timestamps to contain the entire interrupt processing
latency (tproc) , we use the receive timestamp of the second packet as t0recv in Equation 3.1,
and this is shown in Figures 3.3a and 3.3b. By omitting the first packet from the packet
train calculation, we do not consider the shorter processing latency that may result in
bandwidth overestimation.

In cases (c) and (d), which are depicted in Figures 3.3c and 3.3d, the packet train begins
with a group of coalesced packets that are handled by the same interrupt. Suppose that
there are i packets in this group. Because we do not know if another application’s packet
triggered the interrupt that handled the first i packets, we use the receive timestamp of
the i + 1 packet as t0recv in Equation 3.1. The reason for omitting the first i packets is to
ensure that the processing latency is equally reflected at the beginning of the packet train
and at the end of the packet train.

We now consider the possible values of tnrecv and the numerator (i.e., number of packets
counted) in Equation 3.1. In the scenario where there is packet coalescing at the end
of the packet train (cases (b) and (d), and Figures 3.3b and 3.3d respectively), we only
include the first packet in the coalesced group when counting the packets for our bandwidth
estimation. For example, if Packeti through to Packetn are coalesced, we include up to
Packeti for the packet count in Equation 3.1’s numerator, and we use Packeti’s timestamp
for tnrecv in Equation 3.1. This is because Packeti+1 through to Packetn are handled
by the same interrupt as Packeti, and their respective timestamps do not include the
interrupt latency. Packeti+1 through to Packetn are omitted from the bandwidth estimate
calculation because their handling latency is shorter than the first packet’s handling latency.
Including these packets in the packet train calculation results in overestimation. We do not
need to discount packets when there is no coalescing at the end, as shown in Figures 3.3a
and 3.3c, because the timestamp of the last packet in the train includes the full interrupt
latency.
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(a) No packet coalescing

(b) Packet coalescing at the end

(c) Packet coalescing at the beginning

(d) Packet coalescing at the beginning and the end

Figure 3.3: Bandwidth estimation using packet bursts

Finally, we must determine the time threshold that classifies if two subsequent packets
experience packet coalescing. If we have knowledge of the maximum speed of the link,
then we can simply select a sufficiently small threshold. For example, LTE’s theoretical
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down-link bandwidth is 100 Mbps for a 20 Hz channel [1]. Therefore, MTU-sized packets
must have an inter-spacing of at least 120 µs when using a LTE link. Ideally, the threshold
for determining if two subsequent packets are serviced by the same interrupt would be
the interrupt handling latency of the receiving machine. Using too low of a threshold
may cause coalesced packets to be counted in the packet estimate. A significantly high
threshold may cause too many packets to be removed, which may result in no packets being
left for the PacketBurst bandwidth estimate calculation. Regardless of the threshold, if
the receiver services other tasks instead of the packets as they are received, this would lead
to a significant under estimation.

3.1.4 Evaluation

We first demonstrate the impact that kernel interrupts have on packet train estimates.
Our evaluation results show that using short packet train sizes results in significant over-
estimations. We then evaluate the effectiveness of our PacketBurst bandwidth estima-
tion technique that accounts for kernel interrupts and packet coalescing, and we compare
against packet train estimates using the formula found in cprobe [22]. The method and
formula for bandwidth estimation using packet trains is common to many packet train ap-
proaches that involve sending packets in short succession and calculating their inter-arrival
times [117, 40].

Kernel Interrupts’ Impact on Bandwidth Estimates

We first demonstrate the impact of kernel interrupts that occur in practice in the fol-
lowing experiments. Using Mininet [100] as our network emulator, we send packet trains
of varying lengths and calculate the estimated available bandwidth using the formula:
bw = PacketSize×(TrainLength−1)

LastPacketRecvTS−FirstPacketRecvTS
. We also vary the available bandwidth on the link to

determine the impact that the available bandwidth has on presence of packet interrupts.

In the experiment for Figure 3.4, we evaluate the impact that the train length has on
the available bandwidth estimate. For this experiment, we fix the available bandwidth to
be 20Mbps, and we vary the train length. We use a MTU-sized packet of 1460 bytes in our
packet trains. We collected the received kernel timestamps 100 packet trains and estimated
the available bandwidth using the aforementioned packet-train bandwidth estimation for-
mula. We plot a boxplot of the bandwidth estimates in Figure 3.4 for packet train lengths
that are greater than four. We omit packet train size of two since the estimates were
significantly greater than the estimates produced by trains of length four or greater.
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Figure 3.4: Packet Train Length - Bandwidth Estimates

As the train length grows, as shown in Figure 3.4, our packet train estimates become
more accurate in terms of absolute and percentage error. This is because the kernel inter-
rupt, caused by the CPU scheduler, has a lower impact for larger train lengths. Therefore,
if the train length is sufficiently large, then we do not need to be as concerned regarding
the impact of kernel interrupts. From Figure 3.5, we can see the percentage error of the
bandwidth estimates. For a train length of four, the percentage error can be as great as
50%. This decreases to 10% even if the train length more than doubles to ten. These figures
suggest that there is a systematic error when using timestamps for bandwidth estimation,
and the error is reduced as the train size increases.

We now investigate the impact that the available bandwidth has on the accuracy of
packet train bandwidth estimates. In this experiment, we fix the packet train size to
be four, and we vary the available bandwidth from 0.5 Mbps to 20.0 Mbps. Figure 3.6
depicts a box plot of 100 packet train measurements for varying link capacities. As the
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Figure 3.5: Packet Train Length - Bandwidth Estimation Percent Error

available bandwidth increases, so does the error on the packet estimates. Figure 3.7 shows
the percentage error of the packet train estimates as the available bandwidth increases.
Regardless of the available bandwidth, a packet train length of four yields at least a 44%
percentage error, and the range in error is greater as the available bandwidth increases.

Figure 3.4 and Figure 3.6 demonstrate the impact that kernel interrupts and packet
scheduling have on the accuracy of packet pairs and trains. As the number of packets
increases, we can obtain more accurate bandwidth measurements. However, to utilize
longer packet trains for bandwidth estimation, a streaming application needs to buffer
data until there are sufficient number of bytes; this causes an increase in the application’s
delay. Ideally, a bandwidth estimation technique that can use shorter trains would be more
beneficial, especially if the IoT application does not need to stream data at high rates.
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Figure 3.6: Available Bandwidth Impact on Bandwidth Estimates

Bandwidth Estimation

We now evaluate our PacketBurst technique that addresses timestamp inaccuracies caused
by kernel interrupts. We use a Mininet emulation, and our setup consists of a sender node,
a receiver node, and a connecting link. An application on the sender node sends a train of
equally sized packets. Packet trains are spaced apart such that the link does not experience
congestion. The receiver node logs the receive kernel timestamp of all packets and their
respective packet ID and train number. We estimate the available bandwidth using the
packet train formula and our PacketBurst technique using the logs collected at the receiver.
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Figure 3.7: Available Bandwidth Impact on Bandwidth Estimation Percent Error

512-byte Packet 1024-byte Packet 1454-byte Packet
Packet Train Packet Burst Packet Train Packet Burst Packet Train Packet Burst

T
ra
in

S
iz
e

2 318.73, 504.22 0.0, 0.0 672.26, 1017.8 0.0, 0.0 764.23, 1197.0 0.0, 0.0
4 11.81, 0.18 0.0, 0.0 0.96, 0.0 0.0, 0.0 0.75, 0.0 0.01, 0.07
6 1.09, 0.0 0.47, 0.04 0.69, 0.0 0.48, 0.01 0.62, 0.0 0.49, 0.0
8 0.79, 0.0 0.46, 0.0 0.61, 0.0 0.48, 0.0 0.57, 0.0 0.49, 0.0
10 0.68, 0.0 0.46, 0.01 0.58, 0.0 0.48, 0.0 0.55, 0.0 0.49, 0.0
15 0.58, 0.0 0.46, 0.0 0.54, 0.0 0.48, 0.0 0.53, 0.0 0.49, 0.0
20 0.54, 0.0 0.46, 0.0 0.52, 0.0 0.48, 0.0 0.51, 0.0 0.49, 0.0

Table 3.1: Packet Train and PacketBurst (Average, Standard Deviation) Bandwidth Esti-
mation Comparisons for 0.5 Mbps link
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Because wireless links can have a wide range of available bandwidth, we first evaluate
our PacketBurst technique using a link of 500 kbps. In Table 3.1 each column indicates
the packet size in bytes and the method of estimating the available bandwidth, and each
row indicates a different train length. We present the average bandwidth estimate and the
standard deviation of the bandwidth estimate.

For our PacketBurst technique in Table 3.1 and Table 3.2, a value of 0 means there was
insufficient packet information to estimate the available bandwidth. Because the Packet-
Burst technique involves removing packets that exhibit packet coalescing at the beginning
and end of the train, we find that a minimum of six, 512-byte packets are required to obtain
useful estimates. As packet sizes and train lengths become larger, the estimates approach
500 kbps. The bandwidth estimate’s percentage error is calculated as:

|BWestimate −BWactual

BWactual

| × 100%

In the case of six 512-byte packets, the percentage error for packet trains is |1.09−0.5
0.5

| ×
100% = 118% and the percentage error for PacketBurst is |0.47−0.5

0.5
| × 100% = 6%. From

Tables 3.1 and 3.2, the percentage error for packet train estimates is often higher than
the PacketBurst technique. Using six, 512-byte packets in a packet train was determined
experimentally for our environmental setup. The minimum number of packets in a packet
train and the packet size to use depends on the speed of the link, the processor, and the
operating system.

512-byte Packet 1024-byte Packet 1454-byte Packet
Packet Train Packet Burst Packet Train Packet Burst Packet Train Packet Burst

T
ra
in

S
iz
e

2 412.21, 684.71 0.0, 0.0 501.0, 605.6 0.0, 0.0 802.09, 1153.22 0.0, 0.0
4 78.01, 7.08 0.0, 0.0 36.3, 0.77 0.0, 0.0 29.18, 0.35 0.0, 0.0
6 42.53, 1.21 0.0, 0.0 26.85, 0.26 18.82, 0.28 24.32, 0.16 19.45, 0.25
8 31.27, 0.32 18.73, 0.98 24.12, 0.13 19.03, 0.16 22.69, 0.08 19.45, 0.1
10 27.14, 0.17 18.62, 0.6 22.84, 0.07 19.05, 0.08 21.88, 0.07 19.44, 0.09
15 23.22, 0.16 18.47, 0.35 21.4, 0.06 19.12, 0.06 20.95, 0.05 19.45, 0.09
20 21.76, 0.07 18.53, 0.11 20.77, 0.04 19.14, 0.05 20.53, 0.03 19.45, 0.08

Table 3.2: Packet Train and PacketBurst (Average, Standard Deviation) Bandwidth Esti-
mation Comparisons for 20 Mbps link

Packet trains are subject to more packet coalescing at higher rates as there are more
opportunities for packets to arrive while the interrupt is being serviced. We increase the
available bandwidth of the link to 20Mbps for our experiment summarized in Table 3.2.
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Again, we find that the PacketBurst technique is unable to utilize short packet train lengths
and small packet sizes and it requires a minimum train length and packet size. For for a
packet train of six MTU-sized packets and 20 Mbps of available bandwidth (Table 3.2),
the PacketBurst technique experiences an |19.45−20.0

20.0
|×100% = 2.75% error whereas packet

trains experience a |24.32−20.0
20.0

| × 100% = 21.6% error.

Occurrences of Packet Coalescing

We find that using the PacketBurst technique is necessary for nearly all packet trains.
In all cases, we must remove the first packet in the packet train since it may not fully
capture handling latency. The inaccuracy of packet train estimates increases if there is
packet coalescing at the end of the train, which leads to a significantly higher bandwidth
estimate.

We now determine the number of occurrences per case, where each case is as defined in
Fig. 3.2. The least amount of coalescing is Case (a) where there is no additional coalescing
at the beginning or at the end. Using the packet trains of length six or higher, we find
that there are 7 and 3 occurrences of out of a total of 500 packet trains that exhibited the
Case (a) coalescing pattern for a 0.5 Mbps a and 20.0 Mbps respectively. The remaining
packet trains are classified as Case (c) where coalescing happened at the beginning of the
packet train. We did not have any occurrences of Cases (b) and (d) where packet coalescing
occurred at the end of the train. This demonstrates that there is a systematic error at
the beginning of the packet train, and our PacketBurst technique removes this systematic
error. In our analysis, we found that in all cases, there were two packets at the beginning
of the train that were coalesced with each other.

3.1.5 Real Testbed with Emulation

We now evaluate our PacketBurst technique against packet trains at higher rates on a
real testbed where we introduce jitter and burstiness, which would introduce inaccuracies
in the packet train estimates. Our testbed consists of a sender and a receiver (Intel(R)
Xeon(R) CPU E5-2620 v2 @ 2.10GHz) connected by a Ethernet link which we modify
using Ubuntu’s Traffic Control Utility (tc) [116]. Unless otherwise specified, we present
the mean and standard deviations of 100 packet trains. We have selected a bandwidth rate
of 20 Mbps as they reflect the available uplink bandwidth of wireless links that our target
devices typically utilize [5, 24]. Fig. 3.8 illustrates our test-bed. The latency is defined as
the time the link requires to transmit a packet from the sender to the receiver, which is
100 ms.
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Figure 3.8: Testbed Setup

Impact of Latency and Jitter

In this section, we introduce jitter into our testbed setup. We use netem, which is compo-
nent of tc, to set the available bandwidth using the command: netem delay 100ms 10ms

rate 20mbit. With the introduction of jitter, we expect bandwidth estimates to be lower
as the jitter would periodically increase packet inter-arrival time.

Table 3.3 presents our results, and we find that packet trains significantly under predicts
the available bandwidth. This is due to jitter, which may cause the packet inter-arrival
time to be greater. Our experiment also shows that using the PacketBurst technique
improves packet train bandwidth estimates for train sizes as low as four. Because packet
train estimates are calculated using the first and last receive timestamp, these estimates
may be too low as the first and last packet inter-arrival times may be elongated due to
jitter. The PacketBurst technique removes the first packet from its bandwidth estimate
calculation as it does not fully capture the interrupt handling latency. By doing so, one
source of additional latency is removed from the estimate, resulting in a higher estimate
that is closer to the available bandwidth on the link.

Although Table 3.3 has shown that the PacketBurst technique can address inaccura-
cies caused by jitter, we find that a significant amount of jitter impacts the PacketBurst
technique’s ability to rectify the packet train’s under estimation. Table 3.4 shows the
packet train and PacketBurst bandwidth estimation when jitter is increased to 50 ms. The
PacketBurst technique is only able to obtain an estimation that is 1.76 Mbps better than
packet trains for a train size of 12. We find that in both these cases, packet coalescing is
not observed. Nonetheless, the PacketBurst technique is able to improve upon the packet
train estimates.
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Packet Train Packet Burst
Train Size Mean Std Mean Std

2 13.49 9.51 - -
4 10.25 7.72 14.26 7.45
6 9.27 6.3 12.99 6.85
8 10.05 5.74 13.08 5.87
10 10.8 5.43 14.95 5.23
12 11.7 4.95 14.24 5.01
14 11.98 4.78 14.27 4.96
16 13.01 4.76 15.46 4.24
18 12.68 4.3 15.08 3.95
20 13.92 3.97 16.06 3.5

Table 3.3: Packet Train and PacketBurst Bandwidth Estimates Mbps (Average, Standard
Deviation) in Mbps for Testbed with 100 ms latency, 10 ms jitter, and 20 Mbps

Packet Train Packet Burst
Train Size Mean Std Mean Std

2 10.29 10.29 - -
4 7.37 8.51 11.51 9.17
6 6.44 7.63 11.03 8.61
8 5.59 6.47 9.09 8.0
10 5.34 6.3 8.16 7.4
12 6.85 6.87 8.61 7.06
14 6.01 5.75 8.78 6.47
16 6.44 6.22 9.14 6.9
18 6.59 5.51 8.79 6.02
20 6.28 4.89 9.38 5.9

Table 3.4: Packet Train and PacketBurst Bandwidth Estimates Mbps (Average, Standard
Deviation) in Mbps for Testbed with 100 ms latency, 50 ms jitter, and 20 Mbps
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3.1.6 Discussion and Summary of PacketBurst

The impact of operating system schedule and kernel interrupts has been acknowledged
in many related works [66, 133]. However, of our surveyed works, none address how we
may account for discrepancies in receive timestamps as a result of the scheduling. Our
PacketBurst bandwidth estimation technique accounts for interrupt latency and packet
coalescing and is able to improve upon packet train estimations.

Having an accurate bandwidth estimate is important as adaptive video bitrate protocols
often use this estimate to select the highest video bitrate [12, 16]. A packet train estimate
may indicate the maximum video bitrate that can be obtained while not increasing the
user’s delay. Consequently, improving these estimations can also improve the viewer’s
quality of experience.

The PacketBurst estimation technique can only be used to improve upon packet train
estimates. If the packet train is insufficiently long to capture traffic shaping, then it cannot
be expected that the PacketBurst technique is able to correctly estimate the bandwidth.
An example of this is found in LTE where Balasingam [14] showed that packet trains need
to be sufficiently long such that they span multiple scheduling cycles; otherwise, packet
trains measure the network’s capacity (the medium’s rate) as opposed to the available
bandwidth.

In summary, the PacketBurst technique can be used to obtain more accurate band-
width estimates than packet trains. We first identify the systematic inaccuracies of packet
train bandwidth estimates caused by packet coalescing. We identify four cases of packet
coalescing and remove coalesced packets from packet train calculations to obtain a more
accurate bandwidth estimate. The PacketBurst technique removes coalesced packets from
the packet train to obtain a more accurate bandwidth estimate. It can be applied to exist-
ing packet-train-based bandwidth estimation methods to reduce the error caused by kernel
interrupts, thereby making packet trains practical for live video streaming protocols.

3.2 Machine Learning for Predicting Link Instability

Adaptive video bitrate protocols are used to provide video streaming applications with a
smooth, high-quality video stream while using highly variable links. To accomplish this,
it is important for these protocols to consider aspects such as latency and loss. Latency
can cause video to arrive past its deadline and stall, and the presence of packet loss can
cause artifacts in the video stream. The ability to predict link instability, which we define
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as sharp increases in latency and application-level packet loss, or sudden drops in available
bandwidth over a short period of time, is advantageous for adaptive video bitrate proto-
cols. These protocols can use link instability predictions to reduce their bitrate or to send
redundant data to ensure that their data arrives on time. These link instability predictions
can be made using ML techniques.

3.2.1 Contributions

In this section, we make the following contributions:

• Firstly, we analyze traces of large, Canadian LTE providers that were provided to
us from a live video streaming service provider. We characterize these traces and
show that LTE links are highly variable, thereby motivating the need for instability
prediction.

• Secondly, we describe example construction, which maps a set of attributes to a
classification of stable or unstable, using the provided raw data. The classification is
used for prediction.

• Thirdly, we determine the attributes that provide the greatest predictive ability for
various definitions of link instability using Analysis of Variance (ANOVA) f-statistics
and Recursive Feature Elimination (RFE) rankings.

• Finally, we evaluate the classification and false positive rates of various ML tech-
niques. This contribution provides us with an overview of the predictive ability of
many ML techniques and with insight on the techniques to use when predicting
changes in bandwidth, latency, and loss. Specifically, we find that DTs and KNNs
are able to provide a high classification rates while maintaining low false positive
rates.

3.2.2 Trace Description

In this Section, we analyze traces that were collected using a multi-homed, commercial
video streaming application that was provided to us by the application developer. The
application’s video streaming session was stationary (i.e., no movement), half an hour in
duration, and consisted of aggregating four LTE links concurrently. The LTE providers
are Canadian and include Telus, Bell ×2, and Rogers. Over the duration of the video
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stream, the application periodically collected network metrics such as mean latency, two
standard deviations of latency for a recent window (between feedback intervals), jitter, and
instantaneous measured received bandwidth.

Figure 3.9: CDF of Measurement Intervals (ms)

Because of the application’s design, the inter-arrival time between consecutive network
measurements are not equal and depend on the amount of data received by the receiver.
Network metrics collected during the video streaming session are shown in Figure 3.9 which
depicts the Cumulative Distribution Function (CDF) of the difference in feedback intervals
for our four traces. The average interval of our measurement samples is 104.5 ms with a
standard deviation 1899.3 ms. The maximum difference in our measurement samples is
approximately 500 s, which indicates that the link has failed at some point. We find that
90% of our feedback intervals are below 194 ms, and 99% of are feedback intervals are
below 254 ms.

We analyze the feedback information that is provided to the application which includes
available bandwidth, packet loss, latency, and jitter. Firstly, Figure 3.10a presents the
CDF of the instantaneous received bandwidth, and Figure 3.10b presents the CDF of
the percentage changes in the available bandwidth between subsequent measurements.
On average, there are 2.6 Mbps available, with a standard deviation of 1.2 Mbps. The
minimum bandwidth experienced during the testing period was 0.0Mbps up to a maximum
of 9.1 Mbps. We find that the measured bandwidth dropped by more than 5% for 3.43%
of our measurements, where measurements are typically conducted within 100-200 ms of
each other. This roughly translates to a 17% - 30% drop in available bandwidth within a
second.

Secondly, our traces indicate that 99.8%, with a standard deviation of 2.1%, of the pack-
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(a) CDF Recv BW (b) CDF % Change

Figure 3.10: Instantaneous Received Bandwidth (Recv BW)

(a) CDF Packet Delivery Percentage (b) CDF % Change

Figure 3.11: Analysis on Packet Delivery Percentage

ets arrived. The packet delivery percentage ranges between 8.09% to 100%, and 1.37% of
our observations indicate a packet delivery percentage of less than 100%, which repre-
sents 147 s. On average, the packet delivery percentage changes 0.0085% with a standard
deviation of 2%.

Thirdly, Figure 3.12a shows that the mean latency is 68.9 ms with a standard devi-
ation of 65.3 ms. Typically, real-time communication requires latency to be lower than
150ms [10]. Our traces exceed this threshold for 1.4% of our measurements, which accounts
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(a) CDF Mean Latency (ms) (b) CDF % Change

Figure 3.12: Analysis on Mean Latency

for 108.83 s. The difference in mean latency between subsequent measurements is 8.7%
with a standard deviation of 412.75%. This demonstrates that mean latency measurements
in wireless are highly variable.

(a) CDF Jitter (ms) (b) CDF % Change

Figure 3.13: Analysis on Jitter

We depict the amount of jitter in Figures 3.13a and 3.13b. On average, there is 1.8 ms
of jitter with a standard deviation of 7 ms. The maximum jitter that was experienced
was 258.1 ms. On average, jitter changes 80.4% between measurement intervals with a
standard deviation of 412.8%
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(a) CDF RSSI (dBm) (b) CDF Percentage Differnece in RSSI

Figure 3.14: Analysis on RSSI

We analyze Received Signal Strength Indicator (RSSI). Figures 3.14a and 3.14b shows
CDF of the RSSI measurements and the percentage difference of RSSI. On average, the
mean RSSI is -66.5 dBm with a standard deviation of 18.7 dBm. The minimum RSSI
experienced is -100 dBm. An RSSI value of -67 dBm or higher indicates a fairly strong
signal, and a value of -90 dBm or lower indicates a poor signal [130]. We find that the RSSI
value of below -90 dBm occurs for 0.006% of the measurements or for 0.68 s of the traces.
On average, the percentage difference between measurements is 0.002% with a standard
deviation of 1.48%.

3.2.3 Classifying Link Instability

In this section, we specify our definitions of link instability. Using these definitions, we
describe example construction for training and testing using our raw data. We analyze
attributes to determine those that best predict link instability. Finally, we outline the ML
techniques that we use to predict link instability.

Link Instability Definitions

Many of the systems presented in Section 2.2.2 focus on using deep-learning techniques,
decision trees, or random forests for bandwidth prediction. However, within the wireless
environment, bandwidth predictions may not be valid for an extended period of time.

57



Latency and packet loss are also important metrics to consider when characterizing link
instability as they affect the link’s ability to deliver data in a timely manner. We investigate
the following definitions of link instability:

• Drop in Available Bandwidth (BWD): A link is unstable if its measured band-
width is lower than the average bandwidth minus two standard deviations for the
last two seconds. A significant drop in available bandwidth may be an indicator of
poor signal strength or congestion. We select this threshold as it may indicate lower
available bandwidth in the future for the video stream.

• Recent Latency Increase (RLI): The link is unstable if the minimum latency
for the last second is greater than the minimum latency for last ten seconds. The
increase in minimum latency for the recent time window indicates the presence of
queuing delay, as inspired by COPA congestion control [13]. We select this signal as
it is an indication of congestion, which may result in delayed video data.

• Packet Loss (Loss): The link is unstable if it exhibits an application-level packet
loss of 2% or more. The loss is experienced by the application as it uses UDP to
stream video. This threshold was selected as Tommasi et al. [139] found that a loss
rate of 2% or more caused video streaming metrics such as Peak-Signal-to-Noise-Ratio
(PSNR) to drop by half.

• Highly Variable Latency (LatI): A link is unstable if the latency is greater than
the mean latency plus two standard deviations of latency measurements for the last
two seconds. We select this threshold as a sudden increase in latency may be due to
increased queuing delay resulting from congestion. As congestion can cause delayed
data, we say that a link is unstable if it experiences a sudden increase in latency
above this threshold.

Example Creation

Figure 3.15 illustrates how we construct our attributes and classification which form our
training and testing examples. Our timestamped logs contain instantaneous measurements
of latency, jitter, received bandwidth, packet arrival rate, and RSSI. Each measurement is
represented by a circle with a label Mi. As shown in Figure 3.15, a series of timestamped,
raw measurements is used for attribute construction and is referred to as our history window
as it represents the collected measurements that we can use for link instability prediction.
In Figure 3.15, M1, M2, M3 form the history window. Because we do not have regular
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Figure 3.15: Example creation from raw traces.

Attribute
f-statistic, p-value

BWD RLI Loss LatI

Recv BPS (avg) 15954.0, 0.0 15850.4, 0.0 50.4, 0.0 2172.5, 0.0
Recv BPS (r-value) 151.9, 0.0 70.9, 0.0 39.0, 0.0 562.7, 0.0
Recv BPS (slope) 165.0, 0.0 155.8, 0.0 7.7, 0.0 515.9, 0.0
Recv BPS (std) 78.7, 0.0 2276.2, 0.0 11.8, 0.1 11796.6, 0.0
Jitter (avg) 179.1, 0.0 9.8,0.2 1422.8, 0.0 2986.5, 0.0
Jitter (r-value) 23.9, 0.0 77.3, 0.0 2.8, 0.4 197.0, 0.0
Jitter (slope) 10.7, 0.0 30.2, 0.0 29.3, 0.0 148.8, 0.0
Jitter (std) 42.0, 0.0 33.7, 0.2 574.2, 0.0 2359.1, 0.0
Mean Latency (r-value) 30.3, 0.0 10.7, 0.4 5.9, 0.3 65.9, 0.0
Mean Latency (slope) 25.2, 0.0 21.7, 0.0 427.3, 0.0 396.1, 0.0
Delivery % (avg) 2317.7, 0.0 53.8, 0.1 29.6, 0.0 149.1, 0.0
Delivery % (r-value) 86.9, 0.0 3.5, 0.2 1.4, 0.6 10.3, 0.2
Delivery % (slope) 99.9, 0.0 9.0, 0.1 0.6, 0.6 0.8, 0.5
Delivery % (std) 72.9, 0.0 41.3, 0.0 15.4, 0.1 2.6, 0.3
RSSI (avg) 421.3, 0.0 5145.8, 0.0 65.9, 0.0 41753.2, 0.0
RSSI (r-value) 48.9, 0.0 25.4, 0.0 35.7, 0.1 159.9, 0.0
RSSI (slope) 5.5, 0.2 3.3, 0.3 21.9, 0.0 106.6, 0.0
RSSI (std) 547.1, 0.0 173.3,0.0 16.9, 0.1 388.0, 0.0

Table 3.5: (f-stat, p-value). Bold numbers indicate attributes that are selected for example
construction.

sampling intervals, the size of our observation history window is specified in terms of
number of measurements. Attributes are summaries of our raw measurements that include
the mean, standard deviation, slope, and correlation (r-value).
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Attribute
RFE Ranking

BWD RLI Loss LatI

Recv BPS (avg) 3.6 10.4 7.6 10.8
Recv BPS (r-value) 7.4 9.8 7.2 5.8
Recv BPS (slope) 4.0 9.6 8.4 9.4
Recv BPS (std) 2.6 14.6 6.4 8.8
Jitter (avg) 6.0 8.2 6.8 10.6
Jitter (r-value) 14.4 4.4 10.4 6.8
Jitter (slope) 15.8 15.6 13.2 16.2
Jitter (std) 8.0 5.6 7.4 8.2
Mean Latency (r-value) 10.4 8.4 8.6 11.8
Mean Latency (slope) 12.6 5.6 9.4 9.4
Delivery % (avg) 3.8 8.0 4.2 4.6
Delivery % (r-value) 13.2 11.6 14.0 7.8
Delivery % (slope) 17.2 17.4 18.0 18.0
Delivery % (std) 9.0 4.4 11.8 6.4
RSSI (avg) 5.0 7.6 7.2 6.4
RSSI (r-value) 13.8 6.4 8.4 5.6
RSSI (slope) 17.8 17.2 13.4 15.6
RSSI (std) 6.4 6.2 8.6 8.8

Table 3.6: RFE rank. Bold numbers indicate attributes that are selected for example
construction.

Figure 3.15 also illustrates the introduction of a gap window, represented as M4, that
follows immediately from the history window. Raw data in the gap window is not used
for attribute construction or for classification/prediction. The gap window represents the
time that is used by the application to use the link instability prediction for deciding
the appropriate actions to take. A gap window is required because video encoders often
need time to lower the video bitrate smoothly. Insufficient time to lower the video bitrate
results in larger frames or a higher data rate than what the link can support, resulting in
congestion and delayed video data.

Finally, as shown in Figure 3.15, we define a horizon window that is used to determine
the classification, or label, that indicates the link’s instability. An example’s classification
is either unstable or stable. In Figure 3.15, the horizon window is represented by M5

and M6. M6 represents the unstable event, resulting in a classification of unstable for the
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constructed example.

To construct our ML examples, we first partition our traces based on the definition of
link instability. Multiple examples are constructed using a partition that ends with the
unstable event. For example, let M1, M2, ... Mn−1, Mn be subsequent measurements that
are used to create an example. M1 to MHistorySize are used to construct the attributes
for our first example. The classification of this example depends on the presence of an
unstable event in the horizon window, which is defined as the period between
TS(MHistorySize) +GapSizeMs and
TS(MHistorySize)+GapSizeMs+HorizonWindowSize. We continue to construct examples
by considering subsequent measurements; the next example would use measurements M2

to MHistorySize+2 to create the attributes.

Attribute Analysis

Ideally, attributes that provide the greatest information gain should be selected when
creating examples for training a ML model. The appropriate tests to determine these
attributes are ANOVA’s f-statistic [37] and RFE [122] since our examples map numerical
data to categorical data.

ANOVA’s f-statistic compares the ratio of the variance between groups and the variance
within a group (or the ratio of explained variance to unexplained variance). Intuitively,
it indicates the predictive capability of the attribute. The p-value must be less than 0.05
and the f-statistic must be greater than 1.0 for the attribute to be considered significant.

RFE fits a model and removes the weakest attribute until the desired number of features
is met. In our analysis, our target number of features is one, and we obtain rankings
regarding the predictive ability of our different attributes.

Table 3.5 indicates the ANOVA f-statistic, and Table 3.6 indicates the RFE ranking
for all of our attributes under the different definitions of link instability (BWD, RLI, Loss,
and LatI). Because we have many examples, we randomly select a subset to determine the
f-statistic and RFE ranking. We repeat this process five times and present the average.

Machine Learning Techniques

After constructing our examples, we evaluate the following ML techniques for link insta-
bility prediction by using sklearn’s implementation of these methods:
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• Naive-Bayes (NB): Uses Bayes-Theorem that assumes independence among pre-
dictors.

• Logistic Regression (LR): Coefficient or weights are learned to produce a 0 or 1
for classification

• Stochastic Gradient Descent (SGD): Maximizes an objective function. It learns
a linear scoring function to make a prediction.

• K-Nearest Neighbours (KNN): The distance between the queried example is
calculated between the training examples, and the classification is the majority’s
classification. We use neighbourhood sizes of 2, 5, and 10.

• Decision Trees (DT): Learns simple rules from attributes. We evaluate tree heights
of 5, 10, 15, 20 and unbounded.

• Neural Networks (NN): A deep learning method that has been heavily inves-
tigated by literature. We evaluate the identity, tanh, relu, and logistic activation
functions and use early stopping.

• Support Vector Machines (SVM): Partitions data using a hyperplane. We in-
vestigate polynomial functions with degrees between two to four.

We use 3
4
of the examples for training and the remaining 1

4
for testing. The top five

attributes as determined by ANOVA’s f-statistic and by RFE are used to construct the
examples, which we have indicated in bold in Tables 3.5 and 3.6.

3.2.4 Evaluating Machine Learning Techniques

We evaluate the ability of different ML techniques to predict different definitions of link
instability. We search through many combinations of history, gap, and horizon window
sizes as well as different boosting percentage levels to determine the ML technique and the
window settings that provide the highest classification rate.

Metrics

To evaluate the effectiveness of different ML techniques and training examples, we con-
sider the unstable event prediction rate and the false positive rate. An unstable event
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Figure 3.16: Average and StdDev of F1 and Accuracy score for different ML techniques
for different Link Instability definitions

Figure 3.17: False Positive Rate v. Classification Rate for DT, KNN, and SVM
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I Def. FP Rate Class Rate ML Technique Description

0.0 0.05 DT (7, 1000, 1000, 25, f-statistic)
0.01 0.15 DT (10, 250, 2000, 10, RFE)
0.1 0.46 DT (10, 250, 2000, 10, RFE)
0.25 0.94 SVM (10, 1250, 1000, 10, f-statistic)
0.5 0.99 SVM (5, 2000, 5000, 10, RFE)

0.0 1.0 KNN (17, 1250, 4000, 10, f-statistic)
0.01 1.0 KNN (17, 1250, 4000, 10, f-statistic)
0.1 1.0 KNN (17, 1250, 4000, 10, f-statistic)
0.25 1.0 KNN (15, 1000, 4000, 10, f-statistic)
0.5 1.0 KNN (10, 1250, 1000, 10, RFE)

0.0 0.4 DT (5, 500, 5000, 10, RFE)
0.01 0.8 DT (5, 1500, 5000, 10, RFE)
0.1 1.0 KNN (10, 1000, 2000, 10, RFE)
0.25 1.0 KNN (5, 250, 5000, 10, f-statistic)
0.5 1.0 KNN (12, 1000, 4000, 10, f-statistic)

0.0 0.4 DT (10, 250, 4000, 10, RFE)
0.01 0.73 DT (7, 250, 5000, 10, RFE)
0.1 0.96 DT (10, 750, 5000, 25, RFE)
0.25 1.0 KNN (10, 1000, 4000, 10, RFE)
0.5 1.0 KNN (10, 1000, 3000, 25, RFE)
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Table 3.7: Summary of the best Classification (Class) rate given a maximum False Positive
(FP) rate. The first column is the Instability (I) definition. The second and third columns
indicate the FP and Class rate respectively. The ML Technique description is (name,
history size (obs), gap size (ms), horizon size (ms), boosting amount (%)).

occurs when a condition for link instability is satisfied. An unstable event may be used in
multiple training examples depending on the size of the horizon window. For example, a
packet arrival rate of 90% may occur at the beginning or at the end of a 3000 ms horizon
window, and this event may be used in multiple examples. Therefore, we measure the
success of a ML technique based on its ability to classify an unstable event before the
unstable event reaches the gap period. The unstable event classification rate is defined as
TotalUnstableEventsClassified

TotalNumUnstableEvents
.

At times, a ML technique may predict link instability incorrectly, resulting in a false

64



Figure 3.18: False Positive Rate v. Classification Rate for SGD, LR, NB, and NN

positive. The false positive rate is defined as the number of times the technique incorrectly
predicts instability over the total number of stable classifications in our testing set. Ideally,
a ML technique has a low false positive rate because an application may unnecessarily
reduce its sending rate due, resulting in network under-utilization.

We evaluate our various ML techniques using examples that were constructed as spec-
ified in Section 3.2.3. Our experiments comprise different combinations and subsets of
the history window size (5, 7, 10, 12, 15, 17, or 20 observations), gap size (250, 500, 750,
1000, 1250, 1500, 1750, or 2000 ms), horizon window size (1000, 2000, 3000, 4000, or
5000 ms), and boosting levels (10%, 25%, 50%, or None). The boosting level indicates the
percentage of our training examples that have link instability because the majority of our
training examples are classified as stable. Furthermore, we investigate the classification
rate when we use the top five attributes as determined by f-statistic and by RFE ranking
for each definition of instability. These attributes include Instantaneous Received Bitrate
(Recv BPS) (avg, std, slope, r-value), Packet Delivery % (avg, std), RSSI (avg, std), Mean
Latency (slope), and Jitter (avg, std, r-value) over all link instability definitions.

ML Tools to Use

We first explore the F1 and the accuracy score of our different ML techniques for different
link instability definitions in Figure 3.16. The bar graphs in Figure 3.16 indicate the
average and standard deviation across all created models using combinations of different
history, gap, horizon and boosting level sizes. We find that for most cases, DTs have the
highest F1 and accuracy score for our constructed examples where as SVMs tend to have
lower F1 and accuracy scores. We find that KNN has higher accuracy for prediction Loss,
LatI, and BWD than for RLI.
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Num Obs 5 10 15 20

I Def. Tech. CR FP CR FP CR FP CR FP

DT 0.77 (0.19) 0.48 (0.17) 0.84 (0.16) 0.54 (0.12) 0.79 (0.16) 0.5 (0.12) 0.82 (0.14) 0.56 (0.14)
KNN 0.87 (0.0) 0.52 (0.0) 0.84 (0.01) 0.51 (0.01) 0.98 (0.01) 0.74 (0.01) 0.99 (0.0) 0.74 (0.01)
SVM 0.66 (0.21) 0.44 (0.14) 0.41 (0.27) 0.31 (0.16) 0.56 (0.08) 0.42 (0.19) 0.52 (0.08) 0.47 (0.22)

DT 0.44 (0.28) 0.03 (0.02) 0.32 (0.26) 0.03 (0.02) 0.32 (0.26) 0.03 (0.02) 0.35 (0.15) 0.03 (0.02)
KNN 0.8 (0.07) 0.06 (0.0) 0.9 (0.1) 0.06 (0.0) 0.83 (0.17) 0.06 (0.0) 0.77 (0.1) 0.06 (0.0)
SVM 0.8 (0.27) 0.78 (0.26) 0.69 (0.32) 0.56 (0.38) 0.69 (0.27) 0.63 (0.28) 0.37 (0.18) 0.3 (0.24)

DT 0.72 (0.22) 0.09 (0.04) 0.79 (0.1) 0.09 (0.03) 0.78 (0.1) 0.12 (0.06) 0.73 (0.2) 0.1 (0.05)
KNN 0.76 (0.23) 0.23 (0.03) 0.73 (0.26) 0.22 (0.02) 0.69 (0.27) 0.22 (0.02) 0.7 (0.28) 0.22 (0.02)
SVM 0.59 (0.3) 0.54 (0.37) 0.74 (0.18) 0.68 (0.27) 0.7 (0.32) 0.6 (0.38) 0.74 (0.04) 0.67 (0.35)
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Table 3.8: Impact of Window Size on Classification Rate (CR) and False Positive (FP)
Rate for different instability definitions and ML techniques (Tech.). This table presents
the Average (Standard Deviation) over all configurations of the specified ML technique.
Gap window (1000 ms), horizon window (2000 ms), and boosting level are fixed (25%).

Gap (ms) 250 500 1000 2000

I Def. Tech. CR FP CR FP CR FP CR FP

DT 0.82 (0.2) 0.48 (0.16) 0.81 (0.2) 0.47 (0.17) 0.8 (0.2) 0.48 (0.17) 0.87 (0.1) 0.6 (0.07)
KNN 0.88 (0.0) 0.5 (0.01) 0.88 (0.0) 0.51 (0.01) 0.85 (0.0) 0.52 (0.01) 0.85 (0.01) 0.53 (0.0)
SVM 0.58 (0.27) 0.61 (0.23) 0.82 (0.15) 0.51 (0.26) 0.59 (0.11) 0.48 (0.13) 0.78 (0.22) 0.7 (0.3)

DT 0.35 (0.24) 0.04 (0.02) 0.33 (0.22) 0.03 (0.01) 0.43 (0.32) 0.03 (0.02) 0.42 (0.27) 0.04 (0.01)
KNN 0.8 (0.07) 0.06 (0.0) 0.73 (0.0) 0.06 (0.0) 0.83 (0.1) 0.06 (0.0) 0.83 (0.1) 0.06 (0.0)
SVM 0.75 (0.28) 0.73 (0.28) 0.69 (0.27) 0.58 (0.33) 0.82 (0.2) 0.81 (0.18) 0.47 (0.29) 0.4 (0.33)

DT 0.78 (0.15) 0.11 (0.06) 0.68 (0.16) 0.07 (0.03) 0.81 (0.1) 0.09 (0.05) 0.62 (0.2) 0.07 (0.03)
KNN 0.74 (0.25) 0.23 (0.03) 0.75 (0.24) 0.23 (0.03) 0.75 (0.23) 0.22 (0.03) 0.72 (0.26) 0.21 (0.02)
SVM 0.68 (0.07) 0.47 (0.36) 0.42 (0.29) 0.58 (0.4) 0.43 (0.29) 0.62 (0.31) 0.57 (0.3) 0.48 (0.36)
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Table 3.9: Impact of Gap Size on Classification Rate (CR) and False Positive (FP) Rate
for different failure definitions and ML techniques (Tech.). This table presents the Average
(Standard Deviation) over all configurations of the specified ML technique. History window
(5 observations), horizon window (2000 ms) and boosting level are fixed (25%).

We further explore each ML technique’s ability to identify link instability for a given
maximum false positive rate as different applications may have different tolerances for
unnecessarily reducing the available bandwidth. The results are listed in Table 3.7, where
each row specifies the maximum acceptable false positive rate and link instability definition.
The Class Rate column indicates the maximum classification rate to two significant digits.
In general, a tolerance for a higher false positive rate results in a higher classification rate.

Furthermore, Table 3.7 shows that using RFE for attribute selection results in higher
classification rates given a maximum false positive rate. We find that DTs can achieve low
false positive rates for different definitions of link instability. We also find that KNNs can
achieve a high classification rate if the user is willing to tolerate a higher false positive rate.
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False Positive Rate v. Classification Rate

The results from Table 3.7 suggest that there is a relationship between false positive rate
and classification rates for link instability. In Figure 3.17, we plot the classification rate v.
the false positive rate for various experiments, which vary across the different window sizes
and boost percentage, for DT, KNN, and SVM as they were able to achieve the highest
classification rate given a maximum false positive rate, and we plot the remaining ML
techniques in Figure 3.18

These results show that many ML techniques can detect RLI; however, they may also
have a high false positive rate. Although a single setting of KNN can detect RLI (Table 3.7),
there are many models that have a high false positive rate, leading to lower accuracy
(Figure 3.16). With regards to BWD and LatI, Figures 3.17 and 3.18 suggest that there
may be a linear relationship between the false positive and classification rates. Finally,
these figures suggest that Loss is difficult to detect for SGD, LR, NB, and NN since the
false positive and classification rate are equal to each other. To detect Loss, Figure 3.17
suggests the use of a DT or a KNN.

We find that there is a linear relationship between false positive and classification rate
for stochastic gradient descent in many of the cases. We find that in some cases such as
predicting latency or loss, Support Vector Machines are unable to classify link instability
or have a high classification rate with a high false positive rate. Finally, the trends in
Figure 3.17 suggest that KNN is able to predict bandwidth drops whereas DTs are better
at predicting increases in latency, and LR has higher classification rates for loss as a whole.
We find that the classification rate and false positive rate for NNs and SVMs greatly vary.
We evaluated different activation functions for NNs and different polynomial degrees for
SVMs. Although these techniques may benefit from further tuning, such as learning rates
and iterations, we wanted to maintain the same amount of time spent for tuning each ML
technique. A simpler technique, such as a DT, may offer higher classification rates and
lower false positive rates than NNs and SVMs without additional tuning time.

Window Size Analysis

We now determine how window sizes (history and gap) affect the predictive ability of our
ML Techniques. Analyzing the impact of the history window size allows us to determine
the window size that best captures trends while not being susceptible to noise. Analyzing
the gap size allows us to determine how far ahead we can predict in the future. In our
first experiment, we vary the history window size ( 5, 7, 10, 12, 15, 17, 20 observations)
and fix the gap and horizon windows to be 1000 ms and 2000 ms respectively. We present
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the results for history window sizes of 5, 10, 15, and 20 in Table 3.8. Table 3.8 shows the
impact of horizon window size on the false positive rate and the classification rate for the
loss (Loss), changes in bandwidth (BWD), and drops in latency (we select to use LatI as
both LatI and RLI detect changes in latency). We find that smaller history window sizes
are better for predicting Loss and LatI whereas larger (20 observations) window sizes are
better for predicting BWD.

Our next experiment investigates the impact that gap size has on the classification and
false positive rate. We vary the gap size between (250, 500, 750, 1000, 1250, 1500, 1750,
2000 ms). We also fix the history window size to be 7 observations, the horizon window
size to be 2000 ms and the boosting level to 25%. Table 3.10 shows the false positive and
classification rate as we increase the gap size. For the BWD and LatI, we find that the
predictive ability of our ML technique decreases as we increase the gap size; however, the
trend is less clear with Loss.

Finally, we determine how often changing the size of the history window and gap
window affects the resulting classification rate and false positive rate significantly. To
accomplish this, we perform the paired student-t test between all combinations of history
window sizes and gap window sizes respectively for the DT, KNN, and SVM techniques.
Each observation is paired according to the aspects of the attribute that do not change
(e.g., horizon window size, boosting level, and any ML technique setting). The results
of this experiment are found in Table 3.10. For DTs predicting Loss instability, we find
that different history window sizes significantly affect the classification rate 86% of the
time and the false positive rate 57% as the p-value of the student-t test was less than
α = 0.05 threshold. We find that the differences in history and gap window sizes impact
the classification and false positive rates less often for SVMs than for DTs and KNNs.

3.2.5 Discussion

The inputs to the machine learning techniques are the summary statistics (e.g., average,
standard deviation, slope, etc.) for the network metrics (e.g., delay, available bandwidth,
signal strength, etc.). The user must measure the input network metrics, track the mea-
surements for a given window, and calculate the summary statistics to use as input to the
machine learning technique.

The machine learning technique produces a classification or prediction of either stable
or not stable, and the user may use this prediction to adapt or lower the video bitrate.
These predictions can also be used in the multi-homed environment to decide when to use
alternate paths.
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Obs. Size Gap Size

I Def. Technique CR FP CR FP

DT 81% 100% 95% 100%
KNN 100% 95% 67% 86%
SVM 29% 38% 14% 48%

DT 86% 57% 90% 71%
KNN 67% 90% 71% 100%
SVM 33% 38% 19% 24%

DT 76% 81% 95% 100%
KNN 95% 86% 67% 100%
SVM 10% 67% 38% 43%
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Table 3.10: Percentage of combinations that where different window size yielded significant
differences in Classification (CR) and False Positive (FP) rates

3.2.6 Summary

In this section, we have analyzed commercial wireless LTE traces that were used for video
streaming and exhibited significant unstable events. Using these traces, we created exam-
ples for training and testing ML models for link instability. Because link instability can
manifest itself as packet loss, increases in latency, or drops in available bandwidth, our
goal was to determine if we could predict link instability using various ML techniques.
We found that RFE provided better attributes for ML model training than ANOVA’s f-
statistics as ML models trained on these attributes have higher classification or prediction
rates. Furthermore, our analysis and results showed that different ML techniques should
be used based on the definition of instability. We found that DTs often provided the high-
est classification rate given a maximum false positive rate; however, KNNs should be used
when predicting increases in latency.

Our work addresses many overlooked areas in related work including how to address
unequal sampling or measurement intervals in terms of time in raw data. As an alternative,
we use a fixed number of observations and capture the trends in various network metrics.
By doing so, we capture different metrics with different inter-time sampling intervals.
We found that using 5 to 10 observations in the history window provided the highest
classification rates given a maximum false positive rate. Furthermore, we have considered
statistical ML techniques and have found that KNNs work well in many cases. We have also
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investigated other definitions of link instability instead of focusing on available bandwidth
prediction. Lastly, we have introduced a gap window and have shown that we can obtain
a prediction early enough for applications to adapt.

3.3 Chapter Summary

In this chapter, we have introduced techniques for link quality modelling. Our PacketBurst
bandwidth measurement techniques removes inaccuracies caused by kernel interrupts for
packet trains. When using six MTU-sized packets to estimate available bandwidth, the
PacketBurst technique experiences an 2.75% error whereas packet trains experience a 21.6%
error when the available bandwidth is 20Mbps.

We have also presented a method for link instability prediction using traces collected by
an application developer. We analyzed traces and determined process metrics (e.g., mean,
standard deviation, slope, and correlation values) to capture trends in network measure-
ments such as latency, application-level packet loss, and available bandwidth. Using these
traces, we investigated the use of different statistical ML techniques and their predictive
ability to determine link instability.
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Chapter 4

Conflux: A Multi-homed Adaptive
Bitrate Protocol for On-Site Live
Video Streaming

In this chapter, we present Conflux: a multi-homed adaptive bitrate protocol for on-
site, live video streaming over wireless networks. Conflux is a modular protocol that
encapsulates link quality characterization, packet scheduling, and video bitrate adaptation
into different, independent modules. This approach simplifies the design of each module
and enables Conflux to support different configurations (e.g., number of links) or user
preferences with changes that are localized to a single module.

Our chapter contents are as follows: Section 4.1 introduces the challenges that Conflux
addresses. We describe Conflux’s protocol design in Section 4.2. We present our evaluation
methodology in Section 4.3 and evaluate Conflux and its comparison systems in Section 4.4.

4.1 Unique Challenges Found in On-Site Live Video

Streaming

The primary focus of Conflux is to provide low-latency, video bitrate adaptation for on-
site, live news casting in the multi-homed environment. The importance of this application
is demonstrated by existing proprietary solutions [34, 50, 89, 140] that stream low delay
(80ms - 1s), broadcast-quality video. This application’s challenges differ from those found
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in on-demand video (Netflix), studio live streaming (Youtube Live, Twitch TV) and video
conferencing (WebRTC, Skype). In this section, we describe these challenges.

Challenge #1 Use of Mobile Networks

Many commercial solutions use 4G/5G links to stream video because wired and private
WiFi links are often unavailable (e.g., disaster or remote areas) or do not provide the end
user with the necessary mobility. Streaming video over 4G/5G is challenging because these
links are highly variable and can drop to near zero usable bandwidth in a short period of
time [38, 97, 106]. This variability can be the result of poor signal quality due to presence
of physical barriers, weather, and distance to cell towers, and the number of other users
accessing the base station [8, 11, 14, 87]. Thus, the link’s data rate is often below the
provider’s advertised rate.

To address data rate variability and poor signal strength, providers often employ large
in-network buffers [58] and link-layer Automatic Repeat reQuests (ARQ) [11] to prevent
application-level packet loss which can increase network latency [68]. Given that our ex-
pected deployments are at areas of interest (e.g., disaster zones or large community events
such as sports and concerts), a single link may not have sufficiently high bandwidth and
low latency for the duration of the video stream. It is challenging to consistently deliver a
video stream in these environments without the occasional disruption that is unacceptable
for live broadcasting.

Challenge #2 Scalability

A single 4G/5G link may not be able to sustain a low-latency, broadcast-quality video
stream for its duration [38]. And as video bitrate demands continue to increase [119], even
two links may be insufficient. Therefore, it is important that an adaptive, live, multi-
homed video streaming protocol be scalable and adaptable as video bitrate requirements
and networks evolve.

Challenge #3 Flexibility for Users

Users have different bandwidth usage budgets and video bitrate preferences depending on
their viewership and the type of event that is being captured. It is challenging to construct
a flexible protocol that can be easily adapted to different users without redesigning core
components such as video bitrate adaptation or multi-path scheduling.
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There are many dimensions, such as video bitrate, multi-path scheduling, and the use
of redundancy, that need to be considered simultaneously when streaming adaptive, low-
latency video in a multi-homed environment. It is important that a protocol captures the
trade-offs of these decisions to address the aforementioned challenges.

4.2 Conflux Protocol

Figure 4.1: Overview of Conflux. Solid arrow depicts the flow of video data. Shaded arrow
depicts the control information.

Designing a multi-homed, adaptive video bitrate protocol is challenging because it must
address multi-homed transport and video bitrate adaptation. Conflux aims to solve both
challenges. Figure 4.1 depicts Conflux’s design which comprises a Control Plane and a
Data Plane and their respective modules. The Control Plane (Section 4.2.1) determines
the sending rate on each link, the video bitrate, and the total sending rate which is affected
by the amount of redundancy, and the Data Plane (Section 4.2.2) carries out the Control
Plane’s decisions.

4.2.1 Conflux’s Control Plane

Conflux’s primary goal is to obtain the highest user QoE, which is affected by the video
stream’s bitrate and its bandwidth usage cost. We can model the impact that these
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attributes have on user QoE using a utility function that specifies the utility score, or
reward, obtained by the video’s attributes. Given the user’s utility function, Conflux’s
Control Plane maximises end-user QoE by determining the video streaming parameters
that provide the highest expected utility. We characterize the challenge of maximising the
user’s expected utility as a decision making under uncertainty problem.

Conflux represents the solution to this problem as a configuration, which is defined as
the sending rate on each link and the video bitrate that is targeted by the video encoder.
Conflux maximises end user’s QoE by finding the best configuration, which is the one that
provides the highest expected utility. Determining the best configuration requires: (1) the
probability that Conflux is able to achieve a video stream that does not stall or have visual
artifacts, (2) a utility function that specifies a video stream’s reward based on its attributes
such as video bitrate, and (3) the ability to search through different possible configurations
to determine the one that provides the highest expected utility.

Figure 4.2: Overview of Conflux’s Control Plane

Conflux comprises different modules where each module addresses one of the aforemen-
tioned requirements. Figure 4.2 shows an overview of the control plane and how information
flows between the different Conflux modules. We describe the Probability of Success, User
Preferences, and Configuration Finder modules in turn.

Probability of Success
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Constant Description
α / α′ Constant to control the weight of the most recent good

observation (α = 10000 , α′ = 100)
β / β′ Constant to control the weight of the most recent bad

observation (β = 10000, β′ = 100)
γ Specifies the threshold of affected sending rates that in-

cur β penalty when the observation is bad (γ = 0.5)
pgood The threshold sending rate of affected buckets when the

observation is good (pgood = min(1Mbps, SR × 0.05 +
0.2Mbps))

pbad The fraction of sending rates (and their respective buck-
ets) affected below the sending rate when the observa-
tion is bad (pbad = 0.9)

rgood The reduction factor applied to the weight of the ob-
servation for buckets above the sending rate when the
observation is good (rgood = 0.75)

rbad The reduction factor applied to the weight of the ob-
servation for buckets below the sending rate when the
observation is bad (rbad = 0.75)

Table 4.1: Algorithm 1 Constants

Conflux’s Probability of Success module models link quality as a PSuccess function
that maps an input sending rate to an estimate of the probability that all data is delivered
at that rate by the user-specified deadline. As links are heterogeneous, each link has
its own PSuccess function. Using the links’ PSuccess functions, Conflux estimates the
video stream’s probability of on-time arrival. This probability is multiplied by the user’s
utility score (Section 4.2.1). In this section, we describe our method of constructing the
PSuccess function that uses latency measurements to detect the presence of queuing delay
and congestion. We use a rolling window of these measurements to estimate the link’s
probability of on-time data delivery for different sending rates.

We efficiently construct and update our PSuccess function using real network mea-
surements to obtain an accurate model that reflects the network’s current condition. To
accomplish this, we group similar bitrates together so that there are fewer rates to measure.
We define a bucket to be a bitrate range that is bounded by a minimum and maximum.
Each range is selected based on the number of fixed-sized packets used to send a video
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Algorithm 1 UpdatePSuccess(feedback, sendRate)

1: if feedback.latency ≥ acceptable delay then
2: for All Buckets B do
3: B.Psuccess = 0.0
4: end for
5: else if feedback.isGood == True then
6: for All Buckets B below sendRate do
7: B.PSuccess = (100×B.PSuccess)+α

100+α
;

8: end for
9: w = α′

10: for All Buckets B s.t. sendRate ≤ B.max rate ≤ pgood + sendRate do
11: B.PSuccess = 100×B.PSuccess+w

100+w
;

12: w = w × rgood
13: end for
14: else if feedback.isGood == False then
15: for All Buckets B above γ× sendRate do
16: B.PSuccess = 100×B.PSuccess

100+β
;

17: end for
18: w = β′

19: for All Buckets B such as γ × sendRate× pbad ≤ B.max rate ≤ γ × sendRate do
20: B.PSuccess = 100×B.PSuccess

100+w
;

21: w = w × rbad
22: end for
23: end if

frame where the last packet may be smaller than the fixed size. Equation 4.1 shows this
calculation using the Video Bitrate (VBR), Frame Rate (FR), and Packet Size (PS). When
using 512-bytes packets and a frame rate of 25 fps, an additional packet per video frame
results in a VBR increase of 102.4kbps (Equation 4.2). Therefore, we use 102.4kbps as our
bucket size.

NumPackets =
V BR

1/FR
× 1

PS
(4.1)

BucketSize =
PS

1/FR
(4.2)

Each bucket’s PSuccess value estimates the link’s ability to deliver data at its bitrate.
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This value is calculated using a rolling window of feedback measurements (i.e., one-way
delay) that identify the presence of queuing delay and congestion. Using the insight pro-
posed by COPA [13], a link’s condition is good when it does not exhibit an increase in
queuing delay that is the result of congestion. This increase is identified when the min-
imum measured latency for a recent window (up to one second) of time is greater than
the minimum measured latency for a longer window (ten seconds) of time. We say that
the link’s condition is good and can support the sending rate when there is no increase in
queuing delay. Otherwise, the link’s condition is bad.

Algorithm 1 updates the PSuccess function as feedback measurements arrive. Table 4.1
specifies Algorithm 1’s parameters and their values in our implementation, which were
determined experimentally. Lines 1-5 show that if the link’s latency is above the user’s
acceptable delay, the PSuccess function returns 0.0 since data cannot arrive by its deadline.
When feedback indicates that the link’s latency is lower than the user’s acceptable delay, the
PSuccess values are updated as a weighted rolling average. Lines 6-13 show that all buckets
that are less than or equal to SendingRate update their PSuccess values by applying α to
the weighted rolling average formula (Line 8) when feedback indicates that the link is good.
Buckets that are between SendingRate and pgood +SendingRate are also updated using a
lower weight (α′) because the link may be able to support these rates. Lines 14-23 show that
buckets that are greater than or equal to γ×SendingRate (Line 18) reduce their PSuccess
values using β when the link is bad. Furthermore, buckets between pbad×γ×SendingRate
and γ×SendingRate update their PSuccess values using a lower weight (β′). Conflux also
detects when feedback is not received within 4xRTT, which indicates congestion as packets
have not arrived to generate feedback. In this case, Conflux updates the link’s PSuccess
function as though it was bad using the unacknowledged packets’ sending rate. This allows
Conflux to ramp down the link’s sending rate quickly to avoid congestion.

The Conflux sender is designed to be deployed on a dedicated device (i.e., a video
camera) that streams video over LTE. Because of these deployment expectations, it is not
necessary for Conflux to be fair to other network flows on the same device. Furthermore,
we do not need to consider fairness among different LTE users that share the same LTE
spectrum since the eNodeB (or cell tower) schedules resources across users [6].

The use of each link may impact the decisions of other users, and this may result in
changes in the amount of available bandwidth. As the LTE scheduler is responsible for
dividing resources among all users, we do not model the impact of other users’ decisions in
the PSuccess function. This is because we expect that the impact of other users’ decisions
to be small compared to other factors such as physical barriers and the total number of
users accessing the cell tower; thus, we leave this challenge for future work.
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Building the PSuccess Function

The PSuccess function is built using real network measurements to accurately reflect cur-
rent link conditions. This method of constructing PSuccess is challenging when (1) there
is no link information available at the beginning of the video stream and (2) determining
the PSuccess of rates that are higher than what the user has chosen to explore. Conflux
probes links by sending data at unexplored bitrates, which are typically higher than the
user-selected streaming rates, to address both challenges.

Selecting the appropriate probing strategy is important because we do not want prob-
ing to cause self-inflicted congestion which can lead to lower video quality [145]. In our
design, Conflux probes links one at a time in a round-robin fashion so that alternate links
remain available to resend data if the probed link becomes congested. Furthermore, we use
redundant data (Section 4.2.1) for probing to reduce the risk of delayed data. When there
is no link information available, we initially set the probing rate to be 102.4Kbps, which is
our bucket size (Section 4.2.1). We double our probing rate as positive feedback is received
so that we can quickly explore high bitrates. However, once our probing mechanism dis-
covers an upper limit to the link’s available bandwidth which is indicated by bad feedback,
we probe at the lowest sending rate that normally has a PSuccess value of 0. This rate
is either the lowest rate that we have not explored or is 102.4Kbps above the previously
measured available bandwidth. Probing packets are sent after video data packets so that
video data might arrive on time even if the probing rate is greater than the link’s available
bandwidth. This probing mechanism ensures that we do not continue to cause significant
amounts of self-inflicted congestion.

User Preferences

In addition to the probability of on-time video frame arrival, maximizing the user’s expected
utility also requires the user’s utility score, which represents the user’s QoE. Conflux users
specify their QoE model as a utility function in the User Preferences module. The utility
function uses metrics that affect user QoE to calculate the user’s utility score. These
metrics include video bitrate and the monetary cost of sending data over LTE. We select
these metrics because video bitrate affects video quality and user QoE [113] and because
users may have limited budget for using LTE [157]. The User Preferences module allows
users to adjust their trade-offs.

Other video quality metrics directly capture video distortion and user QoE. However,
collecting these metrics may not be practical for live, remote video streaming due to time
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and energy constraints. Examples of these metrics include the Structural Similarity In-
dex (SSIM), Peak Signal-to-Noise Ratio (PSNR), Video Multimethod Assessment Fusion
(VMAF), and Mean Opinion Score (MOS). Accurately obtaining and comparing video
quality metrics such as SSIM, PSNR, and VMAF requires additional hardware for en-
coding multiple copies of the video stream at different bitrates to compare the encoded
video with the reference video. Unfortunately, this is infeasible given the power consump-
tion budget of mobile devices [56]. Furthermore, measuring metrics such as MOS requires
post-streaming analysis [78] which does not meet the delay requirements for live streaming.

Conflux uses user-specific utility functions to better adapt to different users since the
relationship between video quality metrics and user QoE is often dependent on the type
of video and user [170]. In our design, the utility function’s specified score is awarded if
the video frame arrives on time. For simplicity, we treat all video frames equally when
determining their expected utility score. These utility functions are used as inputs to the
Configuration Finder (Section 4.2.1) which determines the Conflux-selected video bitrate
(abbreviated as C.V BR) and the total sending rate (abbreviated as C.SR). We provide
two example utility functions that address different user preferences.

Aggressive Equation 4.3 specifies a utility function that is designed for users, such as
sports viewers, who have high video bitrate requirements and some tolerance for delayed
video data [96]. Given these preferences, this utility function rewards high video bitrate
according to the sigmoidal relationship between video bitrate and user QoE [55, 129].
Furthermore, it rewards significantly less utility to lower sending rates that are used to
avoid congestion. To model the sigmoidal relationship between video bitrate and user
QoE, Equation 4.3 specifies an exponential component to encourage the Configuration
Finder (Section 4.2.1) to select higher bitrates that have lower PSuccess values than lower
bitrates. Equation 4.3 caps the utility gain at MaxVBR, which is the user’s maximum
desired video bitrate, to avoid streaming at extremely high bitrates where the returns on
user QoE are not appreciable.

U(C) =

{
bC.V BR V BR ≤ MaxV BR
bMaxV BR Otherwise

(4.3)

Conservative Equation 4.4 specifies a utility function for users who may prefer no inter-
ruptions and are willing to have a lower video bitrate [164]. We use our PSuccess models
to identify the highest rate that we are confident that the link can support; this rate has
a 1.0 PSuccess value and is referred to as BW (l). This user preference limits the sending

79



rate on each link, which is referred to as SR(l), to be less than the user-selected fractional
threshold t of BW (l). For example, if the highest rate with a PSuccess of 1.0 on link l is
1 Mbps, and t = 0.5, then the SR(l) is limited to be 0.5 Mbps.

As shown in Equation 4.5, positive utility is given for each link’s SR that is below
t×BW (l). If a link’s sending rate exceeds t×BW (l), then the utility score for that link is
−SR(l) to heavily discourage sending at rates that are greater than this threshold. Using
this utility function reduces the potential for congestion as it encourages links to send at
rates which we are confident that the links can support.

U(C) = (
∑

l∈Links

Score(l)) (4.4)

Score(l) =

{
SR(l) SR(l) ≤ t×BW (l)
−SR(l) Otherwise

(4.5)

Configuration Finder

The Configuration Finder module determines the configuration, which is defined as the
sending rate on each link and the video bitrate that is targeted by the video encoder, that
provides the highest expected utility. To calculate the expected utility, we must determine
the Probability that the Video Frame Arrives (PV ideoFrameArrival) on time since utility
is gained only if the video frame can be reconstructed by its deadline. PV ideoFrameArrival
is calculated using the links’ PSuccess functions and is the product of the links’ PSuccess
at their sending rates since all sent data must be received on time to reconstruct the video
frame by its deadline.

The Configuration Finder searches through and evaluates configurations with different
sending rates to determine the one that has the highest expected utility. There is a short
time budget to accomplish this because the video encoder must be informed of the updated
video bitrate to adapt the size of its generated frames to the changing network conditions.
Although exhaustive algorithms may find the configuration with the maximum expected
utility, they may require a significant execution time and cause the video encoder to con-
tinue to generate frames that either cause self-inflicted congestion when sent or do not fully
utilize the available bandwidth. Therefore, we aim to find a new configuration within 20ms
since we expect video frames to arrive every 40ms to allow the video encoder to adjust its
bitrate. Furthermore, we budget this amount of time because the LTE schedules packets
to be sent at this time interval [6].
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To address the challenge of meeting the time budget for selecting the updated configu-
ration, we reduce our search space by conducting a coarse-grained search through possible
sending rates on each link. Conflux uses the configuration from this subset with the highest
expected utility.

Determining the best configuration by analyzing the links’ PSuccess functions is not
possible when link quality information is unavailable or when all links are unable to deliver
data on time. In these scenarios, the Configuration Finder uses a user-provided, default
configuration. In our implementation, Conflux selects a low video bitrate and replicates
video data across all links to ensure on-time video data arrival, to collect link quality
information, and to prevent over-sending that can cause congestion for future video data.

4.2.2 Conflux’s Data Plane

The Data Plane partitions the video data into packets, creates parity packets, and sends
all packets on the available links according to the configuration. It consists of the sender-
side buffer, the Packet Assignment Module, and the dejitter buffer. Figure 4.3 shows an
overview of Conflux’s data plane and the information exchanged with the control plane.

Figure 4.3: Overview of Conflux’s Data Plane.
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Sender-side Buffer

Conflux’s sender-side buffer holds the video data prior to sending to ensure that the links
do not send more data than the configuration-specified amount. This is necessary when the
video encoder generates a video frame that is larger than expected as sending this frame
immediately can cause self-inflicted congestion. Unfortunately, retaining this video frame
increases delay and may cause video data to miss its deadline. The sender-side buffer’s
occupancy is reported to the control plane which lowers the video bitrate that is reported to
the encoder. This lower rate is calculated as V BR

NumFramesInBuffer
. There is also an additional

5% reduction for each consecutive instance that the sender-side buffer has more than one
video frame. By reporting a lower video bitrate, Conflux drains the sender-side buffer and
prevents late video data.

The Packet Assignment Module

The Packet Assignment Module (PAM) sends the sender-side buffer module’s data every
20 ms. We select this interval because it is lower than our frame inter-arrival time so that
a frame is sent before the next frame arrives. Furthermore, it is a common LTE uplink
scheduling period [107]. At the start of this 20 ms cycle, the PAM uses the configura-
tion to determine the total number of packets (TotalNum) it can send during its current
cycle. The PAM partitions the video data into packets and sends them according to the
configuration.

Dejitter Buffer

As video packets arrive from the sender, the dejitter buffer at the receiver reconstructs the
video stream from the packets. It reorders the video data according to the global sequence
number and returns data in order by its deadline, skipping over any data that has not
arrived on time. This avoids the head-of-line blocking for on-time video frames that are
sent after the delayed frame, which can occur in protocols such as MPTCP and MPQUIC
due to their in-order arrival guarantees.

4.3 Methodology

We evaluate Conflux by streaming video over various trace-driven, emulated network en-
vironments. In this section, we describe the traces that specify the available bandwidth of
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our wireless links, our comparison systems, liveness requirements, and encoding settings.

4.3.1 Traces

We select Mininet [100] as our network emulation tool as it is commonly used within the
networking community to evaluate networking and streaming systems. Our application
streams video across two nodes on a Mininet network. Each node in the Mininet network
has multiple network interfaces representing multiple links. We perform a trace-driven
emulation that follows the methodology presented in Mao et al. [94] where a link’s available
bandwidth changes once every five seconds. We use traces from publicly available datasets
including Riiser et al. [118], Winstein et al. [145], and Mei et al. [97], and we describe them
in turn.

Riiser et al. [118] measures the throughput achieved at the application layer when
streaming video over 3G networks in a non-stationary environment that includes walking
and commuting on various types of public transportation. As these traces provide the
bandwidth measurement’s timestamp, the available bandwidth for this workload changes
according to the time of bandwidth measurement. We select these traces because they
have recently been used to evaluate many other systems such as [94, 172, 165] and because
they exhibit low available bandwidth, up to 4 Mbps, which is characteristic of a challenging
network environment for video streaming.

Winstein et al. [145] collects bandwidth measurements by saturating a link between the
sender and the receiver and are recorded using the Mahimahi record-and-replay tool [106]
that captures the arrival time of each packet. We use the traces that are found in the
Mahimahi deployment. Winstein et al. collected 17 minutes of data by driving around the
Boston area during rush hour. This measured available bandwidth is up to 38 Mbps.

Mei et al. [97] measures available bandwidth using TCP iperf, and the server logs TCP
throughput. These measurements were collected at different times of day, and the duration
of each trace ranges from 10000 s to 20000 s. These traces were collected while commuting
on six different transportation routes, totaling seven traces where one route was repeated,
in New York City. The maximum available bandwidth measured in this trace is 25 Mbps.

The aforementioned traces do not provide fine-grained delay measurements. As our
evaluation setup requires link delay to be specified, we use findings from [15, 48, 59, 145]
to determine our default link delay. Winstein et al. [145] observed the one-way delay
in their measurements to be 20 ms. Other works have found their respective sender-to-
receiver delays to be between 15-50 ms. The range in one-way delays between the different
works is a result of different measurement environments and paths between the sender and
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receiver. We use a 20 ms one-way delay to emulate a wireless network link that is not
experiencing signal or data loss following the findings of [48, 145].

Finally, these traces also lack packet loss information. Works such as [15, 59] have
found applications seldom experience lost packets because of underlying link-layer retrans-
mission (ARQ) mechanisms and large buffers to conceal packet loss. Instead, packet loss is
manifested at the application level as a temporary increase in latency. We emulate packet
loss by periodically increasing latency temporarily, and this increase is specified for each
experiment.

4.3.2 Metrics

To evaluate Conflux and its comparison systems’ ability to stream live video, we primarily
use the video stream’s quality which is captured by the following metrics:

• Peak-Signal-to-Noise Ratio (PSNR): A common metric to evaluate video quality
[127, 147, 148, 156].

• Video Multi-Method Assessment Fusion (VMAF): Developed by Netflix [105],
it is a score between 0 to 100 where 100 indicates that the produced video is identical
to the reference video.

We use the official library provided by Netflix to measure the VMAF and PSNR of
Conflux and its competitors. We have observed that missing a complete video frame results
in significant penalties for our metrics due to frame alignment de-synchronization [4]. This
penalty affects Conflux and the comparison systems that are subject to delayed video data.

4.3.3 Videos

Our application streams several reference videos captured at 1080p at 25fps which are
described in Table 4.2. We select videos that are live and have interesting events. These
videos also have different lengths and profiles to investigate the video quality that Conflux
and its comparison systems can obtain when streaming over a highly variable wireless
network for different amounts of time. Figure 4.4 shows the relationship between video
bitrate and VMAF quality and illustrates the obtainable video quality improvements as
video bitrate increases.
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Figure 4.4: Video Bitrate v. Reference video VMAF (No Loss)

Video Time (s) Description
Lion 47 Video with slower motion
Sun 60 Panning over a landscape

SMove 60 High-motion during an extreme weather event
SStat 60 Stationary during an extreme weather event
Walk 120 Video with moderate motion

Table 4.2: Test Video Description

The lion [141] clip was gathered online; thus, it has been compressed so that it requires
lower bitrate to retain its original quality. The remaining videos were captured on our
device (iPhone 12), which is more characteristic of videos used in our expected deployment
since they have not been edited or post-processed. Our evaluation primarily uses the Walk
video.

4.3.4 Video Streaming Settings

A live video stream must meet the user’s latency requirements for the video stream to
remain relevant to the user and for the user to have high QoE [91]. We refer to the user’s
latency requirements as the acceptable delay which is the time from video capture to arrival
at the receiver. Unless otherwise stated, our experiments use an acceptable delay of 500 ms
because it is a widely used and accepted threshold for live video streaming [31, 10, 127].
Works such as [30] have found that 500ms delays result in humans having fair perception.
We refer to late video data as video data that arrives past the user’s acceptable delay. This
data is dropped from the video stream as the filmed event has passed. Incurring late data
causes incomplete frames as the frames that are played are missing some of their data.

Following widely accepted industry recommendations to ensure that our evaluation is
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representative of a typical deployment, we encode these videos using Adaptive BitRate
(ABR) encoding with intra-refresh mode and the key frame interval set to the maximum
value [2, 63].

4.3.5 Comparison Systems

Multi-homed, adaptive video bitrate protocols must schedule packets over multiple links
and adapt the video bitrate as their links’ conditions change. We compare Conflux with
systems that use an oracle which provides the available bandwidth; this information is used
to adapt the video bitrate. The quality of the resulting video stream is used to evaluate
multi-homed transport protocols and schemes.

FRA-JSCC + Available Bandwidth Oracle (FRA and FRA-OPT)

FRA-JSCC performs joint-source channel coding and FEC. FRA-JSCC estimates band-
width using PathChirp [117] to determine the video bitrate and sending rate on each link.
We remove PathChirp and provide FRA-JSCC with each link’s available bandwidth as it
allows us to isolate and evaluate FRA-JSCC’s core algorithm, which is video bitrate adap-
tation and packet scheduling. We evaluate two versions of FRA-JSCC. The first version
(FRA) streams video over the network; thus, the resulting video may be missing data due
to deadline violations. The second version’s (FRA-OPT) video is obtained by encoding at
the requested target bitrate; thus, it does not incur any deadline violations. We include
this version because FRA-JSCC may experience deadline violations due to the encoder’s
limitations. The encoder may generate more data than expected, which we discuss in
Section 4.5, and FRA-JSCC may temporarily send more data than the links’ available
bandwidth since its design does not include a sender-side buffer. Furthermore, in our
evaluation of FRA-JSCC, we found that the assigned weights for their presented weighted
round-robin scheduler may oversend data on a link. This causes congestion that results in
video deadline violations. We remove this limitation in FRA-OPT; thus, its video quality
results are FRA-JSCC’s theoretical maximum.

MPTCP + Oracle Video Bitrate Adaptation (MPTCP)

We construct a live video streaming comparison system called MPTCP Oracle that uses
MPTCP for multi-homed video data delivery. We select BLEST [45] as MPTCP’s scheduler
since it is designed for latency-sensitive workloads and is found to be the state of the
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Figure 4.5: VMAF vs. %-tage Aggregate Available Bandwidth

art [92, 137]. MPTCP is a transport protocol and does not predict the available bandwidth.
However, available bandwidth information is needed to adapt the video stream’s bitrate to
changing network conditions. Therefore, this system uses an oracle that has knowledge of
the total aggregate available to perform video bitrate adaptation.

We cannot directly use the total aggregate available bandwidth as the video bitrate as
MPTCP may make scheduling decisions that result in late data since it does not know
the available bandwidth on each path. We found that we can achieve higher video quality
if the MPTCP Oracle streams at a fraction of the total aggregate available bandwidth.
Figure 4.5 shows MPTCP Oracle’s video quality as the fraction of the total aggregate
available bandwidth used for video streaming increases from 10% to 60%. Each line in
Figure 4.5 shows the obtained video quality for a given number of links, which we refer to
as a setting. Each setting is evaluated 150 times using our aforementioned traces.

In our experiments, MPTCP experiences head-of-line blocking, which increases the
amount of delayed data and lowers video quality as a result. We find that as the send-
ing rate approaches above 50% of the total available bandwidth, the five-link deployment
experiences a significant increase in its 95%-tile delay (600ms). In this setting, MPTCP
required at least four seconds to achieve excellent user perception. Thus, we select the
streaming percentage, which is 40%, that can achieve our acceptable delay while not for-
going additional video quality.

Self-Clocking Rate Adaptation (Scream)

Scream [74] is a single-homed congestion control protocol that provides a target bitrate.
Scream does not offer multi-homing for a single stream over multiple network interfaces,
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and it does not specify a multi-homed scheduler for multi-stream support. Therefore, we
provide Scream with a link that has the same amount of available bandwidth as the sum
of the available bandwidth of all links given to our multi-homed systems. This comparison
system represents Scream’s ability to stream video under perfect multi-homed scheduling.
Our comparison system was adapted using Scream’s implementation provided by [123].
We evaluated various settings and found that setting the queue delay target to be 100ms
and turning on Scream’s ECN feature to provide Scream with the highest VMAF.

Theoretical Optimal (TOpt)

TOpt’s achieved video quality is obtained by encoding videos at the total aggregate avail-
able bandwidth. These analytical results are a theoretical upper limit on the obtainable
video quality.

4.4 Evaluation

In this Section, we evaluate the following Conflux User Preferences which we described in
detail in Section 4.2.1:

• Aggressive (CAgg): This User Preference prioritizes video bitrate and models
sigmoidal relationship between video bitrate and user QoE. Following Section 4.2.1’s
Equation 4.3, the reward is 2V BR.

• Conservative (CCons90%): This User Preference aims to avoid self-inflicted con-
gestion by sending at 90% of the links’ estimated available bandwidth. Section 4.2.1
specifies its reward in Equation 4.4 where the threshold t = 0.90.

• Conservative (CCons75%): Same as CCons90% but the threshold t = 0.75 for
Equation 4.4.

We compare Conflux with its comparison systems, investigate the differences between
Conflux’s User Preferences, and characterize the effectiveness of Conflux’s recovery mech-
anisms.

88



(a) Walk Video VMAF Results

(b) Walk Video PSNR Results

Figure 4.6: CDFs of video quality metrics for Walk video. Line towards the right is better.

4.4.1 Conflux vs. Comparison Systems

Figure 4.6a presents the CDFs for VMAF of 50 sessions of streaming the Walk reference
video using the Mei et al. traces. We evaluate Conflux using up to five links as many devices
support up to four links [34, 50, 89]. We compare Conflux User Preferences’ (Aggressive,
Conservative 90%, Conservative 75%) achieved video quality with our comparison systems.
Our results show that Conflux is able to scale as the number of links increase and often
provides higher video quality than the non-optimal systems. VMAF values can be mapped
to human perception categories of excellent, good, fair, poor, bad [79]. Our non-optimal
comparison systems often achieve poor or bad video quality, and our results show that
Conflux Aggressive achieves at least fair video quality in many of our experimental settings.

TOpt’s video quality is the theoretical maximum in our evaluation environment. Ideally,
a system’s achieved VMAF in Figure 4.6a should be as close as possible to TOpt’s achieved
VMAF. Figure 4.6a shows that Conflux Aggressive’s achieved VMAF is closest to TOpt,
and this shows that it provides the highest video quality over all remaining comparison
systems. Conflux Aggressive provides a median video quality that is 71% of TOpt at two
links and 86% at five links. The difference between Conflux and TOpt narrows with more
links because the total aggregate available bandwidth of four links is sufficient to achieve
near-perfect (100) VMAF, and Conflux uses the fifth link to obtain higher video bitrate,
resulting in higher video quality. The difference in video quality between Conflux and
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TOpt is due to Conflux encoding at a lower bitrate than TOpt. Conflux’s selects lower
video bitrates since the video bitrate is adapted according to Conflux’s estimated available
bandwidth, which requires time to determine.

Compared to FRA-JSCC, Conflux Aggressive consistently provides higher median video
quality, between 61-336%, despite FRA-JSCC having perfect (oracle) knowledge of each
link’s available bandwidth. We found that the assigned weights for the weighted round-
robin packet scheduling resulted in over-sending on some links, leading to congestion and
deadline violations. Furthermore, FRA-JSCC may also experience deadline violations due
to encoder limitations which result in larger-than-expected video frames; we discuss these
limitations in Section 4.5.

We remove these limitations and present FRA-JSCC’s theoretical maximum video qual-
ity as FRA-OPT in Figure 4.6a. When compared to FRA-OPT, we find that Conflux
Aggressive is able to provide 34% higher median VMAF in the two-link environment. This
is because FRA-JSCC uses parity data, between 24-25%, to ensure on-time video data
arrival. Thus, FRA-JSCC forgoes additional video quality that can be obtained by using
higher video bitrates than the ones selected. This improvement decreases to 21%, 13%,
4% for three, four and five links respectively because there is more available bandwidth to
stream video.

The MPTCP Oracle achieves the highest VMAF of all the non-optimal, multi-homed
comparison systems. Nonetheless, it offers lower median video quality than Conflux. As
the number of links increase, the MPTCP Oracle’s scheduler has more chances to send at
rates that are greater than the path’s available bandwidth. Consequently, the scheduler’s
decisions may result in congestion that causes head-of-line blocking due to MPTCP’s in-
order requirements. This causes the video stream to experience more late data, resulting
in poor video quality in the five-link setting. Figure 4.6a illustrates MPTCP’s inability
to scale its video quality with the number of links, and it shows that Conflux Aggressive
provides an 18%, 13%, 37%, and 86% improvement in video quality over MPTCP Oracle
for two, three, four, and five links respectively. This is because Conflux streams at a higher
video bitrate and incurs less late data than the MPTCP Oracle.

We find that Conflux provides a 4%, −8%, −11%, and −11% improvement in the
overall median video quality over Scream as the number of links increase from two to five
in the high bandwidth environment. We find that the Scream comparison system drops
video data from its RTP queue when the queue delay reaches a target threshold. As the
number of links increase, a drop in available bandwidth in one link is more likely to be
compensated by an increase in available bandwidth on another link. With perfect multi-
homing available to Scream through the use of a single link, Scream is able to achieve

90



(a) Walk Video VMAF Results Using Winstein et al. traces

(b) Walk Video VMAF Results Using Riiser et al. traces

Figure 4.7: CDFs of video quality metrics for Walk video. Line towards the right is better.

higher VMAF than Conflux as the number of links increase. However, Scream also has
a much longer tail than Conflux. This indicates that it may request and send too much
video data, leading to congestion and delayed video data. As we have designed Conflux’s
PSuccess function to be more conservative when increasing the video bitrate, Conflux has a
much shorter tail in terms of video quality. Scream may experience more dropped data in a
multi-homed environment since there is a greater chance that at least one path experiences
congestion. This is also shown with other network environments.

Figure 4.6b shows that trends and results in video quality for VMAF also apply to the
PSNR quality metric. PSNR is a quality metric that compares the difference in pixel values
between the produced, streamed video and the reference video whereas VMAF measures
video quality as perceived by humans [88]. As PSNR was widely used as a video comparison
metric prior to the introduction VMAF and per industry recommendations [88], we include
both metrics in our evaluation.

We also evaluate Conflux and its comparison systems using the Winstein et al. and
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Figure 4.8: VMAF of Different User Preferences. Four-link Mei et al. environment

Riiser et al. traces for the two and five link settings. Figure 4.7a shows that Conflux
Aggressive provides a 19% (two links) and 65% (five links) improvement over the best,
non-optimal, multi-homed comparison system for the Winstein et al. environment, which
incurs larger drops in available bandwidth than Mei et al. Scream is susceptible to the drops
in available bandwidth, resulting in a median VMAF of 32, which is lower than Conflux’s
median VMAF of 62 when there are two links. Furthermore, it has a significantly longer
tail than Conflux. This supports our findings from our experiment that uses the Mei et
al., or high bandwidth, traces.

Figure 4.7b shows that Conflux Aggressive can provide a 31% (two links) and 198% (five
links) improvement in low-bandwidth environments such as the one found in the Riiser et
al. traces. Because the links in this experiment have low bandwidth and because VMAF
improvements are greater at low video bitrates (as shown in Figure 4.4), using additional
links to obtain higher video bitrate results in large video quality improvements.

Figures 4.6 and 4.7 show that Conflux has lower maximum VMAF than MPTCP Oracle.
This is due to the encoder generating less data than requested by Conflux, resulting in lower
video bitrate and quality. We discuss impact of Conflux’s design and the interaction it has
with the encoder in Section 4.5.

4.4.2 Conflux’s User Preferences

We now turn our attention Conflux’s various User Preferences that were first presented in
Section 4.4.1. We loop our reference videos to four minutes in length to ensure that all
video streams experience the same network conditions, and we stream over four links using
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Figure 4.9: % Incomplete Frames of Different User Preferences. Four-link Mei et al. envi-
ronment

our Mei et al. workload. Figure 4.8 shows that Conflux Aggressive consistently provides
the highest video quality, where the median VMAF is between 62 and 92, for all of our
reference videos since it uses nearly all of its available bandwidth for sending video data.

Although Conflux Aggressive provides the highest VMAF, there are cases where the
Conservative User Preferences are more desirable. Specifically, the Conservative User Pref-
erences have fewer incomplete frames, which is defined as a video frame that is missing
bytes due to late data, than Aggressive. Figure 4.9 is a whisker plot of the percentage of
incomplete frames experienced by Conflux’s User Preferences. It shows that Conservative
75% experiences the lowest percentage of incomplete frames, between 0.05% to 0.125%
median percentage of incomplete frames, as it is incentivized to have a lower sending rate
than the other User Preferences. Conflux Aggressive experiences the highest percentage of
incomplete frames (0.28% to 0.39%) as it sends as much video data as possible and is the
most susceptible to changing network conditions.

We previously evaluated Conflux and its comparison systems using traces with vari-
able bandwidth to emulate video streaming over LTE networks. However, LTE links can
also experience changing latency when signal loss occurs and packets are lost. The LTE
network’s link layer handles packet loss through detection and retransmission; thus, users
experience an increase in latency at the application level when signal loss occurs [15, 19].
Since our existing traces do not include latency measurements, we extend them with la-
tency measurements to evaluate the impact of variable latency on video streaming. Our
updated traces also use bandwidth measurements from Mei et al. [97] and periodic in-
creases in one-way delay every 30s (Poisson distributed) for 1-2s (uniformly distributed).
Our traces’ baseline one-way delay is 20ms, and we experiment with different increased
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Figure 4.10: VMAF of Different User Preferences. Five links with periodic increases in
latency and drops in available bandwidth.

Figure 4.11: % Incomplete Frames of Different User Preferences. Five links with periodic
increases in latency and drops in available bandwidth.

delay values including 40ms, 80ms, 160ms, 320ms (each direction) to emulate signal loss.
Furthermore, as signal loss is often accompanied by a reduction in available bandwidth [42],
we also reduce the available bandwidth by half when the latency increases.

Figure 4.10 shows the VMAF results, and Figure 4.11 shows percentage of incomplete
frames when signal loss is emulated. The Aggressive User Preference has the highest
VMAF and percentage of incomplete frames of all the User Preferences as it is incentivized
to use as much of the available bandwidth as possible. This is beneficial when the jitter
is sufficiently low so that Conflux is able to maintain a low percentage (less than 1%) of
incomplete frames such that VMAF is not significantly affected. Once jitter reaches to
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320ms, we find that the Aggressive User Preference experiences more delayed data than
the Conservative User Preferences; thus, it has a lower VMAF. Because the Conservative
User Preference does not attempt to saturate its links, it experiences fewer incomplete
frames as is able to obtain a higher VMAF than the Aggressive User Preference.

4.5 Conflux’s Interaction with Encoders

(a) 10Mbps to 1Mbps (90%) (b) 10Mbps to 5Mbps (50%)

Figure 4.12: % encoder error (average and 95% confidence interval) of each subsequent
frame after target bitrate is reduced as indicated in the subcaption. Frame # X indicates
the X th frame since the change in target bitrate. Positive % encoder error indicates that
the produced frame is greater than expected.

Live video streaming applications such as Conflux use one-pass video encoding to meet
their low latency requirements [73]. However, using one-pass encoding may not produce
video data at the requested or target bitrate [82, 99]. The number of frames that the
encoder requires to reach the target bitrate depends on the video content [124].

To characterize the encoder’s accuracy of generating video frames at the target bitrate,
we analyze the encoder’s percentage error where a positive percentage error indicates that
the encoder produced more data than requested. Figure 4.12a shows the average and 95%
confidence intervals of the encoder’s percentage error between the targeted and produced
video bitrate when the target video bitrate drops from 10Mbps to 1Mbps (90% drop).
Similarly, Figure 4.12b shows the encoder’s percentage error when the target video bitrate
drops from 10Mpbs to 5Mbps (50% drop). Figure 4.12 shows that three frames must
elapse before the encoder reaches the new target bitrate. These errors depend on the video
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content or the current state of the encoder [73]. In our deployment which uses the Walk
video, the encoder requires between 120 ms to reach the target bitrate.

Figure 4.13: VMAF comparison of Conflux with is VBR Reduction Mechanism vs. Conflux
with VBR Reduction Disabled.

When the encoder produces more data than requested, the data may remain in the
sender-side buffer for an extended period of time because Conflux limits the sending rate
according to its Configuration (Section 4.2.2). By remaining in the sender-side buffer for
an extended period time, data is more prone to late arrival since it has less time to reach
the receiver.

Our approach to prevent video data from remaining and missing its deadline while
in the sender-side buffer in Section 4.2.2 using Conflux’s buffer-size-based video bitrate
reduction mechanism. We evaluate Conflux Aggressive with and without its video bitrate
reduction mechanism using the Mei et al. [97] workload in the 2, 3, 4, and 5-link settings.
This optimization reduces the video data’s median waiting time from 275 - 456 ms to 47 -
71 ms. A median waiting time of 47ms is acceptable because a frame can be sent before
the next frame is generated. Figure 4.13 shows that using this optimization results in up
to 259% higher video quality (VMAF) than if it was not included.

Conversely, we find that Conflux’s VMAF may also be limited due to the time required
for the encoder to adjust to a higher video bitrate. Figure 4.14a and Figure 4.14b the
percentage error when the requested video bitrate changes from 1Mbps to 10Mbps and
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(a) 1Mbps to 10Mbps (b) 5Mbps to 10Mbps

Figure 4.14: % encoder error (average and 95% confidence interval) of each subsequent
frame after target bitrate increases from the amounts as indicated in the subcaption. Frame
# X indicates the X th frame since the change in target bitrate. Negative % encoder error
indicates that the produced frame is smaller than expected.

5Mbps to 10Mbps respectively. We find that the resulting frame size can be as small as
half of the requested frame size. These figures show that a significant number of frames
must elapse before the percentage error is greater than -30%.

As the resulting video bitrate does not reach the requested video bitrate quickly, this
results in foregone video quality as video bitrate is correlated with video quality metrics
such as shown in Figure 4.4. Because the encoder requires time to adapt when Conflux
lowers and re-adjusts the requested video bitrate in the event of congestion, Conflux does
not obtain the optimal video bitrate.

4.6 Chapter Summary

In this chapter, we presented Conflux: A Multi-homed Adaptive Bitrate Protocol for On-
Site Live Video Streaming. Conflux is a modular protocol that encapsulates link quality
characterization, packet scheduling, and video bitrate adaptation into different, indepen-
dent modules. We presented the PSuccess module that represents link quality as a function
of sending rate to the probability that a link can deliver data on time at this rate. This
abstraction allows Conflux to evaluate the trade-offs between video bitrate and on-time
arrival. We introduced the User Preferences modules that specifies the user’s preferred
trade-off as a utility function. The links’ PSuccess modules and the user’s User Preference
module are used as input to the Configuration Finder to find the video bitrate and the
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links’ sending rates that maximize the user’s expected utility. This modular design allows
Conflux to be extended to different types of network links and various types of users with
minimal changes to the core framework.

Our evaluation showed that Conflux provided at least 13% improvement in VMAF
over other non-optimal, multi-homed comparison systems for the Mei et al. workload. We
illustrated that our various User Preferences were able to make their intended trade-offs
between video bitrate. We characterized short-comings of the video encoder to show that
single-pass encoders may not always produce video data at the requested rate. To address
this, we introduced Conflux’s video bitrate reduction mechanism that reports a lower target
bitrate to avoid video data being queued in the sender-side buffer. We showed that this is
necessary to ensure that video data does not expire in the sender-side buffer.
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Chapter 5

Recovery Mechanisms in Conflux

Introducing recovery for lost or delayed packets containing video data is important in
ensuring that the video stream does not experience disruptions when link quality degrades
or when a connection is lost. This is because having 2% delayed data can already halve
video quality metrics such as PSNR [139]. Determining the impact of recovery mechanisms
is important because using them comes at the cost of using available bandwidth that could
have been used for obtaining a higher video bitrate.

In this chapter, we introduce recovery mechanisms to Conflux to increase the amount
of video data that arrives on time when links experience congestion or when links drop
packets in network environments that do not have underlying retransmission mechanisms.
In designing recovery mechanisms, we consider retransmission and using Forward Error
Correction (FEC) to ensure that the video data arrives on time at the receiver.

Packet retransmission in the multi-homed environment can be effective at preventing
delayed video data when a link experiences congestion since there may be alternate paths
that are able to deliver the video data on time. Retransmitting delayed data is preferable
to sending redundant data as bandwidth is used only when packets are delayed, and this
is beneficial for cost-sensitive users who do not want to expend additional bandwidth
unnecessarily. For retransmission to be effective, the timeout should be long enough to
avoid incorrectly identifying the link as being congested while being short enough so that
there is sufficient time for the retransmitted data to arrive by its deadline. Furthermore,
there should be sufficient available bandwidth to send retransmitted and new video data.

An alternative to retransmission is FEC. FEC constructs parity data from the original
data, and all data is sent at the same time. With FEC, not all data is required to arrive at
the receiver for the original data to be reconstructed. We integrate FEC into Conflux and
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use cm256 [135] which is a Cauchy MDS Block Erasure Codec. We partition our video data
into multiple packets and use the cm256 library to generate parity packets. The primary
challenge in using FEC is determining the ratio between the amount of original data and
parity data. Using an insufficient amount of FEC may result in delayed video data, and
sending too many parity packets results in unnecessary bandwidth usage. FEC is an
especially effective strategy to use when user deadlines are short compared to the available
links’ delay and when retransmission is not possible. Ideally, FEC should be used when
it increases video data’s probability of on-time arrival by improving the user’s expected
utility. Alternatively, some users may prefer to specify a minimum, fixed redundancy level
which is helpful when there are sudden and unexpected link failures such that the link’s
PSuccess model is inaccurate before the link fails.

We also explore using Conflux in network environments that do not have underlying
link-layer retransmission mechanisms. In our previous chapter, we designed and evaluated
Conflux for network environments that have underlying retransmission mechanisms (LTE);
thus, packets experience significant increases in latency if link quality deteriorates. In this
chapter, we evaluate Conflux in network environments that experience packet loss according
to the Gilbert-Elliot model and the random loss model. We show that Conflux is able to
deliver video data on time and is able to achieve good user perception in many cases. This
demonstrates that Conflux can be used in other network environments in addition to LTE.

Our chapter contents are as follows: Section 5.1 introduces recovery mechanisms to
Conflux. We describe our methodology for evaluating Conflux’s recovery mechanisms in
Section 5.2. Section 5.3 evaluates Conflux’s recovery mechanisms and shows that there
are limited opportunities for retransmission, that minimum levels of redundancy can help
protect against delayed data, and that Conflux can deliver data in environments that
experience packet loss.

5.1 Conflux Extensions to Support Recovery

In this section, we describe Conflux’s architectural extensions to support retransmission
and FEC. We specify how the Configuration Finder uses the PSuccess function to estimate
the probability that a video frame arrives and the changes made to the Packet Assignment
Module to support retransmission. Furthermore, with the inclusion of recovery mecha-
nisms, we can now enforce minimum levels of redundancy for users; thus, we introduce
new User Preferences that incentivize a minimum level of redundancy.
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5.1.1 FEC-Enabled Configuration Finder

With the introduction of FEC, the Configuration Finder now determines level of redun-
dancy, in addition to the video stream’s video bitrate, that provides the greatest expected
utility for the end user. In Conflux, data redundancy is provided using a (n,k) block FEC
code. In this code, the video data (i.e., a video frame) is divided into k fixed-sized blocks,
which we refer to as the original blocks. The original blocks are used to generate n − k
redundant blocks that contain parity information. A total of n blocks are sent; however,
only k blocks need to arrive to reconstruct the video data. As all blocks are sent over the
multiple, available links, the video stream is able to tolerate link failures and congestion
as video or parity data can arrive on other links.

In our implementation, we use cm256 [135] which is a Cauchy MDS Block Erasure
Codec. We select this codec because it is computationally fast, and this is important as
Conflux must create a video frame’s original and parity blocks before the next video frame
arrives. We use 512-byte blocks, and we discuss our packet size selection in the following
subsection (Section 5.1.2).

To determine if redundancy improves the user’s expected utility, the Configuration
Finder requires the probability that the video frame arrives on time for different redundancy
levels. In Chapter 4, the probability that the video frame arrives on time was simply the
product of all links’ PSuccess functions at their respective sending rate since all data must
arrive on time for the video frame to be reconstructed. With the introduction of FEC,
the Configuration Finder must determine the probability for all possible packet-arrival
combinations that can reconstruct the video frame since not all sent packets are required
to arrive. To accomplish this, we introduce PV ideoFrameArrival as the probability that
the video frame is reconstructed by the user’s deadline at a specific video bitrate and
redundancy level.

We use each link’s PSuccess function to calculate the probability that each packet
arrives, and this probability is used to calculate the probability that the video frame ar-
rives (PV ideoFrameArrival). We require the probability of arrival for each individual
packet for calculating PV ideoFrameArrival since not all packets are required to arrive
on time. We define PPacketArrival(P ) to be Packet P ’s probability of on-time arrival.
PPacketArrival(P ) is defined in Equation 5.1 where Packet P is sent on Link Li. Equa-
tion 5.1 uses P ’s offset and size to calculate the input sending rate to Li’s PSuccess function.
The amount of time used in this calculation, referred to as SendInterval, is the time be-
tween sending data. If P is the last packet scheduled on its link, PPacketArrival(P )
(abbreviated as PPA(P )) is the same as the link’s PSuccess.
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i PSuccess(i, 1) PExact(i, 1) PSuccess(i, 2) PExact(i, 2)

0 1.0 0.1 1.0 0.01
1 0.9 0.1 0.99 0.01
2 0.8 0.1 0.98 0.23
3 0.7 0.7 0.75 0.75

Table 5.1: Example showing Link 1’s and 2’s probability values that at least i packets
arrive (PSuccess) and exactly i packets arrive (PExact)

k PV ideoFrameArrival for different values of k

1 0.999
2 0.997
3 0.972
4 0.866
5 0.761
6 0.525

Table 5.2: PV ideoFrameArrival for different values of k when n = 6

PPA(P ) = PSuccessLinki(

∑P
j=1 PacketSize(Packetj)

SendInterval
) (5.1)

The probability of arrival for each packet depends on the assumption that if a packet is
delayed due to congestion, packets that are sent after the delayed packet are also delayed.
This assumption is generally true in LTE networks because packets sent after a delayed
packet are likely queued behind the delayed packet as the LTE’s Radio Link Control
performs retransmission and reordering [64]. Using this assumption, Conflux’s packet
scheduling decision, and the links’ PSuccess functions, we enumerate the different, possible
ways that packets can arrive across the available links to calculate PV ideoFrameArrival.

Calculating PV ideoFrameArrival requires the number of packets that are sent on each
link and each link’s PSuccess function. Conflux schedules packets on links that provide the
greatest PPacketArrival value. This simplifies the number of Configurations to search
through as the Configuration Finder does not need to consider all possible combinations
of packet scheduling decisions.

We show how PV ideoFrameArrival is calculated. We begin with Table 5.1 that shows
the PSuccess values of two links (Link 1 and Link 2) for three packets each. The PSuccess
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values are used to calculate the probability that exactly i packets arrive on each link (i.e.,
PExact(i, LinkID)). PV ideoFrameArrival is calculated using these probabilities, and
PV ideoFrameArrival is shown in Table 5.2 for different values of k when n = 6. The
Configuration Finder searches through and evaluates configurations with different n and
k values, and Conflux selects the configuration that provides the highest expected utility,
which is calculated as PV ideoFrameArrival × U(C) where U(C) is the reward.

There is a short time budget to determine the n and k values that maximizes the user’s
expected utility because the video encoder must be informed of the updated video bitrate
to adapt the size of its generated frames to the changing network conditions. Although
exhaustive algorithms may find the configuration with the maximum expected utility, they
may require more time than is available. As a new video frame is generated every 40 ms,
we budget half of that time to find a new configuration to allow the video encoder to
adjust its bitrate. Furthermore, we budget this amount of time because the LTE schedules
packets to be sent at this time interval [6].

To address the challenge of meeting the time budget for selecting the updated configu-
ration, we reduce our search space by conducting a coarse-grained search through possible
values of n and k where n is the number of packets with PPA(P ) > 0. Conflux uses the
configuration from this subset with the highest expected utility.

Determining the best configuration by analyzing the links’ PSuccess functions is not
possible when link quality information is unavailable or when all links are unable to deliver
data on time. In these scenarios, the Configuration Finder uses a user-provided, default
configuration. In our implementation, Conflux selects a low video bitrate and replicates
video data across all links to ensure on-time video data arrival, to collect link quality
information, and to prevent over-sending that can cause congestion for future video data.

5.1.2 Blocksize Selection

We select 512 to be our blocksize for FEC, and each block forms a packet. Although 512 is
smaller than standard packet sizes, we have found that the additional overhead from using
this packet size does not affect video quality as measured using VMAF.

Using a smaller packet or block size results in additional overhead in partitioning video
data, creating redundant data, processing statistics for PSuccess, and determining the
configuration. This additional overhead can result in video data being sent later than the
intended 20ms interval and a stale PSuccess function. As a result, the achieved video
quality suffers, as shown in Figure 5.1, for small packet sizes. From these results, we select
512 bytes as our packet size in our remaining experiments.
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Figure 5.1: CDF of VMAF for Conflux with varying packet sizes

Figure 5.1 shows the resulting video quality of Conflux Aggressive in the Mei et al. [97]
environment, which was first presented in Section 4.3, for varying packet sizes that include:
256, 512, 1024, and 1424 (such that the total packet size is 1460 when the 36-byte header
is included). We find that 512 and 1024 provide the highest video quality. Given that
there is no significant difference between 512 and 1024, we select 512 because it supports
finer-grained granularity for FEC.

5.1.3 Packet Retransmission

Designing a retransmission mechanism requires that we determine how much available
bandwidth should be used for packet retransmission and when to retransmit a packet.
Unfortunately, we expect that retransmission in Conflux to have few benefits because there
is often insufficient bandwidth for both retransmitted and new video data since we are
saturating the links with new video data from the encoder. We evaluate the opportunities
for retransmission and its effectiveness in Section 5.3.1 and find that they are limited in
cases where links are saturated to maximize utility.

One possible solution to ensure sufficient bandwidth for sending retransmitted and new
video data is to reserve available bandwidth for retransmission. However, this results in
less new video data being sent; thus, the resulting video quality is equivalent to sending
parity data with the reserved bandwidth. The advantage in reserving bandwidth for re-
transmission instead of sending parity data immediately is lower bandwidth usage as only
packets that are expected to be delayed are retransmitted. A drawback to this solution
is that it is likely less effective than FEC at improving on-time video data arrival since
retransmitted packets have less time to arrive at the receiver.

An alternate solution is to prioritize retransmission instead of sending video data that
has not been transmitted (e.g., the next frame, or remnants of the current frame if the
encoded provided too much data). However, this causes unsent video data to have less
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time to arrive at the receiver or expire in the sender-side buffer as the video frame was
encoded earlier and at a higher bitrate that did not account for the need of additional
bandwidth to retransmit data. One potential method to ensure that there is a video frame
whose size is equal to or less than the target bitrate is to use multiple encoders to generate
these frames so that they are available when needed. However, this comes at an additional
cost (e.g., hardware and computation). In this thesis, we do not explore this solution.

Conflux’s Retransmission Mechanism

The Packet Assignment Module (PAM) implements Conflux’s retransmission mechanism.
It determines the unacknowledged packets and the links that they can be resent on and
still arrive on time. A delayed packet can be retransmitted on any link that has sufficiently
low delay and the ability to deliver the packet by its deadline. If all available links cannot
deliver the unacknowledged packet on time, the unacknowledged packet is dropped at the
sender to avoid expending additional bandwidth.

We use a packet’s lack of acknowledgment by its timeout to determine if it is a can-
didate for retransmission. The timeout value should be sufficiently high such that the
link is most likely experiencing congestion. Furthermore, the timeout value should also be
sufficiently low so that delayed packets can still arrive on time if they are resent. We select
a retransmission timeout value of four times the link’s Round Trip Time (RTT) as this is
a common threshold used by many congestion controls protocol to identify congestion. As
packets have deadlines, retransmission is not useful when the deadline is within four times
the RTT. Users whose deadlines are shorter than this threshold should use FEC instead of
retransmission to prevent video data from arriving past its deadline.

PAM first resends unacknowledged packets that can arrive on time given current link
conditions. PAM sends the packets that should be retransmitted prior to sending unsent,
new video data packets. This is because packets sent at the beginning of a series of packets
are less likely to experience additional queueing delay in the link’s network buffers that is
the result of congestion. Furthermore, PAM only retransmits packets if there is available
bandwidth to send both the unacknowledged packets and new (unsent) video data. We
choose to prioritize new video data because we do not want to introduce additional delays
to the new video data that can negatively affect future frames. We prioritize unsent video
data because unacknowledged data may still arrive at the receiver; thus, retransmitting
data may be unnecessary.

Retransmission is advantageous over FEC when the user has limited budget for sending
data and its maximum desired video bitrate is lower than the total available bandwidth.
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Unfortunately, even when the estimated total bandwidth is greater than the user’s maxi-
mum target bitrate, Conflux does not send more data than the user-specified maximum.
This is because the Configuration Finder limits the search of video bitrates and sending
rates on each link according to its User Preference that specifies this maximum. Conse-
quently, the Scheduler’s rate control feature limits the sending rate on each link according
to the bitrate specified by the Configuration, leaving little to no available bandwidth for
retransmission.

One method to approximate and allow the use of additional available bandwidth for
retransmission is to omit the limit for the video bitrate when searching for the Configura-
tion and subsequently report the user’s maximum video bitrate to the encoder if the found
video bitrate is higher. This allows Conflux to send at higher bitrates so that there is more
available bandwidth to retransmit packets if necessary. This change allows us to approx-
imate the improvement in video quality and the overhead of retransmission. We evaluate
the impact of using additional available bandwidth for retransmission in Section 5.3.1

Because of the delay requirements of our target application and because of existing
ARQ mechanisms in our expected deployment environment, we largely focus on the use
of FEC at maximizing the user’s expected utility. Future work includes characterizing the
probability of requiring retransmission, characterizing the improvement in expected utility
for retransmission, and evaluating its impact on the user’s expected utility when evaluating
a Configuration.

5.1.4 User Preferences

Although Conflux already considers using redundancy with other utility functions, delay-
sensitive users can specify a utility function that enforces a minimum amount of redundancy
to ensure on-time video data arrival. This is desirable for users who do not want to
experience any delayed video data even in the presence of sudden, unexpected drops in
available bandwdith.

Equation 5.2 enforces a user-specified level of redundancy by only granting a reward
if the proposed configuration meets this level. The amount of redundancy is specified as
the Coding Rate (CR), which is defined as the ratio of original data sent to total data
sent. In Conflux, this is the ratio between C.V BR and C.SR. Equation 5.2 specifies the
Redundant utility function, and f(C) is the reward if the configuration meets the user’s
redundancy requirements. The reward is the sum of the links’ sending rates that send
below their available BW minus a penalty for links that send above the predicted available
bandwidth where the penalty is BW (l)− SR(l).
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U(C) =

{
f(C) C.V BR

C.SR
≤ CR

−inf Otherwise
(5.2)

5.1.5 Extensions to Feedback Messages to Handle Packet Loss

As introduced in Section 4.2.1, the PSuccess function models the link’s ability to deliver
data on time at its input sending rates. This function is constructed based on latency
measurements (i.e., if the latency of a recent period is greater than the minimum latency
of a longer period). Consequently, packets that are dropped prior to being received do not
have latency measurements.

Conflux uses periodic feedback messages (sent once every 10ms) called Extended Ac-
knowledgment Messages that contain latency information for the last epoch. Dropped
packets, at a low enough rate such that other packets are received in this window, do
not affect the latency measurements in this epoch since these measurements come from
the packets that have arrived during this epoch. In an environment without packet loss,
the extended acknowledgment message serves as a cumulative acknowledgment message.
However, in an environment with packet loss, we include a list of unacknowledged packets
in the extended acknowledgment message. This allows Conflux to determine which packets
to resend.

The Extended Acknowledgment Message specifies the range of packet sequence numbers
for its epoch. Therefore, if an Extended Acknowledgment Message is lost, then all packets
in the message’s epoch are treated as unacknowledged and are resent by PAM. We do
not expect that Extended Acknowledgment Messages to be lost often due to the ARQ
mechanisms of our expected deployment environment and because the path that these
messages take is not the bottleneck.

5.2 Methodology for Evaluating Recovery Mechanisms

We evaluate the effectiveness of Conflux’s recovery mechanisms and its impact on prevent-
ing delayed video data by streaming video over various trace-driven, emulated network
environments. In this section, we describe the traces that specify the available bandwidth
of our wireless links and Conflux’s User Preferences.
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5.2.1 Traces

Similar to Chapter 4, we select Mininet [100] as our emulation tool and use traces from
Mei et al. [97] for bandwidth measurements and Winstein et al. [145] for one-way delay of
20 ms.

Modeling Packet Loss

The Mei et al. [97] traces also lack packet loss information. Works such as [15, 59]
have found that applications seldom experience lost packets because they are concealed
with underlying link-layer retransmission (ARQ) mechanisms and large buffers. In LTE
networks, packet loss is manifested at the application level as a temporary increase in
latency [19, 59]. We emulate packet loss by periodically increasing latency temporarily by
40ms to 320ms each way, and this increase is specified for each experiment.

To emulate network environments, we use the Gilbert-Elliot loss model and random
packet loss with varying loss rates. The Gilbert-Elliot model is commonly used to describe
burst errors and packet loss in wireless channels. This model comprises good and bad states,
the transition probabilities between the two states (i.e., Pgb is the transition between the
good to the bad state, and Pbg is the transition between the bad to the good state), and the
packet loss rates of each state. We denote Pgood as the probability of losing a packet in the
good state, and Pbad as the probability of losing a packet in the bad state. We select our Pgb,
Pbg, Pg, and Pb values based on existing literature [19, 44], and we evaluate Conflux using
these values to understand Conflux’s ability to deliver data on time in different network
and loss environments. As packet loss without link layer retransmission is not common for
LTE links, we do not limit ourselves to LTE packet loss models.

In our first Gilbert-Elliot-based loss model, we use the findings of Bocharova et al. [19],
and set the values of the Gilbert-Elliot loss model to: Pgb = 0.0489, Pbg = 0.1505, Pg =
0.0511, and Pb = 0.3075. These parameters were determined by fitting traces that were
collected on a vehicular testbed with multiple subjects that send monitoring packets to a
server once every 50-100ms.

In our second Gilbert-Elliot-based loss model, our parameters are: Pgb = 0.0223, Pbg =
0.2533, Pg = 0.0046, and Pb = 0.991. Feng et al. [44] determined these parameters by fitting
their packet loss measurements which were collected by sending UDP packets between two
mobile devices. In this workload, if a link enters a bad state, nearly all packets are lost.

In addition to the Gilbert-Elliot-based loss models, we evaluate Conflux in environments
that experience random packet loss. In this model, packets that are lost do not depend
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on the link’s current state, and the probability that a packet is lost does not depend if
the previous packet sent on the link was lost. We change the packet loss rate every five
seconds, and we evaluate Conflux with a wide range of packet loss rates.

5.2.2 Metrics

To evaluate Conflux’s ability to stream live video in different network environments, we
use the following metrics:

• Video Multi-Method Assessment Fusion (VMAF): Developed by Netflix [105],
it is a score between 0 to 100 where 100 indicates that the produced video is identical
to the reference video.

• Percentage of Incomplete Frames: This measures the percentage of video frames
that are missing some or all of their video data.

5.2.3 Videos and Settings

Our application streams the Walk reference video that has been looped for four minutes and
was captured at 1080p at 25fps on our device (iPhone 12). This video was first introduced
in our evaluation in Section 4.3. Similarly, we use the same video streaming settings as
found in Chapter 4. Our acceptable delay is also 500ms, and we use Adaptive BitRate
(ABR) encoding with intra-refresh mode and the key frame interval set to the maximum
value [2, 63].

5.2.4 User Preferences

We focus on the following User Preferences that use the available links at different capac-
ities.

• AggNoRec: This is the Aggressive version of Conflux presented in Chapter 4; thus
it does not have any recovery features. We use this version as a baseline to show the
advantages of using recovery mechanisms. This uses a reward function of 2V BR.

• CCons90%: The Conservative User Preference that sends at 90% of the link’s
available bandwidth.
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• Agg: This is the Aggressive User Preference with a reward function of f(C) = 2V BR.
This version includes the use of retransmission, and redundancy is used if it is able
to improve the user’s expected utility.

CCons90% and Agg are User Preferences in the version of Conflux that includes recovery
mechanisms, which we refer to as Conflux+Rec. Comparing these User Preferences with
AggNoRec allows us to characterize the impact that retransmission and FEC have on our
evaluation metrics.

Furthermore, with the introduction of FEC, users can also specify their minimum level
of redundancy. We can also specify their reward function to indicate additional preferences
regarding link usage. We evaluate the following User Preferences:

• CRed10%: This is described in Section 5.1.4 where the reward is the sum of the
links’ sending rates that send below their available bandwidth and a penalty for links
that send above their available bandwidth. This User Preference incentivizes using at
least 10% redundancy and sending at lower rates, and it is designed for significantly
loss-adverse users.

• CRedAgg10%: This User Preference requires at least 10% of redundancy to obtain
the reward. The underlying reward function is f(C) = 2V BR, which is the same
as Agg. The motivation for this User Preference is to allow us to determine if the
Aggressive User Preference can benefit from redundancy.

• CRedAgg25%: Uses the same underlying reward function as CRedAgg10%, but
requires at least 25% redundancy.

5.3 Evaluation

In this section, we evaluate Conflux’s recovery mechanisms, which includes retransmission
and FEC, and extensions for network environments without link-layer ARQ. We also ex-
plore Conflux’s Retransmission mechanism by investigating the frequency that it is required
and by showing that reserving available bandwidth by reporting a lower video bitrate can
improve video quality.
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5.3.1 Impact of Retransmission

We investigate the frequency that retransmission is required and how often there is sufficient
bandwidth to retransmit delayed video data. We measure the following for every Conflux
20ms send interval (i.e., time that Conflux sends video data - see Section 4.2.1):

• NumUnackedPackets : The number of packets that are unacknowledged by their
deadline.

• NumMaxRetransmitPackets : The number of packets that Conflux can retransmit
in its 20ms send interval. This does not consider the links’ delay.

• NumResentPackets : The number of packets that are resent. We note that
NumResentPackets can be less than NumMaxRetransmitPackets when a link’s
delay is too high such that retransmitted packets cannot arrive on time.

We first evaluate Conflux using the same network environment first presented in Sec-
tion 4.3.1 that follows Mei et al. [97] bandwidth measurements for two to five links. We find
that Conflux only requires retransmission for less than 1% of the video stream for all link
configurations. This shows that retransmission is often unnecessary for typical workloads.
Secondly, we find that when retransmission is needed, there is insufficient bandwidth. Of
the very few times that require retransmission, there is insufficient bandwidth 88% (or
NumMaxRetransmitPackets < NumUnackedPackets) of the time (average of all test
cases over 2 to 5 links). We find that can send an average of 9% of the data that require
retransmission (NumResentPackets/NumUnackedPackets). This is because retransmis-
sion is required when link quality degrades and the available bandwidth drops. As video
frames are currently being encoded at the rate prior to the link degradation, there is likely
insufficient bandwidth to send the new video frame and packets requiring retransmission.

The Cost and Benefits of Retransmission

Retransmission can be beneficial for preventing data that is currently in transmission (e.g.,
queued in the network) or that is part of the next video frame from being late. Unfor-
tunately, there are limited opportunities for retransmission since we are saturating the
link. However, one scenario where retransmission is beneficial is when a user has a video
bitrate limit due to budget constraints, and available bandwidth is reserved for retrans-
mission. Conflux’s model does not include a reward for reserving available bandwidth for
retransmission. However, we can approximate this feature and evaluate the benefits of
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retransmission by limiting the reported video bitrate to the encoder after finding the Con-
figuration. To evaluate the benefits of retransmission we introduce the following settings:

• Max Video Bitrate - No Resends (NoRetr.): We artificially limit the reported
video bitrate to the encoder and disable retransmission. This reference setting is used
as a baseline to illustrate the benefits of retransmission.

• Max Video Bitrate - Allow Resends (Retr.): We artificially limit the reported
video bitrate to the encoder and enable retransmission. We do not limit the video
bitrate or sending rate when searching for the configuration. This setting approxi-
mates the video quality that can be achieved if Conflux reserves available bandwidth
for retransmission.

We disable FEC for both versions. We illustrate the video quality when the video
bitrate is limited to 5Mbps. We select a video bitrate that could allow us to achieve fair
video quality for our Walk reference video.

We evaluate Conflux in a controlled network environment to measure impact of reserv-
ing available bandwidth for retransmission. We have found that Conflux often did not
require retransmission in our aforementioned (Mei et al., Riiser et al., and Winstein et
al.) workloads and that the overall impact of retransmission is limited. Thus, we con-
struct a workload where the available bandwidth on links are relatively high and stable
for a long period of time before a link quality degradation event which illicits the need for
retransmission. In this workload, stable links have between 6 to 6.3Mbps (changes once
every five seconds) so that they can support the video stream and retransmitted data. We
also designated one link to be unstable, and this link also has 6 to 6.3Mbps of available
bandwidth; however, its available bandwidth drops to 1Mbps and its latency increases to
500ms once every 60 seconds (Poisson distributed) for 1s. We evaluate our two settings
using two links.
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(a) Unstable Link

(b) Stable Link

Figure 5.2: Comparison of Reserved and Actual sending rates for system with retransmis-
sion

Figure 5.2 shows a timeseries of the reserved and actual sending rate of each link (stable
and unstable). Figure 5.2a shows how Conflux is able to reduce the sending rate when the
drop in available bandwidth occurs, and Figure 5.2b shows how it is able to make use of
the stable link for resends and new video data.

Figure 5.3: Cumulative delayed data of the video stream
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Figure 5.3 shows the impact of retransmission by indicating the video stream’s cumu-
lative delayed data as time progresses. Each step that appears in this timeseries graph
occurs due to a congestion event in the unstable link. As the video stream progresses, the
gap between using retransmission and omitting retransmissions grows.

(a) % Loss (b) # Incomplete Frames (c) VMAF

Figure 5.4: Comparison of Retransmission and No Retransmission

We repeat the test 20 times and show the resulting CDF of the delayed data (loss)
percentage (Figure 5.4a), number of incomplete frames (Figure 5.4b) and resulting VMAF
(Figure 5.4c). We find that using retransmission can improve the median video quality
from 40 to 60 by reducing the number of incomplete frames and delayed data percentage.
This illustrates that retransmission is beneficial even in network environments that have
underlying ARQ mechanisms.

5.3.2 Recovery Mechanisms in LTE Workloads

We first show that Conflux+Rec can lower the percentage of incomplete frames by us-
ing FEC. FEC is effective even when application-level packet loss does not occur due to
link-layer retransmission mechanisms that conceal channel errors. Instead of causing an
application to experience loss, these channel errors are manifested as drops in available
bandwidth and increases in latency which may lead to delayed video data. The delayed
video data can result in visual artifacts that increase a viewer’s perceptual annoyance,
which is measured as a mean annoyance value [126].

We measure the impact of Conflux+Rec in network environment that emulates channel
errors. We use traces from the Mei et al. [97] for bandwidth measurements; however,
since these traces do not include latency measurements, we extend them with latency
measurements to evaluate the impact of variable latency, which we refer to as jitter. These
links experience jitter from 20ms to one of 40ms, 80ms, 160ms, and 320ms every 30 seconds

114



(a) % incomplete frames

(b) VMAF

Figure 5.5: Available bandwidth follows Mei et al. workload and jitter is introduced every
30 seconds for 1 - 2 seconds

for 1 - 2 seconds following a Poisson distribution. Because signal loss is often accompanied
by a reduction in available bandwidth [42, 19], we also reduce the available bandwidth by
half when latency increases.

Figure 5.5a shows a boxplot of the percentage of incomplete frames for 50 test cases.
This figure shows that using 25% redundant data (CRedAgg25%) provides the lowest me-
dian percentage (0.13%) of incomplete frames over all settings followed by the conservative
User Preferences, CCons90% (0.22%) and CRedCons (0.23%). This illustrates that re-
dundancy is effective at protecting the video stream from incomplete frames that result in
visual artifacts. This is because if a link experiences quality degradation, redundant packets
containing video data may still arrive on-time on other links. Conflux’s conservative User
Preferences (CCons90% and CRedCons) are also less susceptible to delays that cause in-
complete frames than the aggressive User Preferences (CAggNoRec and CAgg have 0.77%
and 0.77% incomplete frames) because they do not saturate the available links. Thus, this
result shows that sending at lower rates is also an option for cost-sensitive users who wish
to avoid visual artifacts. However, sending at a lower rate forgoes additional video quality
when compared to using FEC in conjunction with an aggressive User Preference.

Figure 5.5b shows that saturating the link and using redundancy is preferable to sending
less data when video quality is considered. This figures shows that CRedAgg25% provides
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higher median VMAF than CCons90% and CRedCons. CRedAgg25% provides between 61-
62 VMAF, and the conservative User Preferences have a median VMAF of 55 in all settings.
Therefore, users who have the available bandwidth budget should fully utilize the link and
send redundant data (CRedAgg25%) to minimize the percentage of incomplete frames
while obtaining higher video quality than the conservative User Preferences (CCons90%
and CRedCons).

The trade-off in video quality from using redundancy is also shown in Figure 5.5b
where we compare using different redundancy levels when aggressively sending data on
the available links (CAggNoRec, CAgg, CRedAgg10%, CRedAgg25%). As expected, us-
ing redundancy lowers video quality because the available bandwidth is used for sending
redundant data instead of additional video data from selecting a higher bitrate. Using
redundancy reduces the median VMAF from 69-70 (CAgg) to 65-67 (CRedAgg10%) and
61-62 (CRedAgg25%). Nonetheless, some users may prefer lower video bitrates over visual
artifacts [126]. These users should select CRedAgg10% or CRedAgg25% to avoid visual
artifacts.

Figure 5.6: % incomplete frames in workload with significant drops in available bandwidth
inspired by Fouladi et al. [46]

We find that the aforementioned differences between our presented User Preferences are
more pronounced in workloads that exhibit significant drops in available bandwidth which
emulate temporary, extreme link failure. We evaluate Conflux+Rec using a workload that
is inspired by Fouladi et al. [46] that emulates this environment. In this environment, the
available bandwidth temporarily drops to 0.1Kbps for up to 1s (using our Mei et al. [97]
traces) every 30s (Poisson distributed).

Figure 5.6 shows the percentage of incomplete frames for our different recovery mecha-
nisms for the two-link and five-link environments. As the number of available links increase,
the probability of at least one link failure also increases. Nonetheless, having more links
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(five links) is advantageous over having fewer links (two links) because a single link failure
has a smaller impact on the total aggregate available bandwidth for video streaming when
there are more links. Furthermore, using more links provides more alternate available
paths for the video stream when a link fails. Since there is only one alternate path and
since a large percentage of the aggregate available bandwidth is reduced when a link fails
in the two link environment, there are limited benefits to using FEC.

In the five-link environment, using No Recovery results in 7% incomplete frames, and
adding ARQ reduces this to 6% (CAgg). Including redundancy further lowers the per-
centage of incomplete frames to 4% and 2% for 10% and 25% redundancy respectively.
Therefore, users who wish to avoid visual artifacts that cause an increase in the user’s
mean annoyance value would benefit from using more redundant data (i.e., CRedAgg25%).

5.3.3 Environments with Application-Level Packet Loss

Although Conflux and Conflux+Rec are designed for environments that do not exhibit
application-level packet loss such as LTE, they can also be used in network environments
that do not have underlying link-layer retransmission. In these more general network en-
vironments, packets can be dropped at any point between the sender and the receiver, and
dropped packets are not retransmitted by any other component in the network. Conse-
quently, applications using these networks experience packet loss due to dropped packets.

We made further changes to make Conflux more robust in these general network en-
vironments. The primary change is including unacknowledged packet sequence numbers
in the Extended Acknowledgment Message so that dropped packets are retransmitted to
reduce the amount of delayed or missing video data the on-site video streaming application
experiences. We refer to this updated version as Loss-Aware Conflux.

We evaluate Loss-Aware Conflux in network environments that exhibit packet loss. Our
network environment also follows the bandwidth measurements of Mei et al. and we use a
one-way delay of 20ms. Because the Mei et al., environment does not include packet loss
rates due to LTE’s underlying ARQ mechanisms, we experiment with various packet loss
models that we specify in each experiment.

We show that Loss-Aware Conflux is resilient to application-level packet loss and can
provide good perception to uses in a variety of loss models. We find that specifying a
minimum amount of redundancy on top of aggressively sending video data can provide a
low percentage of incomplete frames. In the model presented by Bocharova et al. [19], loss
can occur whether or not the link is in a good (5% loss) or bad state (30%). Figure 5.7
shows the percentage of incomplete frames and that using a redundant User Preference can
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Figure 5.7: % incomplete frames for Loss-Aware Conflux in the Bocharova et al. [19] packet
loss model

significantly lower this percentage. In the five-link environment, we can reduce the median
percentage of incomplete frames from 11% (CAggNoRec - no recovery mechanisms) to
0.02% (CRedAgg25%). We find similar trends between our presented User Preferences in
the Feng et al. [44] loss environment which is shown in Figure 5.8.

Figure 5.8: % incomplete frames for Loss-Aware Conflux in the Feng et al. [44] loss model

Although packet loss in wireless networks is often modeled using the Gilbert-Elliot loss
model, we also evaluate Loss-Aware Conflux in the presence of random packet loss [54,
33, 45] to illustrate Loss-Aware Conflux’s robustness in a variety of network environments.
Figure 5.9b shows the achieved video quality of our user preferences as the loss percentage
increases from 0%, to 0-1%, 1-2%, and 2-5%. This figure shows that enforcing a minimum
level of redundancy results in a low percentage of incomplete frames. The median per-
centage of incomplete frames is between 0.0% - 0.3% for CRedAgg10% and is up to 59%
for CAgg. Our results show that enforcing redundancy in network environments that drop
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(a) % incomplete frames

(b) VMAF

Figure 5.9: Loss-Aware Conflux in a random loss environment

packets is effective at preventing lost data, and it is necessary because our PSuccess model
does not capture packet loss. Furthermore, we find that CAgg is unable to further reduce
its percentage of incomplete frames because there is often insufficient available bandwidth
for retransmission after sending video data, which we discussed in Section 5.3.1.

Conflux’s Redundant User Preferences also achieve high video quality in environments
that drop packets. Figure 5.9b shows that CRedAgg10% and CRedAgg25% achieve be-
tween 78-88 VMAF regardless of the percentage loss on each link. This is contrasted with
CAggNoRec and CAgg whose median video quality degrade from 88 and 90 (VMAF) to
18 and 22 (VMAF) respectively when the percentage loss on each link increases to 2-5%.

In summary, FEC is beneficial in reducing the percentage of incomplete frames in all
network environments, regardless of the presence of underlying link-layer retransmission.
Loss-Aware Conflux is robust in these environments with the use of Redundant User Pref-
erences that specify at least 10% redundancy, and it can achieve good user perception even
in challenging network environments.
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5.4 Chapter Summary

In this chapter, we presented retransmission and FEC extensions to Conflux, thereby
introducing Conflux+Rec and Loss-Aware Conflux. These extensions enabled Conflux to
be robust in a variety of network environments which it was not originally designed for.

These extensions required changes to Conflux’s Configuration Finder to evaluate the
probability that the video data can be reconstructed. This was accomplished by modelling
the probability of on-time arrival for each packet so that the Configuration Finder can
calculate the probability that at least k of n packets arrive. This extension introduces
the ability for Conflux’s users to specify a minimum amount of redundancy based on their
own preferences. Furthermore, the Conflux’s Packet Assignment Module was extended
to retransmit packets that have not been acknowledged within four round-trip times. Fi-
nally, we introduced negative acknowledgments in the extended acknowledgment message
to create Loss-Aware Conflux to provide better support when streaming in lossy network
environments. Because of Conflux’s modular design, the required changes were localized
to their respective modules.

Our evaluation showed the limitations of using retransmission in the Conflux frame-
work and presented the results of an extension that prioritized retransmission and showed
that it is able to reduce the percentage of incomplete frames and improve video quality.
Furthermore, we showed that specifying a minimum level of redundancy in Conflux+Rec’s
User Preferences can protect the video stream against delayed video data in challenging
network environments. Finally, we showed that Loss-Aware Conflux can also obtain good
video quality in network environments that do not retransmit delayed data by using a user
preference that uses at least 10% redundancy.
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Chapter 6

Conclusion

On-site live video streaming for news casting is an important application that many use
and benefit from daily; thus, providing high user QoE is important. This application
must provide high quality and timely video to achieve high user QoE, and multi-homing
and video bitrate adaptation are techniques that enable this application to achieve these
goals. This is because multi-homing can enable applications to stream at high video bi-
trates through bandwidth aggregation. Furthermore, it can also offer lower latency by
using alternate, non-congested paths. Video bitrate adaptation can also improve user QoE
by adapting the video bitrate to changing link conditions so that the video stream does
not experience delays due to congestion. This is especially important when the expected
deployment environment (i.e., wireless LTE) experiences fluctuating available bandwidth.

Solving the multi-homed, adaptive live streaming problem is challenging due to link het-
erogeneity; poor choices in multi-homed packet scheduling and video bitrate adaptation
may result in worse video quality than if a single link was used. There are many subprob-
lems and research areas to consider when solving this challenge, and these include: (1)
accurate bandwidth measurement, (2) link quality prediction, (3) multi-homed scheduling,
and (4) live video bitrate adaptation. This thesis addressed each of these challenges and
presented a modular approach to solving the multi-homed, adaptive live video streaming
for news casting problem.

6.1 Contributions

Firstly, this thesis introduced the PacketBurst bandwidth estimation technique that re-
moves the inaccuracies in packet-train bandwidth estimations caused by kernel interrupt
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scheduling. This technique identifies and removes the affected packets from the band-
width estimation calculation. When using six MTU-sized packets to estimate available
bandwidth, the PacketBurst technique experiences an 2.75% error whereas packet trains
experience a 21.6% error when the available bandwidth is 20Mbps. This contribution en-
ables applications to obtain accurate bandwidth estimates from short packet trains and
improves all packet-dispersion bandwidth estimation techniques. This is important when
the application’s logic relies on bandwidth estimates.

Secondly, we presented our framework and technique for using Machine Learning (ML)
to predict link quality. We used traces collected by our industrial partner to identify
attributes that best predict link instability, which we defined as a significant increase in
latency, or drop in available bandwidth or packet arrival. Using these traces, we identified
periods of instability and constructed examples to train and evaluate many statistical
ML models. We have found that using decision trees and k-nearest neighbour techniques
predicted at least 40% of link instability events. This contribution is important because it
demonstrated the possibility of using statistical ML models to predict link instability. Our
work differentiates itself from others as it goes beyond predicting the available bandwidth
and focuses on events that can have detrimental impacts on the video stream. The result
of this work can be used by multi-homed transport protocols to avoid unstable links and
by adaptive video bitrate protocols to lower the video bitrate.

Thirdly, we presented Conflux: an adaptive video bitrate protocol for on-site live video
streaming in the multi-homed environment. We introduced a modular design that separates
link quality characterization from multi-homed scheduling and video bitrate adaptation.
This allowed Conflux to use an arbitrary number and different types of links, and to cater
to a variety of user preferences. We characterized link quality as a PSuccess function that
maps a sending rate to the probability that the link is able to deliver data on time. The
probabilistic model introduced by PSuccess characterized the trade-offs between incurring
congestion and obtaining a higher video bitrate. The impact of Conflux’s design and
implementation resulted in its ability to achieve higher video quality than its competitors.
Our evaluation showed that Conflux achieved at least a 13% improvement in video quality
against the MPTCP comparison system despite MPTCP having knowledge of the total
aggregate available bandwidth.

Finally, we introduced recovery mechanisms such as retransmission and redundancy
(i.e., FEC) to Conflux. We found that the benefits of retransmission are limited since
there is often insufficient available bandwidth for both new video data and retransmitted
data when limiting the sending rate on each link according to the user’s preference. We
demonstrated that using redundancy improved on-time video data arrival at the cost of
using additional bandwidth even when there are underlying retransmission mechanisms.
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To accomplish this, we characterized the expected improvement by using the PSuccess
function to model the probability of on-time arrival for each individual packet which is then
used to estimate the probability that the video data can be reconstructed. This allowed
Conflux to quantify the trade-offs of using redundant data and to select the redundancy
level that provides the highest expected user utility.

6.2 Future Work

In this section, we describe future work. We describe our future work in link quality
characterization and how we can account for more complex user requirements such as
service level agreements. We also outline how to handle unequal frame importance and
rate mismatch in the encoder. Finally, we describe extensions to Conflux that explicitly
characterize the benefits of reserving available bandwidth for retransmission over using
FEC and that include packet loss in the PSuccess model.

6.2.1 Directions in Link Quality Characterization

We presented an abstraction that modeled link quality as a function that takes in a sending
rate as input and produces the probability that the link can sustain the input sending
rate (i.e., the PSuccess function). As new types of networks such as 5G and 6G are
introduced, there are opportunities to model these new networks using our probability
abstraction. There are also many opportunities to develop the PSuccess function such as
using bandwidth measurements, link instability predictions, or capturing temporal trends
such as the expected rate of link instability events.

Although 5G network providers may provide network slicing to guarantee resources
(e.g., available bandwidth) for users within the mobile core, network slicing does not nec-
essarily guarantee the available bandwidth between the user and the cell tower (gNodeB),
which may be the bottleneck link within the 5G. This is because the link between the
user and gNodeB may be affected by physical factors. Therefore, it is still beneficial to
model link instability so that an adaptive video bitrate protocol has a signal to lower the
video bitrate when a reduction in the available bandwidth cannot be addressed by network
slicing.

We also showed that machine learning can be used to predict sudden increases in
latency, application-level packet loss, and drops in available bandwidth. These predictions
can also be used to update the PSuccess function. Future work includes determining how
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to use these classifications within the PSuccess function. For example, we envision a hybrid
method that uses these classifications in conjunction with a congestion signal to determine
the range of affected sending rates in the PSuccess function and the magnitude of the
change in the probability of success.

Improvements to the PSuccess function will result in Conflux being able to make better
trade-offs in terms of the sending rate and redundancy levels to use.

6.2.2 Development of User Preferences

Over the duration of the video stream, a user may want to make different trade-offs. For
example, if the user has experienced many delayed frames already, it may prefer to send at a
lower rate than what it was originally sending at to ensure that the viewer does not continue
to experience visual artifacts. One solution to capture this preference is to introduce a
state-based design where the utility function changes depending on the current, achieved
video stream. This type of User Preference may be desirable for users who have specific
service-level agreements (e.g., maximum number of artifacts per minute). This direction
of video bitrate adaptation requires the development of an abstraction or framework that
allows users to translate their service level agreements into the corresponding state machine
or user preferences.

6.2.3 Frame Awareness

In this thesis, we did not differentiate frame types as we used intra-refresh encoding which
results in I frames being amortized over multiple frames. Consequently, each frame was
roughly of equal importance and equal size. However, users may select different encoding
settings depending on their use case. Consequently, one future research direction is to
address unequal frame importance. One solution is the schedule high priority packets
or frames on links with the PSuccess function that indicates greater stability or to use
redundancy for only the high priority packets. Within the Conflux framework, this could
be addressed with utility functions / User Preferences that are specific to the frame type.

6.2.4 Handling Rate Mismatch in the Encoder

This thesis illustrated the challenges when using a single-pass encoder in conjunction with
rate-based control on all the available links. Our solution to this challenge was to reduce
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the video bitrate so that the encoder could reach the target video bitrate more quickly.
Future work includes exploring other techniques such as pacing (delay sending additional
video packets to avoid congesting links) or sending additional packets immediately and risk
congestion.

An alternate method to handle rate mismatch in the encoder is to account for the
encoder over-shooting its target bitrate within the Conflux model. In Conflux, we presented
PV ideoFrameArrival which is defined as the probability that the generated video frame
arrives given the links’ PSuccess function, the target bitrate, and the coding rate. We can
integrate the encoder’s rate mismatch in the probability that the generated video frame
arrives on time, and this would model the probability of the encoder either over-shooting
or under-shooting. However, predicting encoder behaviour is currently an open problem
for single-pass encoding [99]. Thus, more research in this area needs to be completed prior
to integrating encoder inaccuracies into Conflux.

6.2.5 Explicit Considerations for Retransmission and Packet Loss

Conflux+Rec and Loss-Aware Conflux did not explicitly consider the trade-offs for reserv-
ing available bandwidth for packet retransmission or FEC to protect against packet drops.
Future work involves developing the User Preferences to capture the benefits of reserving
available bandwidth for retransmission. Moreover, we showed that Loss-Aware Conflux
was able to effectively stream video in network environments that do not have link-layer
retransmission. Loss-Aware Conflux accomplished this with its retransmission and FEC
recovery mechanisms, and did not build in packet loss into the PSuccess function. Future
work includes capturing packet loss rates in PSuccess so that we can accurately calculate
the probability that the video frame can be reconstructed at the receiver and determine
the exact amount of redundancy to use when there is packet loss.

6.3 Concluding Remarks

In conclusion, multi-homed, adaptive on-site live video streaming for news casting is an
important application that many depend on to receive news in order to be informed and
make decisions. The challenges found in this application are unique and different from
other video streaming applications such as video conferencing or on-demand video; and
unfortunately, this application has largely been overlooked by the research community.
This thesis presented solutions to these challenges, and this is especially important as
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bandwidth demands for mobile streaming continue to increase such that they cannot be
satisfied by a single link.

This thesis presented techniques to improve bandwidth estimation, link quality fore-
casting, and a framework for reasoning about the various trade-offs that a protocol can
make when streaming adaptive, latency-sensitive video in the multi-homed environment.
Furthermore, this thesis has demonstrated the viability of bitrate adaptation in the multi-
homed environment for latency-sensitive data. As our presented system is not constrained
to predetermined types of network links, number of links, or user requirements, we hope
that it can be used as a foundation for designing multi-homed and adaptive transport
protocols for latency-sensitive data. The modular design of our system encourages the
adoption of new ideas that focus on the individual challenges pertaining to multi-homed,
adaptive live streaming such as link quality characterization, video bitrate adaptation, and
redundancy policies. This is important as networks evolve and as applications become
more demanding as only individual components need to be redesigned.

The effective use of multiple, heterogeneous resources is challenging, especially when
the inclusion of one resource can lead to worse performance. Therefore, it is important
to have useful abstractions that enable a protocol to decide how to its available resources
or if a resource should even be used. This is particularly important when additional
resources enable new, alternative solutions to our problem. For example, multi-homing
introduces the possibility of replicating the video stream over multiple links, which was
not possible in the single-homed environment. Having a suitable abstraction, such as
probability, enables the creation of a general protocol that can evaluate the utility of
different decisions. General protocols are advantageous as they do not need to be redesigned
when the characteristics of a resource changes or when additional resources are added,
thereby making them scalable. With the introduction of our probability abstraction and
our video streaming model, we hope that the work in this thesis encourages the design and
development of useful abstractions to create general and scalable protocols.
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