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ABSTRACT

the adaptive bitrate (ABR) controller. This client-driven approach
aims to dynamically select an appropriate bitrate and adapt to the
available network resources.
The Dynamic Adaptive Streaming over HTTP (DASH) standard
was principally designed to be used in client-driven pull-based
deployments. A DASH streaming system consists of two primary
entities, namely a DASH player and a DASH server. At the server
side, the videos are typically chunked and encoded at different
bitrate levels and resolutions. Each chunk commonly plays for a
duration of 2–10 seconds. The set of chunks are listed in a manifest
file called media presentation description (MPD), which further
contains codec/encryption details and the relationships among
various tracks of the same content (e.g., video, audio and subtitles).
At the client side, after an authentication process, the player fetches
the MPD of the requested content. Thereafter, it starts requesting
chunks sequentially using its ABR controller, which adapts to the
available bandwidth by using a variety of heuristics such as the
buffer occupancy, estimated throughput, etc., to select the bitrate
for the subsequent chunk(s).

In streaming media, it is imperative to deliver a good viewer
experience to preserve customer loyalty. Prior research has shown
that this is rather difficult when shared Internet resources struggle
to meet the demand from streaming clients that are largely
designed to behave in their own self-interest. To date, several
schemes for adaptive streaming have been proposed to address this
challenge with varying success. In this paper, we take a different
approach and develop a game theoretic approach. We present
a practical implementation integrated in the dash.js reference
player and provide substantial comparisons against the state-ofthe-art methods using trace-driven and real-world experiments.
Our approach outperforms its competitors in the average viewer
experience by 38.5% and in video stability by 62%.

CCS CONCEPTS
• Information systems → Information systems applications;
• Multimedia information systems → Multimedia streaming;
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The goal of an ABR scheme is to achieve the highest possible QoE
while respecting the underlying network conditions and playback
buffer occupancy. However, selecting an appropriate bitrate level
can be challenging due to various causes such as:
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Challenges and Motivation

• In a shared network environment where many system entities,
including DASH players, compete for the available bandwidth, a
variety of sudden network resource fluctuations may occur over
time [12, 14, 17, 35, 42].
• There exists a difficult trade-off and balance between QoE metric
components and ABR scheme objectives, e.g., minimizing stall
events, reducing bitrate level switches, avoiding perceptual
quality oscillations and reducing startup delays, while selecting
the best possible bitrate. In fact, these QoE metrics and the
objectives of the existing ABR schemes are conflicting [10, 42].
For instance, in a shared network environment with large
network resource fluctuations, requesting the highest possible
bitrate level may lead to frequent stalls, thus conflicting with
the goal of ensuring high video stability. Conversely, selecting a
low bitrate level would avoid stall events and reduce the startup
delay, but it would deliver low quality video.
• Most ABR schemes strive to maximize the viewer QoE without
considering other entities in the network (e.g., different DASH

INTRODUCTION

Many studies have shown the key role quality of experience (QoE)
plays in viewer satisfaction in video streaming, as it has a significant
revenue impact for content providers [31]. To improve viewer
QoE, content providers deploy HTTP adaptive streaming (HAS)
systems [32, 34] that include a key element at the player side,
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players, cross traffic), and thus such isolated selfish behavior can
create drawbacks concerning group fairness and QoE [21]. This
issue is aggravated in limited-bandwidth networks or by high
fluctuations due to bandwidth competition [1, 3]. Thus, DASH
players will suffer from stall events, quality oscillations, frequent
bitrate level switches, and long startup delays.
To confirm these problems, we performed an experiment with
a scenario where the network throughput was varied every 30
seconds. Our test setup consisted of a DASH player (the dash.js
reference player [28]) with three ABR schemes that use different
heuristics including buffer-based, rate-based (i.e., throughputbased), and hybrid (considering buffer and throughput). We used a
3G/HSDPA [30] (on a moving commuter bus) throughput trace as
the network profile. As illustrated in Figure 1, these ABR schemes
are unable to choose an appropriate bitrate level, leading to (i)
many variations in the selected bitrates (number of switches), buffer
underruns (number of stalls) as shown in the left graph, and (ii)
video instability and network resource underutilization as shown
in the right graph, where an index value approaching one implies
a poor performance. This eventually leads to unsatisfactory viewer
QoE.
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on a cooperative game in the form of static formation-based
coalitions, and it formulates the ABR decision problem as
a bargaining process and consensus mechanism (Section 4).
Hence, it allows the DASH players to build an agreement
among themselves. As a consequence, the GTA bitrate selection
results in only optimal ABR decisions (i.e., the bitrate and
quality chosen) that maximize the viewer QoE. Our scheme
operates in one of two functional modes: collaborative and noncollaborative. The collaborative mode is enabled when multiple
concurrent GTA players compete for the available bandwidth
in a shared network environment. Otherwise, in the context of
one player, the non-collaborative mode is used.
(b) Practical implementation. We present a practical implementation of GTA (Section 3) in the open source, JavaScript-based
dash.js reference player [28]. We also provide the GTA materials
and demonstrate the GTA player on our demo Web site [6].
(c) Analysis. We analyze the performance of GTA extensively
against the existing state-of-the-art ABR schemes through realistic trace-driven experiments on a broad set of real-world network traces, namely: FCC [8], 3G/HSDPA [30], Synthetic [42],
and the DASH Industry Forum (DASH IF) throughput variability datasets [28, 33]. In each experiment, we consider different
operating regimes that include variations in content type, device resolution, QoE metric, video representation profile (e.g.,
the available bitrate levels, chunk durations), and network environment (e.g., a shared network with a highly variable throughput, dynamic cross traffic, multiple DASH players). Our results
show that in all considered scenarios, GTA outperforms the
best existing ABR schemes. In particular, GTA achieves an improvement in the average QoE by 38.5%, in video stability by
62%, results in no stalls, and a lower startup delay compared to
the state-of-the-art ABR schemes.
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Figure 1: The number of bitrate switches, stalls, the
startup delay in seconds (left), and the underutilization
and instability indexes [20] (right) of a DASH player with
three ABR schemes requesting an animation video (Big Buck
Bunny, 600 seconds, chunk duration of four seconds) with
10 bitrate levels varying from 50 to 3,960 Kbps and using a
3G/HSDPA network profile [30].

1.2

The rest of the paper is organized as follows. Section 2 reviews
the related work, followed by the GTA scheme overview and model
in Section 3. The GTA design is presented in Section 4. We provide
our performance evaluation and analysis in Section 5. Conclusions
and future directions are highlighted in Section 6.

Key Contributions

2

We develop GTA, a novel client-driven ABR scheme that strives
to select the best bitrate based on modern game theory (GT) [13,
25]. Our solution enables an efficient collaboration between
different DASH entities in a distributed way introducing no explicit
communication overhead, respecting decision requirements of the
existing DASH players, and considering cross traffic and different
network conditions. GTA aims to achieve a high and stable viewer
QoE. This study makes the following contributions:
(a) Formalization and system design of GTA. We develop
a client-driven game theory (GT) based ABR scheme that
primarily works for DASH video-on-demand (VoD) delivery
systems (Section 3). It leverages GT mathematical models to
formulate the ABR decision process as a fully distributed,
cooperative problem considering many factors, such as QoE
metrics and ABR objectives, demand requirements of different
system entities (e.g., existing DASH players, cross traffic), and
available network resources. Notably, GTA is designed based

RELATED WORK

We review several ABR schemes, focusing on solutions where the
client implements an ABR decision process that selects the bitrate
for the next chunk in a decentralized, isolated way and usually
relies on metrics such as estimated throughput (rate-based), buffer
occupancy (buffer-based), or a combination of both (hybrid) [32].
We consider each in turn.
Rate-based: The ABR controller requests the highest bitrate
that the network can support based on the available bandwidth
estimation obtained from previously downloaded chunks. Li et
al. [20] proposed PANDA, a probe and adapt mechanism to
accurately estimate the available bandwidth during the chunk
downloading process. It smooths the measured bandwidth using a
harmonic mean quantizer and then based on this value it returns
the appropriate bitrate level for the next chunk to be downloaded.
PANDA aims to avoid bandwidth overestimation issues that are
caused by the typical DASH on-off download pattern. Similarly,
Miller et al. [23] designed a low-latency throughput estimation
14
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ABR scheme for DASH live streaming, termed LOLYPOP. It benefits
from TCP throughput predictions on multiple time scales (1–10
seconds), and hence, achieves a good viewer QoE. Most of the
rate-based ABR schemes [32] estimate the available bandwidth
based on HTTP downloads, which leads to many problems due to
estimation biases [14] (e.g., high and sudden fluctuations). Some
prior approaches try to overcome these biases using quantization
and smoothing [38], data-driven [35], or scheduling [16] techniques.
In practice, the accurate estimation of the available bandwidth
remains an open and challenging problem [43].
Buffer-based: The ABR controller uses the playback buffer
occupancy to select a suitable bitrate for future chunks that keep the
buffer at the desired occupancy level. It aims to balance stall events
versus video quality. BBA [15] was the first ABR scheme proposed
in this class. It selects the bitrate with the goal of minimizing stalls
and keeping the buffer occupancy level above five seconds. When
the level exceeds 15 seconds, it switches to the highest available
bitrate. BBA succeeded in reducing stall events by 10–15% with a
similar average video quality compared to Netflix’ default scheme
at the time. Spiteri et al. [33] developed BOLA which improves the
viewer QoE by leveraging Lyapunov theory. It formulates the ABR
decisions as a utility maximization problem (NUM) and derives
an online algorithm that considers only the buffer occupancy.
Likewise, Quetra [41] was proposed based on a queuing theory
mechanism. Quetra models ABR decisions as an M/D/1/K queue
to compute the expected buffer occupancy given a bitrate level,
estimated throughput and total buffer capacity. The ABR schemes
in this class show a high efficiency in alleviating buffer underruns
while delivering videos at a good quality. However, recent studies
have highlighted that long-term and sudden network resource
fluctuations may affect their performance negatively [15, 22, 42].
Hybrid: This type of ABR controller combines several heuristics
together to decide which bitrate level of the next chunk to download.
De Cicco et al. [9] designed a feedback linearization adaptive
streaming controller named ELASTIC. It uses feedback control
theory that takes the buffer occupancy and estimated throughput
as input, leading to the elimination of the on-off steady state
pattern in DASH. Yin et al. [42] aimed to maximize the viewer
QoE and proposed a model predictive control (MPC) [39] based
scheme that considers both buffer occupancy and throughput
estimations to select suitable bitrate levels over a horizon of
several future chunks. However, MPC works under the strong
assumption of an accurate throughput estimation, which is not
always available. Thus, the MPC performance can be significantly
impacted. Similarly, Pensieve [22] is a novel ABR scheme that uses
a modern reinforcement learning (RL) [36] framework to gradually
learn the best policy for ABR decisions through experience. It
is based on a set of current and past observations like buffer
occupancy, throughput estimation, and chunk sizes to select bitrate
levels for the next chunk. In [16], the authors developed FESTIVE
with the main goal of eliminating unfairness, inefficiency and
instability in DASH systems. It consists of three components,
namely a harmonic mean throughput estimator, a bitrate selector
and a buffer-based randomized scheduler. With the same goals,
QDASH [24] and SARA [18] were designed, where the former is a
proxy-based solution for QoE optimization for DASH, and the latter

considers the last current throughput estimation, buffer occupancy
and chunk size during the ABR process.
Despite a plethora of ABR schemes that have been proposed,
what is lacking today is a general solution that can perform well
in all environments. The aforementioned client-driven solutions
show good performance under certain circumstances. However,
many of them use a fixed set of heuristics that largely depend on
specific settings and work under implicit assumptions, or require
extensive parameter tuning. This leads to key questions of what the
performance of these solutions is across various operating regimes
and whether they can perform consistently. In fact, adjusting such
solutions to different operating regimes is an arduous task (see
Section 1.1), and we found that they do not perform consistently in
all settings and operating regimes (see Section 5).
In contrast to the existing ABR schemes, we developed GTA
that is based on a GT mechanism with the main goal of working
efficiently under all settings and operating regimes.
Table 1: List of key symbols and notations.
Notation

Definition

DR, CT , SPT
T
K
τ
m
P
L
Q
bu f f k
bu f f min,max
b(l)
d(l)
q(l)
CL
bw e
A
R
N
R(A)
W, R − (A − )
S
O?
F
F
α
SE
T sd
d max (l)
δ

Device resolution, content type, service plan type
Total duration of a video
Number of chunks, and k is one step
Chunk duration
A DASH server
Total set of DASH players, and p is a player
Set of bitrate levels, and l is a bitrate level
Set of SSIMplus-based qualities, and q is a quality
Buffer occupancy at step k
Buffer min. and max. thresholds
Size of a chunk
Time required to download a chunk
Non-linear relationship between bitrate and quality
Set of clusters, and cl µ is a cluster where µ ∈ [1 . . . 5] in this study
The estimated throughput
Set of finite and discrete actions to be taken, and a is an action
Set of possible utilities when actions taken, and r is an utility
Total number of DASH players
Set of the action-utility relationship
Set of bargaining outcome disagreements, and w is a disa. point
Set of strategies, and s is a strategy (ABR decision)
Set of the optimal bargaining outcomes, and o? is the opt. decision
Function that determiners R(A)
Function that determiners bargaining solution
Bargaining power
Stall duration
Startup delay
Maximum time required to download a chunk
QoE weighting factors

3

GTA SCHEME

We first present an overview of the dash.js player with the newly
added GTA components, and then formally define the ABR decision
problem. A list of notations is presented in Table 1.

3.1

GTA Overview

GTA is an ABR scheme for DASH VoD delivery services. It leverages
game theory (GT) [13, 25] and its consensus [26] mathematical
concepts to smartly make the best ABR decisions. The ultimate goal
of GTA is to maximize the viewer QoE in support of maintaining
15
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Figure 2: The GTA scheme within the dash.js reference player. The GTA scheme is the main contribution of this work and
implements the GTA components.
quality capabilities to map three distinctive features, namely
device resolution (DR), content type (CT ) and subscription plan
type (SPT ), into one common space and construct a set of clusters,
one of which each DASH player is mapped to when cooperation
is enabled. (iv) QoE metrics (see (7)) provide a flexible QoE
model [3, 42] by combining four key factors: average quality,
startup delay, average number of quality switches and average
number of stall events. Finally, (v) a GT agent is responsible for
selecting suitable ABR decisions following a set of design steps
and given some input variables. These variables are obtained
from the GTA components, the environment (video properties,
MPD file, player device, dash.js classes, etc.), and entities (see
Figure 2). In addition, the GT agent uses the received utility (QoE)
value to improve its decisions and video delivery in general. The
detailed functionalities of these components are explained in
Section 4.
• Existing ABR Schemes: This class implements some of the wellknown ABR schemes for comparison.
• Logger: This module periodically records each player status such
as ABR decisions, buffer occupancy, number and durations of
stall events, average and last throughput estimation, etc.

profits of the content providers, while considering all environmental
conditions and operating regimes. Unlike the existing ABR schemes
that use tuned but largely fixed-defined heuristics across specific
environments, our solution attempts to find the best action (i.e.,
bitrate level and perceptual quality) by using modern GT [13, 25].
Specifically, GTA is based on a cooperative game in the form of
static formation-based coalitions, and a bargaining process and
consensus. Fundamentally GT represents various mathematical
concepts that model and analyze different interactions between
rational decision makers (e.g., GT agents) and an environment. In
our streaming context, at each downloading step in a streaming
session k ∈ [1, . . . , K], the GT agent uses a strategy s and takes an
action ak , leading to a utility r k , where K is the total number of
chunks (or the total number of downloading steps) of a given video.
The objective is to maximize the long-term utility.
Figure 2 summarizes the GTA components within the dash.js [28]
reference player. Our modifications are highlighted in gray boxes.
In total, there are five classes that encapsulate the following
functionalities:
• ABR Controller: This represents the main class that returns the
bitrate level, which is selected for each chunk to be downloaded.
It contains a rule-based ABR decision logic that implements three
heuristics, namely, rate-based, buffer-based and hybrid.
• Buffer Controller: It monitors the playback buffer occupancy
level to avoid stall events. By periodically calling the validate
function it obtains ABR decisions from getPlaybackQuality to
check whether the chosen bitrate can affect the buffer level. If
it reaches the buffer’s low or high watermark thresholds, it will
select a new suitable bitrate to maintain the buffer occupancy
within a safe region.
• GTA Scheme: It implements the GTA components including
the following. (i) PANDA [20] and CS2P [35] estimators are
used to accurately predict the chunk throughput during the
downloading process. (ii) A SAND (Server and Network-assisted
DASH) enabler allows the integration of GTA with a standardized
SAND architecture [37] whereby it includes SAND-enabled
communication interfaces. (iii) An SSIMplus MAP model uses the
Structural Similarity Index plus (SSIMplus) [11, 29] perceptual

GTA leverages GT forms [13, 25] to operate in one of two
functional modes: collaborative or non-collaborative (i.e., strategic).
Recent studies [3, 5] have shown that DASH players suffer from
video instability, unfairness and network resource underutilization
or oversubscription, leading to unsatisfactory viewer QoE when
multiple DASH players compete for the available bandwidth. In this
situation, GTA activates its collaborative mode via the collaboration
enabler, where GTA players are aggregated into a set of clusters.
Each player is assigned to its appropriate cluster based on an
SSIMplus MAP model (denoted MAPS S I M+ (.)), which is designated
as a clustering rule. Thereafter, the set of GTA players that belong
to the same cluster cooperate to achieve their objectives (i.e.,
they reach consensus in their ABR decisions that maximize their
viewer QoE) without either introducing an additional overhead
that may affect the network efficiency or harm other network
entities (e.g., other clusters with their corresponding GTA players or
DASH players not part of any cluster). Note that GTA players will
16
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interact with non-GTA-aware players in non-collaborative mode.
In the future we plan to extend the presented model to include
one coalition that will encompass all non-GTA-aware players.
Also, the current model assumes an accurate knowledge of the
number of clients in the system. To acquire this information each
GTA client may start in non-cooperative mode and then learn
the accurate number of clients through potential and wonderful
life utility (WLU) [40] functions (both of which offer distributed
learning algorithms). Thus, the set of clients slowly formulate the
coalitions and then switch to cooperative mode. If there exists only
one player in the system then GTA operates in non-collaborative
mode.

3.2

4.1

Typically, a DASH delivery system consists of two main entity
types, a set of DASH players P and a DASH server m. Each player
p ∈ P has a device resolution (DRp ), where DR = {240p, 360p, 480p,
720p, 1080p} and may subscribe to one of the subscription plan types
(SPTp ) offered by the content provider, where SPT = {platinum, gold,
silver, bronze, normal}, for example. Each player requests a manifest
file (MPD) and then K chunks of the selected video u with type
CTp ∈ CT that is part of a set of content types denoted CT , where CT
= {animation, sports, movie, news, documentary}. These videos are
stored on server m with their manifest files. Each segmented video u
consists of K chunks with a fixed duration τ = T /K, and total time T
seconds of video. Each chunk k ∈ [1, . . . , K] is encoded at L different
bitrate levels, where each bitrate level l k ∈ L has its corresponding
SSIMplus-based perceptual quality qk ∈ Q and its size at bitrate
level l k denoted b k (l k ) ∈ B (the set of all chunk sizes). At each
downloading step k, player p estimates the throughout bw ek and
measures its current playback buffer bu f f k ∈ [0, . . . , bu f f max ]
(bu f f max is the maximum buffer that is defined by the ABR scheme
and depends on the memory capacity of the player) to select the
bitrate level l k +1 with its corresponding quality qk+1 for the next
chunk k + 1. Let Lu and Q u be the bitrate levels and perceptual
qualities of the available chunks for the corresponding video u that
are extracted from the MPD and quality manifest files, respectively.
These lists are defined as follows:
Lup = {lp1 , . . . , lpk , . . . , lpK },
Qpu = {qp1 , . . . , qpk , . . . , qpK },

Chunk Quality Measurement

Results of prior work in the field of video quality analysis [7, 19]
have shown that the correlation between the bitrate of a video
and its perceptual quality is non-linear because of differences in
the video content types, with each video consisting of various
high and low motion scenes, and thus, different qualities will be
perceived. Because of this, we consider both the chunk bitrate
level and perceptual quality in GTA. In our study, we use the q(l)
mapping function adopted from [3, 5]. The per-chunk perceptual
quality measurements1 were conducted using SSIMWave’s Video
QoE Monitor (SQM) software2 across different values of CT , DR
and SPT as described in Section 3.2. SQM implements the SSIMplus
index [11, 29] with its capabilities and characteristics. Also, our
SSIMplus MAP model analogously maps CT , DR and SPT values
of each player into one common SSIMplus-based space [5]. With
this model, the existing GTA players (53 = 125 possible player type
permutations by combining different values of the three features)
can be grouped into five non-overlapping clusters denoted CL,
where,
(
∀p ∈ P : MAPS S I M+ (CT , DR, SPT ) ⇒ CL = {cl 1 , . . . , cl 5 },
(2)
∃p ∈ P : MAPS S I M+ (CTp , DRp , SPTp ) ⇒ cl µ , µ = [1 . . . 5].

System Model

(

GTA DESIGN

In this section, we provide the design steps and the implementation
details of GTA.

The equation above expresses that in case of multiple GTA
players, ∀p ∈ P, with P representing the set of players, the top
line of (2) is used to group all players into a set of clusters, while
each player p knows its corresponding cluster cl µ by applying the
bottom line of (2). This model is used when the collaborative mode
is activated, where the players within the same cluster select similar
bitrate levels (i.e., they reach an optimal ABR decision consensus
that maximizes their viewer QoE) at every downloading step (see
Section 4.3). Hence, grouping players into a set of clusters helps our
solution to benefit from GT cooperation, and thus, our model can
support large-scale deployments. Further, on the DASH server, a
chunk quality manifest file is created for each CT that lists chunks
with their respective SSIMplus qualities. Thus, a GTA player is
first required to download both the MPD and perceptual quality
manifest file before starting to download the video.

(1)

where l = [l 1 , . . . , lφ ] and q = [q 1 , . . . , qφ ], with φ being the number of the bitrate levels or qualities listed. Let qk• (l •k ) denote a nondecreasing, non-linear relationship (i.e., qk (.) function that maps
the selected bitrate level to an SSIMplus-based perceptual quality) between a bitrate level l •k and its corresponding perceptual
quality qk• . Hence, a higher bitrate level implies a better quality as
perceived by the player. We assume that chunks are sequentially
requested via HTTP GETs (the next chunk cannot be downloaded
until the current chunk is received). With a constant bitrate (CBR)
scheme b k (l k ) = l k ×τ , while with a variable bitrate (VBR) method,
b k ∼ l k may differ across chunks. Thus, the time required to download chunk k is denoted by d k (l k ) = b k (l k )/bw ek .

4.2

Throughput Estimation

We include two accurate throughput estimators, namely PANDA [20]
and CS2P [35]. The key insight of using these algorithms is their efficacy in eliminating bandwidth overestimations [2, 3] under highly
variable network conditions. PANDA is the default throughput
estimator algorithm in GTA, and for each downloading step k, it
uses a periodic network probing mechanism that increments the
sending rate additively while decreasing it multiplicatively when
congestion occurs. It consists of three phases:
1 The

per-chunk perceptual quality is the total average of the per-frame qualities.
Available: https://goo.gl/B6ah9i

2 [Online]
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x̂ k − x̂ k −1
=
d k −1 (l k−1 )
l k−1 × τ
κ(ω − max(0, x̂ k −1 − x̃ k −1 + ω)), with x̃ k −1 =
.
d k −1 (l k −1 )
(b) Smoothing x̂ k and generate ŷ k by ŷ k = Sm({x̂ z : z ≤ k }).
(c) Quantizing ŷ k to the nearest bitrate level by l k = Qu(ŷ k , Lu ).
Here x̃ is the TCP throughput estimate, κ is the probe parameter,
ω is the probe additive parameter, and Sm(.) and Qu(.) are
the smoothness and quantization functions, respectively. For
throughput estimation smoothing we implemented four different
Sm(.) functions: (1) the last throughput, (2) the mean of the last three
throughputs from dash.js [28], (3) exponential weighted moving
average (EWMA), and (4) moving average convergence divergence
(MACD) [16, 20].
The CS2P estimator uses a data-driven approach to predict the
throughput during each chunk downloading step. First, it learns the
sessions with similar vital features (e.g., ISP, geographical region,
IP). Second, it groups similar sessions into clusters, and then for
each cluster, it trains a hidden Markov model (HMM) to estimate
the corresponding throughput. We evaluated GTA using PANDA
and CS2P estimators considering different smoothing functions.
However, due to space limits in the performance evaluation
(Section 5), we present only the PANDA throughput estimator
with the mean of the last three throughputs as the smoothing
function. Furthermore, we integrated the fast model predictive
control (fastMPC) [39] together with the PANDA estimator to obtain
the throughput estimations over a horizon of several future chunks.
Thus, we improve the accuracy of the ABR decisions and detect
network resource fluctuations in advance.

a set of well-defined axioms that consider only the bargaining
outcome by abstracting the bargaining process. Hence, the NBS
allows GTA to focus only on the optimal outcomes that satisfy the
defined properties of each axiom rather than studying how the GTA
players reach an agreement. Formally, let A be the set of finite and
discrete actions to be taken, which represent the bitrate levels and
perceptual qualities of the available chunks for the corresponding
video u, and R be the set of possible utilities when actions from A
are taken during a streaming session. A and R are defined as:

(a) Estimating the bandwidth share x̂ k by

4.3

A = {Aup1 , . . . , Aup N }, Aupi = Qpui (Lupi ) = {ap1 i , . . . , apKi }.
R = {Rup1 , . . . , RupN }, Rupi = {rp1i , . . . , rpKi }.
Here, N represents the total number of GTA players (in the case of
one player, i.e., N = 1, the non-cooperative mode is enabled) and
pi ∈ P is a GTA player where i = [1, . . . , N ] and P = {p1 , . . . , p N }.
At each downloading step k, every GTA player pi in the system
tries to form an agreement with other GTA players in order to
reach an ABR decision consensus (i.e., each player selects only
the optimal actions that maximize its utility taking into account
different settings and operating regimes) over an outcome A. This
is realized by choosing a suitable action apki ∈ Aupi that results in

a utility rpki ∈ Rupi via a strategy (i.e., GTA decision3 ) spi ∈ Spui
such that Aupi ∈ A and Rupi ∈ R are the joint chosen actions and
obtained utilities for all players, respectively, and Spui ∈ S is the
set of strategies. Let R(A) be the action-utility relationship set (i.e.,
the set of possible actions with their achievable utilities), which is
determined via a function F over the space F : (A → R) ∪ {W}.
Thus, for every player pi this relationship is defined as Rupi (Aupi )
and for each downloading step k as rpki (apki ) over the spaces Fupi :
(Aupi → Rupi ) ∪ {Wpui }, and Fpki : (apki → rpki ) ∪ {wpki }, respectively.
Let W be the set of bargaining outcome disagreements (i.e., a set of
pessimal actions with their resulting utilities), which is defined as:

ABR Decision

We formulate the task of making ABR decisions as a GT cooperativegame based problem, in particular, a bargaining process and a
consensus decision problem. Our problem is defined as a game
G(P, m, A, R, S) where a tuple consists of the set of GTA players, a
DASH server, a set of actions, a set of utilities, and a set of strategies,
respectively. The GTA players are allowed to form a bargaining
process (or agreement) among themselves that can improve their
decisions as well as maximize their utilities (viewer QoE). The
ultimate goal is to reach a consensus by selecting only the optimal
ABR decisions (or actions in GT) with their corresponding maximal
utilities (i.e., bargaining outcome) considering various settings and
operating regimes during a streaming session. This cooperation
is fully distributed and does not introduce any cost in terms of
message exchange or complexity. Thus, it strengthens the GTA
players’ positions in the game. It might be of interest to note that
a GTA player needs to know only the total number of players in
the network and in its cluster. Also, GTA is designed carefully to
deal with any deviating players [13, 25] (e.g., a player that stops
its session, a player that wants to join another cluster) thanks to
the non-superadditive property [13, 25]. Such a property applies a
deviation and penalty mechanism to the deviating player, where its
utility will be equitably divided between the players of the cluster
to which it belonged.
To achieve the above mentioned goal, we apply a Nash Bargaining
Solution (NBS) [13] as a conceptual solution. Generally, NBS adapts



W = {Wpu1 , . . . ,WpuN |Wpui ∈ R − (A − )},



Wpui = {wp1i , . . . , wpKi |wpki ∈ Rp−,u
(A−,u
pi )},
i


w k = {r −,k (a −,k )|∀k = [1, . . . , K], i = [1, . . . , N ]}.
pi
pi
 pi

(3)

Further, we define the action-utility relationship over the strategy
space S as follows:


S = {Spu1 , . . . , SpuN |Spui ∈ R(A)},



Spui = {sp1i , . . . , spKi |spki ∈ Rupi (Aupi )},


s k = {r k (ak )|∀k = [1, . . . , K], i = [1, . . . , N ]},
pi pi
 pi

(4)

where W ⊂ S, and R − (A − ), Rp−,u
(A−,u
pi ) are the set of bargaining
i
outcome disagreements of all players P and of every player pi ∈ P
during a streaming session, and rp−,k
(ap−,k
) is a disagreement point
i
i
at a downloading step k. Note that at the beginning of the streaming
session, we simply choose the disagreement point as the origin (i.e.,
the lowest bitrate with its possible QoE). After that, we consider
such a point as a non-optimal ABR decision with its unsatisfactory
QoE. To alleviate any negative impact on the whole performance
during the streaming session, we select the Nash equilibrium as the
3 ABR
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downloading step k, for each player p, the objective function is
defined as:

disagreement point, and subsequently, use the NBS to improve the
utilities of the players with respect to the ABR decisions taken.
Afterwards, our ABR decision problem is defined by the pair
Problem(S, W) such that: (i) S is a convex and compact set, (ii) for
every downloading step k, every player pi ∈ P selects the optimal
action ap∗,k
that leads to the best utility rp∗,k
for all settings and
i
i
operating regimes, and (iii) for every downloading step k, ∀pi ∈ P
there exists ∃spki ≥ wpki . In particular, our bargaining solution is
defined by a function F over the space F : (S, W) → Rn that
specifies a unique Pareto optimal (PO) bargaining outcome for
every Problem(S, W), denoted by O ? where O ? = F(S, W) (i.e.,
O ? is the set that contains only the optimal bargaining outcomes
(or solution)). As stated earlier, we use NBS that defines a set of
axioms that the bargaining outcome O ? should fulfill:
•




find ap?,k ⇔ qp?,k (lp?,k ) 







⇔ op?,k ∈ Op?,u

k

arg
max
r


p




r pk ∈Rpu ,apk ∈Aup





min
k
s.t. bu f fp
≤ bu f fp ≤ bu f fpmax

?,k


 MAPSS I M+ (ap , {CTp , DRp , SPTp })


 o?,k = r ?,k (a?,k ) = F(s k , w k )


p
p
p
p
p



k ⇔ d max (l ?,k ) ≤ τ , ∀l ?,k ∈ Lu
 lp?,k ≤ bw e,p
p
p
p


and op?,k
≥ wpki .
i
• Feasibility. ∀pi ∈ P, O ? ∈ S.
• Symmetry. For every downloading step k, ∀pi ∈ P, let
Problem(S, W) be symmetric around spki = spki+1 , wpki =

wpki+1 if and only if (spki , spki+1 ) ∈ Spui and (wpki , wpki+1 ) ∈ Wpui ,

to download chunk k encoded at bitrate level lpk .

then F(spki , wpki ) = F(spki+1 , wpki+1 ) (or opki = opki+1 ).
0
• Independence. Given Problem(S, W) and Problem(S , W),
0
0
?
?
where O ∈ S , S ⊆ S, if O = F(S, W) then O ? =
0
F(S , W).
• Invariance. Given a linear scale transformation function
ϒ, if we transform Problem(S, W) into another, different
0
0
0
0
Problem(S , W ) where S = ϒ(S) and W = ϒ(W), then
ϒ(F(S, W)) = F(ϒ(S), ϒ(W)).

There exist many viewer QoE models in the literature [32]. To
achieve long-term user engagement, we require a flexible QoE
model that includes the most effective metrics. Thus, we use the
QoE model proposed in [3, 42] for each downloading step k. We
define the QoE function QoEpk (or utility function rpk ) of player p as
follows:

For every step k, ∀pi ∈ P, O ? = {Op?,u
, . . . , Op?,u
}, and Op?,u
=
1
N
i

δ1

{op?,1
, . . . , op?,K
}, thus op?,k
= {rp?,k
(ap?,k
)}. Subsequently, function
i
i
i
i
i
F for Problem(S, W) is defined as:

pi

pi



s.t. spki ≥ wpki , ∃ spki ∈ Spui , Spui ∈ S, wpki ∈ Wpui ,



K

Í


αpki = 1, αpki ∈ [0, 1].


 k =1

K
Õ

k =1

qpk (lpk ) − δ 2

K
−1
Õ
k =1

qpk +1 (lpk+1 ) − qpk (lpk ) − δ 3SEpk − δ 4Tpsd (7)

Eqn. (7) consists of four metrics: (a) the average chunk perceptual
quality, (b) the average number of quality oscillations, (c) the
average number of stall events and their durations, and (d) the
startup delay. K is the total number of chunks, qk• (l •k ) is the
selected bitrate level and its corresponding perceptual quality
of the downloaded chunk k ∈ [1, . . . , K]. qk• (.) is the bitrateto-perceptual-quality mapping function. SE •k represents the stall
Í4
event duration and T•sd is the startup delay. n=1
δn = 1 are nonnegative weighting factors, which are set to be equal (0.25 each)
since all metrics impact the viewer QoE. Empirically, we performed
many objective measurements to tune the weighting factors with
additional input from objective and subjective recommendations
from prior studies [4, 11, 16, 42]. This QoE model outputs a
value between 0 and 1, and we used the normalized QoE (N-QoE)
presented in [3] to scale it up to a range from 1 to 5 (MOS range).

(5)

Here, function F is strictly concave and α is the bargaining power
which is associated with every player pi ∈ P. We note that the set
of NBS axioms is simplified and satisfied by solving (5). Hence, at
each downloading step k, and for every player pi ∈ P, our game
G reaches a unique Pareto optimal (PO) NBS (i.e., a unique PO
bargaining outcome). This is also called a consensus point.

4.4

C.3
C.4

C.1 The taken action should maintain the current buffer
occupancy between the two (min. and max.) buffer
thresholds.
C.2 The taken action must satisfy the SSIMplus MAP model.
C.3 The taken action must lead to a unique PO NBS.
C.4 The bitrate level of the taken action should not surpass
the currently estimated throughput. To eliminate any
incorrect throughput estimation, we adopt a chunk time
constraint where d max (lp?,k ) is the maximum time needed

is PO, where for every
downloading step k, ∀pi ∈ P, O ? ≥ W, then, Op?,u
≥ Wpui ,
i

F:

(6)

In (6), constraints {C.1,. . . ,C.4} are defined as follows:

Pareto optimality and efficiency. O ?



find op?,k

i



K
Î



arg
max
(spki − wpki ), ∀pi ∈ P,



s k ∈S u k =1

C.1
C.2

Objective Function

5

To derive the GTA decision rule from the GT model described in
Section 4.3, we formulate the ABR selection for QoE maximization
as a network utility maximization (NUM) [27] objective function.
This function is carefully designed to be strictly increasing concave,
suitable for different settings and operational regimes, and flexible
enough to accommodate various dynamic constraints. At every

PERFORMANCE EVALUATION

We evaluated GTA against the existing ABR schemes using tracedriven experiments that cover a broad set of real-world network
conditions (i.e., throughput variability profiles). In each test, we
considered different operating regimes and settings such as QoE
metrics, CT , DR, SPT , throughput variability and video parameters.
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Figure 3: Throughput profile characteristics of the evaluation datasets.

5.1

Methodology

losses sequentially: {(38 ms, 0.09%), (50 ms, 0.08%), (75 ms, 0.06%),
(88 ms,0.09%), (100 ms,0.12%)}.

5.1.1 Throughput Profiles. We generated six throughput profiles
by leveraging three public datasets and synthetic models as follows:

5.1.2 ABR Schemes. Figure 4 shows results from our implementation of GTA and other well-known state-of-the-art ABR schemes
in dash.js [28] v2.5. We compared our solution to the following ABR
schemes: BBA [15], ELASTIC [9], Rate-based, Hybrid, BOLA [33],
QDASH [24], FESTIVE [16], SARA [18], and Quetra [41]. BOLA,
Rate-based and Hybrid (buffer-based and rate-based) are the conventional ABR schemes of dash.js. We note that (i) these schemes
were selected for comparison because they use a variety of ABR
heuristics and objectives as described in Section 2, (ii) for a fair
comparison we used the same adopted functions and inputs in each
respective scheme, and (iii) PANDA and CS2P were not included
in the comparison because PANDA can be classified as throughputbased ABR, and as we already included the rate-based and QDASH
schemes from this class, we omitted PANDA. CS2P is not a standalone ABR scheme, as it includes only the bandwidth estimation
functionality.

• FCC Broadband Dataset [8, 42]: This dataset consists of one
million throughput measurement traces. Each trace contains
six data points, each one representing the average throughput
measurements at a five-second granularity. We extracted
randomly 1,000 traces by considering only the throughput traces
of the same server and client IP address, and under the same
category of ‘Web Browsing.’ Then, we averaged all of them
while concatenating these throughput averages to match the
total duration of the test videos (600 seconds).
• 3G/HSDPA Mobile Dataset [30]: This dataset consists of six kinds
of throughput measurement traces including: bus, car, train, ferry,
metro and tram. Each trace contains 30 minutes of throughput
measurements sampled at one second and collected via a mobile
device while streaming video. We used a sliding window to
generate 1,000 traces of each kind (6,000 traces in total). Then
we averaged all of them considering the total duration of the test
videos.
• Synthetic Dataset [42]: This dataset is based on a real-world
shared network environment HMM model that follows a normal
distribution with mean mt and variance σt2 given the value of
time t. We generated 600 throughput traces randomly by varying
mt , σt2 , and the transition probability matrix.
• DASH IF Dataset [28, 33]: This dataset consists of 13 profiles,
each of them exhibiting different throughput measurements,
latencies (in milliseconds) and packet loss rates (in percentage).
We selected three profiles that follow the cascade pattern (highlow-high and low-high-low).

5.1.3 Video Parameters. The DASH server stored five videos
of different content types including their manifest files (MPD,
SSIMplus-based quality). The videos consisted of animation (Big
Buck Bunny), documentary (Of Forests And Men), movie (Valkaama
or Tears of Steel), news and sports (Red Bull Playstreets) from the
DASH video dataset [19]. Each video was 600 seconds long and
encoded with an H.264/AVC codec into either 3, 5, 6, 10 or 20
bitrate levels, denoted by sets BL1 to BL5, with different resolutions
{240,360,480,720,1080}p and chunk durations of {1,2,4,10} seconds.
These encoding recommendations were taken from [19, 22, 28, 33]
and are summarized below:

In our generated throughput profiles, we considered only the
throughput measurement traces whose values were in the range of
[0.25 . . . 6] Mbps in order to avoid trivial ABR decisions where (i)
selecting the maximum bitrate level would always be the optimal
decision and (ii) the measured throughput could not be quantized
to any of the available bitrate levels of the played video. In addition,
for each profile we included different inter-variation durations4 of
{1,4,10,30,60,75} seconds. Figure 3 depicts the throughput profiles of
all four datasets. Among these, in FCC, 3G/HSDPA and Synthetic
we used a fixed round-time time (RTT) of 50 ms with a packet
loss ratio of 0.09% between the player and the DASH server. In the
DASH IF dataset, we used the following set of RTTs and packet

BL1 (Kbps)
BL2 (Kbps)
BL3 (Kbps)
BL4 (Kbps)
BL5 (Kbps)

150, 900, 3000.
150, 200, 500, 1200, 4000.
250, 700, 1200, 1500, 3000, 4000.
250, 300, 400, 700, 900, 1500, 2000, 3000, 3500, 4000.
50, 100, 150, 200, 250, 300, 400, 500, 600, 700, 900,
1200, 1500, 2000, 2100, 2400, 2900, 3300, 3600, 4000.

5.1.4 Experimental Setup. We performed extensive VoD streaming experiments. Our setup consisted of two machines (running
Ubuntu 16.04 LTS), one for the dash.js player and one for the DASH
server. The DASH server was an Apache HTTP server (v2.4) and
the dash.js player ran in a Google Chrome browser (v60). Both
machines were connected through a Cisco router and we used the

4 The

inter-variation duration is the interval time required before varying the
throughput in each profile. Thus, it varies continuously in time.
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(a) Average bitrate level over 10 runs. Profile: The network throughput trace that we used to throttle the bandwidth.
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(c) Average normalized QoE (N-QoE) over 10 runs. The QoE normalization table is taken from [3].
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(d) Average bitrate level, quality, buffer occupancy and N-QoE for all the used throughput profiles over 10 runs.

Figure 4: (a) Average bitrate level, (b) quality and (c) N-QoE. From left to right: FCC, 3G/HSDPA, Synthetic, DASH TH2 and DASH
TH3, where the inter-variation durations are 4, 1, 1, 30 and 75 seconds, respectively. (d) The average results of all considered
throughput profiles. In box plots, the central mark indicates the median, and the bottom and top edges of each box indicate the
25t h and 75t h percentiles, respectively, while the red dots are outliers. In bar plots, the bottom edge, bar and top edge indicate
the 5th percentile, mean and 95th percentile values, respectively.
network emulator tc-NetEm5 to throttle the available bandwidth of
the link between the player and the server according to our throughput profiles, including RTT and packet loss ratio. PANDA [20] was
used for throughput estimation and its parameters were set as described in the original paper, with κ = 0.14, ω = 0.3, and for Sm(.)
we used the mean of the last three throughput estimations. The
fastMPC horizon was fixed to the next three future chunks. We set
the min. and max. buffer occupancy thresholds to 8 and 32 seconds,
respectively, and the bargaining power α to one. We considered
the QoE model and its metrics to evaluate GTA and the existing
ABR schemes. Due to space limits and since similar results were
obtained for different settings and operating regimes, we present
only the results of experiments with content type CT = animation, chunk duration τ = 4 s, the total number of chunks (or steps)
K = 600/4 = 150, bitrate level set BL4, and inter-variation durations
5 [Online]

of throughput profiles of {1,4,30,75} seconds. For more information
on the GTA source code and demo, visit our Web site [6].

5.2

Results: GTA vs. Existing ABR Schemes

In the first set of results, GTA is compared to other ABR schemes for
each QoE metric. For accuracy, we carried out ten experiments for
each scheme with the same configuration (settings and operating
regime), and all the presented results are averages of the 10 runs.
Figure 4 illustrates the error bar and box plot average results
of the average bitrate level, the SSIMplus-based quality and the
normalized QoE for different throughput profiles. Table 2 provides
more detailed results on the QoE and its metrics for each throughput
profile. Two key observations can be drawn from these results.
First, in all throughput profiles, we find that GTA achieves a
higher performance compared to the other ABR schemes on each
comparison metric considered. The second best ABR scheme is
Hybrid, which achieves the closest results to GTA. This shows

Available:https://goo.gl/2kABRu
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other schemes across different throughput profiles. It ensures a
sufficient buffer occupancy (minimum buffer level) with an accurate
throughput estimation while maintaining a good video stability
to handle sudden and large bandwidth variations. The BOLA and
Hybrid schemes provide the closest results regarding the number of
stall events and stall durations compared to GTA because they try
more aggressively to keep a minimum buffer occupancy even at the
expense of delivering low video quality. Furthermore, they employ
a larger playback buffer (max. 40 seconds) that protects a player
from stall events. Finally, Rate-based, Elastic and QDASH suffer
from stall events since they do not consider a lower reservoir (or
minimum buffer level) to prevent stalls or do not pay attention to
buffer occupancy during ABR decisions. We note that BBA obtains
the worst results because it chooses to deliver the video at the
highest bitrate of 1.97 Mbps on average with the fewest bitrate
switches, leading to frequent buffer underruns.
QoE: Figures 4c and 4d show the error bar plots of the average
normalized QoE for each throughput profile and the total average
over all the profiles, respectively. The QoE is computed using (7) and
compared to the existing ABR schemes. We see that GTA delivers
the highest viewer QoE with a significant improvement in the
total average of 38.9% (19.5%–55%) over all the throughput profiles.
Specifically, GTA outperforms other ABR schemes in all considered
throughput profiles with an improvement in the average QoE of
34.9% (23.5%–48.1%), 31% (12%–50%), 40.5% (26.4%–58.4%), 41.2%
(27%–58.2%) and 47.3% (8%–59.6%) for FCC, 3G/HSDPA, Synthetic,
DASH TH2 and DASH TH3, respectively. As shown, GTA obtains
this high efficacy in terms of QoE from its capability to limit video
instability, avoid stall events and reduce the startup delay across
the various throughput profiles, settings and operating regimes.
GTA is able to balance different QoE metrics and ABR objectives in
a way that improves the total viewer QoE.
In general, the presented positive results of GTA are expected
due to (i) the GT-based rule that enables only optimal decisions to be
taken during the ABR process and without introducing explicit or
implicit overhead, (ii) the accurate estimation of the throughput via
the PANDA estimator, and (iii) the fastMPC algorithm, which offers
throughput estimations for the next few steps. These properties
help GTA reduce the startup delay and optimize the QoE. The
main findings for video stability, stall events, startup delay, and
normalized QoE for each throughput profile are summarized in
Table 2.

the importance of combining throughput estimation with buffer
occupancy in ABR decisions. The performance gain in normalized
QoE between GTA and Hybrid is approximately 23%, 12%, 26%, 27%,
and 8% for FCC, 3G/HSDPA, Synthetic, DASH TH2 and DASH TH3,
respectively. Second, since the existing ABR schemes employ fixed
heuristic(s) without considering network conditions, QoE metrics
and ABR objectives, etc., in their ABR decision they suffer from
low performance with different throughput profiles and struggle
to optimize various QoE metrics. This confirms that with realistic
network profiles there still exists significant potential to improve
viewer QoE over the existing schemes. In contrast, GTA leverages
a game theory model (6) that enables the selection of only optimal
decisions during the ABR process, and GTA’s efficiency remains
consistently the best with all settings and operating regimes.
Video stability: We analyze the video stability in terms of the
number of bitrate level switches and perceptual quality variations.
Figures 4a and 4b show the average bitrate level and SSIMplus-based
quality, while the QoE and its metrics are presented in Table 2 for
different throughput profiles. We see that GTA achieves the highest
video stability. It selects the optimal bitrate levels resulting in a
total average of 1.66 Mbps (ranging from 0.96–2.52 Mbps), fewer
switches at 15 and quality variations of 0.028 (see Figure 4b) with
all considered throughput profiles. Specifically, it chooses suitable
bitrate levels with sufficient buffer occupancy to handle different
network condition fluctuations (see Figures 4a and 4d), where for
FCC, 3G/HSDPA, Synthetic, DASH TH2 and DASH TH3 our scheme
selects a total average bitrate of (1.1, 1.3, 1.7, 2.85, 1.41) Mbps with
the number of switches of (17, 6, 30, 7, 15), and quality variations
of (0.01, 0.004, 0.015, 0.04, 0.06), respectively. GTA has better video
stability with the best average bitrate level selection by 62% (ranging
between 37%–72%) over all throughput profiles compared with the
existing ABR schemes. Likewise, GTA provides the lowest startup
delay with an average of 1.56 seconds, and an average improvement
of 42% (9%–61%) compared to other schemes.
We also observe that buffer-based schemes such as BBA, BOLA,
and Quetra suffer from video instability with many quality switches
due to their models that do not consider throughput fluctuations
and focus only on buffer occupancy to make ABR decisions. In
other words, they sacrifice video stability for filling up the playback
buffer to a certain level. Other schemes like ELASTIC and QDASH
may experience an incorrect throughput estimation under a wide
variety of network conditions caused by the common DASH on-off
pattern [1].
Number and duration of stall events: One of the primary
objectives of GTA is to avoid switching to a high bitrate level when
there is an imminent risk of a stall. However, achieving this goal
when considering different network conditions is a challenging
task. As illustrated in Table 2 (forth results column), GTA avoids
stall events, i.e., achieves a zero stall duration. Unlike the existing
ABR schemes that experience a lot of stall events (‘#’ indicates
number) with long durations (in seconds), ranging on average for
FCC: [(0–12)#, (0–25)s], 3G/HSDPA: [(0–12)#, (0–33)s], Synthetic:
[(3–24)#, (4.5–35)s], DASH TH2: [(0–30)#, (0–27)s], DASH TH3:
[(1–24)#, (0.5–30)s], average all: [(1.6–20)#, (2.5–27.8)s]. GTA shows
a high efficiency in reducing stall events by 5.2% (1.1%–13.6%) and
their durations by 3.3% (1%–5%) as a total average compared to

5.3

Discussion and Results Summary

So far, we considered the improvements of the performance of
a single DASH player. A further question would be how GTA
performs when multiple players compete for the available network
resources, their interactions with each other in the presence of
cross traffic, and how sensitive GTA is to various QoE metrics. To
investigate this, we carried out an additional test scenario that
consisted of 100 heterogeneous dash.js players sharing a link with
a fixed total capacity of 170 Mbps, including a random cross traffic
generator of random (10–70) Mbps, and utilizing the bitrate level
set BL5. Each of the clients ran either GTA or another ABR scheme.
Moreover, we used the SSIMplus MAP model (see Section 4) to
create five non-overlapping clusters, and by combining different
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Table 2: Average QoE and its metrics where CT = animation and the bitrate level set is BL4.
FCC
AVG Bitrate
Level (Mbps)

AVG Quality
(SSIMplus)

AVG # of
Switches

3G/HSDPA
AVG # of Stalls
& Duration

Startup
Delay

AVG
N-QoE

AVG Bitrate
Level (Mbps)

AVG Quality
(SSIMplus)

AVG # of
Switches

AVG # of Stalls
& Duration

Startup
Delay

AVG
N-QoE

GTA
BBA
BOLA
Rate-based
Hybrid
Quetra
ELASTIC
QDASH
SARA
FESTIVE

1 to 1.2 (1.1)
0.25 to 3.9 (2)
0.32 to 1 (0.76)
0.5 to 1 (0.69)
0.25 to 1.5 (0.71)
0.25 to 1.5 (0.87)
0.23 to 1 (0.64)
0.5 to 3.9 (1.04)
0.25 to 1 (1.2)
0.5 to 1.5 (0.8)

0.95 to 0.96 (0.949)
17
0.91 to 0.96 (0.947)
31
0.92 to 0.95 (0.945)
40
0.91 to 0.945 (0.946)
23
0.925 to 0.95 (0.944)
40
0.91 to 0.95 (0.936)
64
0.92 o 0.957 (0.942)
50
0.938 to 0.977 (0.95)
50
0.912 to 0.953 (0.943) 22
0.939 to 0.952 (0.946) 36
Synthetic

0&0s
12 & 25 s
0&0s
2&2s
0&0s
4 & 12 s
4 & 2.5 s
5 & 5.2 s
3 & 2.5 s
1 & 2.5 s

1.3 s
4.22 s
1.9 s
4.5 s
1.7 s
2s
3.9 s
3.2 s
1.9 s
3.4 s

4.52
2.16
3.12
3.10
3.35
2.5
2.85
2.92
2.80
3.25

1 to 1.5 (1.3)
0.25 to 2.9 (2.2)
0.32 to 1.5 (0.81)
0.5 to 2.9 (0.63)
0.25 to 1 (0.68)
0.25 to 2.1 (0.905)
0.32 to 3.9 (1.25)
0.32 to 3.9 (1.15)
0.25 to 1.5 (1.5)
0.5 to 3.9 (0.88)

0.949 to 0.953 (0.95)
6
0.91 to 0.975 (0.956)
33
0.921 to 0.956 (0.945) 65
0.939 to 0.974 (0.947) 23
0.91 to 0.95 (0.942)
38
0.91 to 0.962 (0.936)
50
0.921 to 0.99 (0.949)
66
0.921 to 0.99 (0.951)
50
0.91 to 0.951 (0.937)
45
0.939 to 0.99 (0.947)
40
DASH TH2

0&0s
12 & 22 s
1 & 4.1 s
6 & 10 s
0&0s
4&6s
9 & 20 s
6 & 33 s
6&8s
3&5s

1.75 s
4.3 s
2s
2s
1.9 s
3.4 s
2.2 s
3.6 s
2.9 s
3s

4.5
2
3.1
3.28
3.9
2.83
2.7
2.5
2.75
3.6

GTA
BBA
BOLA
Rate-based
Hybrid
Quetra
ELASTIC
QDASH
SARA
FESTIVE

1 to 2.1 (1.7)
0.25 to 3.9 (1.1)
0.25 to 2.9 (0.8)
0.32 to 1 (0.56)
0.25 to 1.5 (0.62)
0.25 to 3.6 (0.98)
0.25 to 3.9 (1.1)
0.25 to 3.9 (0.89)
0.25 to 1.5 (0.56)
0.32 to 1.5 (0.7)

0.949 to 0.964 (0.96)
30
0.91 to 0.99 (0.945)
63
0.91 to 0.974 (0.94)
77
0.921 to 0.949 (0.94)
41
0.91 to 0.95 (0.936)
60
0.91 to 0.981 (0.937)
48
0.91 to 0.99 (0.943)
84
0.91 to 0.99 (0.94)
74
0.91 to 0.95 (0.93)
55
0.921 to 0.95 (0.94)
69
DASH TH3

0&0s
19 & 35 s
3 & 4.5 s
24 & 25 s
12 & 12 s
10 & 35 s
15 & 25 s
20 & 35 s
6 & 22 s
11 & 15 s

1.4 s
3.4 s
1.5 s
2.25 s
1.73 s
2.11 s
3.7 s
2s
1.93 s
1.67 s

4.72
1.95
3.17
3.13
3.4
2.92
2.25
1.8
2.3
3.35

1.5 to 3.9 (2.85)
1 to 2.9 (2.15)
0.25 to 3.9 (2.35)
1 to 2.9 (2.11)
0.5 to 2.9 (1.94)
0.25 to 3.9 (2.84)
1.5 to 3.9 (2.76)
1.5 to 3.9 (3.2)
1 to 2.9 (2.11)
1.9 to 3.9 (2.17)

0.95 to 0.99 (0.972)
7
0.949 to 0.974 (0.96)
17
0.91 to 0.99 (0.966)
38
0.949 to 0.974 (0.961) 6
0.939 to 0.974 (0.959) 27
0.91 to 0.99 (0.974)
34
0.95 to 0.99 (0.974)
19
0.95 to 0.99 (0.982)
12
0.949 to 0.974 (0.961) 8
0.949 to 0.99 (0.962)
10
AVG All

0&0s
30 & 27 s
1&1s
2&3s
0&0s
1&1s
20 & 12 s
10 & 11 s
2 & 3.4 s
9&9s

1.8 s
2.3 s
1.89 s
4s
1.9 s
3.4 s
2s
3s
6s
2.5 s

4.66
1.75
2.98
2.8
3.31
2.69
1.9
2.42
2.74
2.73

GTA
BBA
BOLA
Rate-based
Hybrid
Quetra
ELASTIC
QDASH
SARA
FESTIVE

0.32 to 3.9 (1.41)
0.25 to 3.9 (2.4)
0.25 to 3.9 (0.87)
0.25 to 3.9 (1.4)
0.25 to 3.9 (0.81)
0.25 to 3.9 (1.52)
0.25 to 3.9 (1.4)
0.25 to 3.9 (1.17)
0.25 to 3.9 (1.19)
0.25 to 3.9 (1.27)

0.921 to 0.99 (0.944)
0.91 to 0.99 (0.966)
0.91 to 0.99 (0.934)
0.91 to 0.99 (0.95)
0.91 to 0.99 (0.932)
0.91 to 0.99 (0.943)
0.91 to 0.99 (0.947)
0.91 to 0.99 (0.941)
0.91 to 0.99 (0.943)
0.91 to 0.99 (0.943)

0&0s
24 & 30 s
3&5s
12 & 14 s
1 & 0.5 s
10 & 7 s
11 & 17 s
3 & 25 s
5 & 12 s
3&4s

1.3 s
2.5 s
3.6 s
2s
1.5 s
2.5 s
3.7 s
8s
4.3 s
4s

4.8
1.6
2.53
2.03
4.4
2.5
1.82
1.86
2.5
2.69

0.96 to 2.52 (1.66)
0.4 to 3.5 (1.97)
0.28 to 2.64 (1.12)
0.51 to 2.35 (1.17)
0.3 to 2.16 (0.95)
0.25 to 3 (1.42)
0.51 to 3.32 (1.43)
0.56 to 3.9 (1.49)
0.4 to 2.16 (1.04)
0.69 to 2.94 (1.16)

0.943 to 0.971 (0.954)
0.917 to 0.977 (0.955)
0.914 to 0.972 (0.946)
0.925 to 0.966 (0.949)
0.918 to 0.962 (0.942)
0.91 to 0.974 (0.945)
0.922 to 0.983 (0.951)
0.925 to 0.987 (0.953)
0.918 to 0.963 (0.943)
0.931 to 0.974 (0.948)

0&0s
20 & 27.8 s
1.6 & 2.92 s
9.2 & 10.8 s
2.6 & 2.5 s
5.8 & 12.2 s
11.8 & 15.3 s
8.8 & 21.85 s
4.4 & 9.6 s
5.4 & 7.1 s

1.56 s
3.34 s
2.02 s
2.95 s
1.71 s
2.66 s
3.04 s
3.96 s
3.38 s
2.9 s

4.65
1.9
2.98
2.87
3.67
2.69
2.31
2.3
2.62
3.12

15
45
50
23
37
27
24
31
28
50

15
38
54
24
41
45
49
44
32
41

Table 3: Average bitrate level, quality, QoE with its metrics, instability, unfairness and underutilization indexes.

GTA
BBA
BOLA
Rate-based
ELASTIC
FESTIVE

AVG Bitrate
Level (Mbps)

AVG Quality
(SSIMplus)

1.3 to 1.5 (1.4)
0.05 to 2.3 (2)
0.05 to 4 (1.2)
0.05 to 4 (1.3)
1.1 to 4 (2.5)
0.35 to 1.2 (1.1)

0.87 to 0.9 (0.885)
0.69 to 0.94 (0.81)
0.69 to 0.97 (0.88)
0.69 to 0.97 (0.883)
0.88 to 0.97 (0.94)
0.81 to 0.9 (0.88)

Quality
Variance

AVG # of
Switches

AVG # of Stalls
& Duration

Startup
Delay

AVG
N-QoE

AVG
Instability

AVG
Unfairness

AVG
Underutilization

0.026
0.25
0.28
0.28
0.1
0.09

4
36
88
25
24
13

2&1s
12 & 10 s
9 & 9.5 s
13 & 10.5 s
20 & 13 s
5 & 5.2 s

3.9 s
7.3 s
10 s
9s
9.2 s
6s

4.4
3.05
3
2.85
2.8
3.5

0.005
0.1
0.25
0.15
0.15
0.012

0.01
0.4
0.55
0.6
0.3
0.22

0.02
0.3
0.5
0.45
0.4
0.23

values of the three features (DR, CT and SPT ) we made sure
that each cluster included 20 clients. Other parameters remained
unchanged as in the previous experiments and all videos in CT
were considered. We note that the setup of running multiple
clients simultaneously is recommended by the DASH IF in their
benchmark test cases [28]. To avoid performance issues, we used
five workstations, each of them with at least 10 GB of memory
running 20 clients. Then, we executed each client on Google’s
Chrome (v60) with Selenium and Xvfb6 to allow a headless (nondisplay) browser.
The detailed average results over all players of GTA against
BBA, BOLA, Rate-based, ELASTIC and FESTIVE in terms of QoE
metrics and instability, unfairness and underutilization indexes
are highlighted in Table 3. The index definitions were obtained
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from [16, 20]. As illustrated, GTA significantly outperforms other
ABR schemes in terms of QoE, video stability, fairness and
network resource utilization. This is due to GTA modeling that
considers various trade-offs between different QoE metrics and
ABR objectives while the existing ABR schemes do so in ad hoc
ways.
Summary of results: In all considered experiments, GTA is
able to outperform the existing ABR schemes. The results are
summarized below, where consecutive numbers represent the
results for BBA, BOLA, Rate-based, Hybrid, Quetra, ELASTIC,
QDASH, SARA and FESTIVE, respectively:
• GTA improves the viewer QoE by 55%, 33.5%, 35.5%, 19.5%, 39%,
46.5%, 47%, 40.5% and 30.5%.
• GTA increases video stability by 60%, 72%, 37.5%, 63.5%, 66.5%,
70%, 66%, 53% and 63.5%.

Available:http://www.seleniumhq.org/
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• GTA reduces stall events by 13.6%, 1.1%, 6.1%, 1.7%, 3.87%, 7.87%,
5.87%, 2.9% and 3.6%.
• GTA ensures a lower startup delay compared to the existing
ABR schemes.
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CONCLUSIONS

Our study was motivated by the fact that state-of-the-art ABR
schemes mostly use a fixed set of heuristics that largely depend on
specific settings and assumptions. As a result, they do not perform
well under all realistic settings and operating regimes. We presented
GTA, a client-driven, game theoretic (GT) ABR scheme for DASH
VoD delivery. GTA supports various operating regimes while
avoiding the requirement of parameter tuning imposed by other
schemes. Our solution formulates ABR decisions as a bargaining
process and consensus problem. It reaches the consensus point
(a unique Pareto optimal (PO) Nash Bargaining Solution (NBS)),
resulting in the selection of only the optimal decisions with respect
to different network conditions, QoE metrics and ABR objectives.
Thus, it achieves an optimal efficacy by maximizing the viewer QoE.
We demonstrated a practical implementation of GTA in the dash.js
reference player [6]. When comparing GTA to the existing schemes
over a broad set of real-world network conditions, we found that
GTA consistently outperformed its competitors in all experimental
tests. As future work, we plan to extend our solution to (i) support a
dynamic coalition formation game including the analysis of Merge–
Split properties and game stability, (ii) support live streaming, (iii)
integrate non-GTA-aware players within their own coalition, (iv)
support multiple bottleneck links, (v) learn the number of players
online, and (vi) evaluate our methods in a large-scale network.
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APPENDIX

• dash.all.js: The compiled code (a nightly build) for the quick
setup.
• GTA.js: Implements the GTA rule for selecting the bitrate
decision.
• StorStatus.js: Implements the logging functionalities. It
outputs log files in a CSV format.
• FileSaver.js: Implements the saveAs() method that allows
the browser to save the log files.
• Blob.js: Implements the Blob() method in browsers that do
not natively support it.
• bba.js: Implements the BBA [14] rule for selecting the
bitrate decision.
• elastic.js: Implements the ELASTIC [9] rule for selecting
the bitrate decision.
• sources.json: Contains the links to the MPD files.

The GTA materials including the demo, videos, papers and the
source code can be found in our demo Web site [6].

7.1

Prerequisite Software

The GTA player has been tested on a machine that runs Ubuntu
16.04 LTS and requires the installation of Google Chrome, the
dash.js reference player and Apache2. The DASH server runs
Ubuntu 16.04 LTS and has two dependencies: Apache2 and tcNetEm.
•
•
•
•
•

Ubuntu 16.04: https://www.ubuntu.com/download/desktop
Google Chrome: https://www.google.com/chrome/
dash.js: https://github.com/Dash-Industry-Forum/dash.js
Apache2: https://httpd.apache.org/download.cgi
tc-NetEm: https://wiki.linuxfoundation.org/networking/
netem

After installing the dash.js reference player, the user needs to
add the files to the dash.js folders as follows:

The user can download the prerequisites directly from their Web
sites or use the Ubuntu package manager to install them, i.e., (i) sudo
apt-get update, (ii) sudo apt-get install hpackage_namei.
The text between h. . .i should be replaced with the appropriate text
by the user.

7.2

(1) GTA.js, bba.js, and elastic.js to the dash.js/src/streaming
/rules/abr/ folder. BBA and ELASTIC are provided for
comparison.
(2) StorStatus.js, FileSaver.js, and Blob.js to the dash.js/samples/
dash-if-reference-player/app/ folder.
Thereafter, the user is required to:

Quick Setup

(3) Replicate the same structure of BolaRule.js to adapt the set
of rules (1). The files to modify are ABRRulesCollection.js,
MediaPlayer.js, MediaPlayerModel.js and main.js.
(4) Change the constant buffer thresholds BUFFER_TO_KEEP
and DEFAULT_MIN_BUFFER_TIME to 36 and 12 seconds,
respectively, by modifying the file MediaPlayerModel.js.
(5) Add the call of functions savegtainfo(), saveBOLAinfo(), and
saveRateinfo() in onPlaybackEnded() of the file PlaybackController.js. This file can be found in the dash.js/src/strea
ming/controllers/ folder, and these functions allow the
player to log X_GTAinfoStatus_CT.csv, X_BOLAinfoStatus_
CT.csv, X_RateinfoStatus_CT.csv.
(6) Rebuild the dash.js code from the main folder (e.g., dash.js/)
using: (i) sudo npm install, (ii) sudo grunt --force.

To test GTA, the user needs to follow these steps:
(1) Download the dash.js v2.5 (v2.5.0.zip), then on the client
machine extract the zip file to the Apache Web folder
through sudo tar xvf v2.5.0.zip -C /var/www/, and
give the permission 755 to the corresponding folder (e.g.,
sudo chmod -R 755 dash.js/).
(2) Download the files dash.all.js, StorStatus.js, FileSaver.js,
Blob.js, VariablesGTA.js, main.js, sources.json and GTA.html
from our demo Web site [6].
(3) Add the *.js and *.json files to the dash.js/samples/dashif-reference-player/app/ folder and the *.html to the
dash.js/samples/dash-if-reference-player/ folder. Then,
make the necessary change to the file sources.json by
adding the corresponding URLs to the MPD files (see step
(4) of Section 7.4).
(4) Follow the steps (1), (2) and (3) of Section 7.4 to prepare the
dataset and the MPD files. Then, change the permission of
the dataset and MPD folders to 755.
(5) Follow the steps of Section 7.5 to prepare the throughput
profiles.
(6) Follow the steps of Section 7.6 to run the test. Here, step (2)
requires a minor modification where in the DASH client,
one does not need to rebuild the dash.js. Then, use the
URL http://hClientIP_ADDRESSi/dash.js/samples/dash-ifreference-player/GTA.html instead.
(7) Follow Section 7.7 for plotting the CSV log files.

7.3

7.4

Video Dataset and Parameters

Our video contents are obtained from the DASH dataset [19]. This
dataset consists of various genres including animation, sports,
movie and documentary. The set of videos are encoded using an
H.264/AVC codec into 20 bitrate levels, different resolutions {240,
360, 480, 720, 1080}p, and chunk durations of {1, 2, 4, 10} seconds.
On the DASH server, the user needs to:
(1) Download the DASH dataset from [19] as follows:
- Animation: wget -r --no-parent --reject
"index.html*" hwebsitei/BigBuckBunny/4sec/
- Sports: wget -r --no-parent --reject
"index.html*" hwebsitei/RedBullPlayStreets/4sec/
- Movie: wget -r --no-parent --reject
"index.html*" hwebsitei/Valkaama/4sec/
- Documentary: wget -r --no-parent --reject
"index.html*" hwebsitei/OfForestAndMen/4sec/, where

Detailed Setup

The source code for the deployment and evaluation of GTA is
available on our demo Web site [6]. We provide eight files, which
are:
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To use these profiles in the DASH server, the user needs to:
(1) Install the tc-NetEm (see prerequisites).
(2) Download the provided profiles from [6].
(3) Put the profiles in a separate folder, and then give the
permission 755 to the created folder.
(4) Run the selected profile using the command ./hprofilei.sh.
Download the raw throughput measurement datasets for a
customized usage from the following URLs:
• FCC: http://data.fcc.gov/download/measuring-broadband-ameri
ca/2017/data-raw-2016-jun.tar.gz
• 3G/HSDPA: http://home.ifi.uio.no/paalh/dataset/hsdpa-tcp-logs/
• Synthetic: https://github.com/sloanesturz/experiments/tree/mas
ter/synthetic-traces
• DASH IF: https://goo.gl/jNPXTP
Thereafter, put the raw throughput measurement datasets in a
specific folder, and then download the Python files (PrepareFCC.py,
PrepareSynthetic.py, Average.py, Concatenate.py, TCgenerate.py)
from our demo Web site [6] to process the raw throughput
measurements and generate customized profiles. First, prepare the
FCC and Synthetic profiles by running python PrepareFCC.py and
python PrepareSynthetic.py, respectively. Then, use python
Average.py to average the throughput values of all files in
each corresponding dataset, and python Concatenate.py to
concatenate the resulting files to fit the total video duration. Finally,
run python TCgenerate.py on the concatenated files to generate
the final throughput profiles. The profile parameters can be found
in TCgenerate.py and changed if needed.

hwebsitei is http://www-itec.uni-klu.ac.at/ftp/datasets/
DASHDataset2014/.
(2) Add the downloaded video contents to the Apache folder
/var/www/hDATASETi/ or /var/www/html/hDATA
SETi/.
(3) Follow the steps outlined at https://enable-cors.org/server_
apache.html to enable CORS on Apache.
(4) Download the prepared MPD files from our Web site [6] to
the /var/www/hMPDi/ folder (or /var/www/html/hMPDi/).
Then, open each MPD file and change the BaseURL to the
location of the DASH dataset, e.g., <BaseURL> http://
hServerIP_ADDRESSi/hDATASETi/BigBuckBunny/4sec/
<BaseURL>.
In the client machine, the user is required to
(5) Modify the files main.js and sources.json in the dash.js/samp
les/dash-if-reference-player/app/ folder. First, add the URLs
of the MPD files to the sources.json. Second, change the
main.js by adding the same code analogous to the way
BOLA is integrated to enable GTA, BBA and ELASTIC. For
example, for GTA, the user needs to include the code below
in the appropriate places:
$ s c o p e . p l a y e r . e n a b l e G T A Q u a l i t y ( $ s c o p e . GTA ) ;
$ s c o p e . s e tG T A En a bl ed = f u n c t i o n ( ) {
$ s c o p e . GTA = t r u e ;
p l a y e r . e n a b l e G T A Q u a l i t y ( $ s c o p e . GTA ) ;
}
$ s c o p e . toggleGTA = f u n c t i o n ( ) {
$ s c o p e . p l a y e r . e n a b l e G T A Q u a l i t y ( $ s c o p e . GTA ) ;
};

7.6

The user needs to ensure that all the previous setup steps have
been completed. Afterwards, an end-to-end test can be performed
as follows:
(1) In the DASH server decide on a throughput profile and
then execute it using ./hprofilei.sh to shape the total
capacity of the network. For example, ./FCC.sh.
(2) In the DASH client, start Google Chrome and load the
URL: http://hClientIP_ADDRESSi/dash.js/samples/dash-ifreference-player/. Finally, select the MPD file by clicking
the Stream bottom, and then click on the Load button.
(3) Steps (1) and (2) should be performed (i.e., started) at the
same time if the objective is to replicate the measurement
results in this paper.
(4) At the end of the streaming session, a log file in CSV format
will be downloaded automatically.

(6) Copy the folder of dash.js to the /var/www/hplayeri/ folder.
It is preferable to use the name dash.js for the player folder.
(7) Start a Google Chrome session and test the player,
e.g., http://hClientIP_ADDRESSi/dash.js/samples/dash-ifreference-player/.
During the creation of folders hDATASETi, hMPDi, on the DASH
server, and hplayeri on the client side, make sure that the folder
permissions are correct (e.g., sudo chmod -R 755 folder). Note
that the user can download the videos above with different chunk
durations (e.g., 1, 2, 10 seconds) from [19], keeping in mind the
necessary modifications to the corresponding MPD files.

7.5

Executing a Test Session

Throughput Profiles

The used throughput profiles are generated by leveraging realistic
throughput measurement datasets including FCC, HSDPA/3G,
Synthetic and DASH IF guidelines. In our demo Web site [6],
we provided seven prepared throughput profiles (some samples
of preprocessed data from each dataset) which are: FCC.sh, 3GHSDPA.sh, Synthetic.sh, DASH-TH1.sh, DASH-TH2.sh, DASHTH3.sh, DASH-TH4.sh. Each profile is prepared based on the steps
that are described in Section 5.1.1. Each line in the throughput
profile consists of four main parameters: throughput value (Kbps),
RTT (ms), packet loss (%) and inter-variation duration (s). Then,
these parameters are fitted properly in a format of tc-NetEm, and
thus we can throttle the available bandwidth of the link between
the client and the server.

7.7

Plotting

The user can use any plotting tool such as R, Matlab, Python
Matplotlib, etc., to plot the generated CSV output files.
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