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Abstract

Cloud Virtual Reality (VR) gaming offloads computationally-intensive
VR games to resourceful data centers. As VR devices become increasingly
popular, cloud VR gaming has attracted attention from both academia and
industry. However, ensuring good Quality-of-Experience (QoE) in cloud VR
gaming is inherently challenging as VR gamers demand high visual quality,
short response time, and negligible cybersickness. In this thesis, we study
the QoE of cloud VR gaming and build a QoE-optimized system in a few
steps. First, we establish a cloud VR gaming testbed capable of emulating
various network conditions. Using the testbed, we conduct comprehensive
QoE evaluations using a user study to evaluate the influence of diverse fac-
tors, such as encoding settings,-network conditions, and game genres, on
gamer QOE scores. Second, we construct the very: first QoE models for cloud
VR gaming using our QoE évaluation results:; Our QoE models achieve up
to 0.93 (¢ = 0.02) in Pearson Linear Correlation Coefficient (PLCC) and
0.92 (o = 0.02) in Spearman Rank-Order Correlation Coefficient (SROCC),
where o stands for the standard deviation. Last, we leverage our QoE models
for dynamically adapting encoding settings in-our testbed. Extensive experi-
ments revealed that, compared to the current practice, our adaptive cloud VR
gaming system improves: (1) overall quality by 0.87 (¢ = 0.44), (i1) visual
quality by 0.61 (o = 0.45), and (iii) interaction quality by 1.20 (¢ = 0.48) on
average in 5-point Mean Opinion Score (MOS).
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Chapter 1
Introduction

The Virtual Reality (VR) gaming market has witnessed substantial growth and is antici-
pated to continue its expansion in the forthcoming years. For example, a recent market
report [24] indicated that the VR gaming market is projected to demonstrate a Compound
Annual Growth Rate (CAGR) of 32.75% until 2028. The same report also stated that the
number of both VR and Augmented Reality (AR) gamers are anticipated to reach 216
million by 2025. Key consumer eléctronic- manufacturers, such as Meta, HTC, and Ap-
ple continue to compete for the VR:gaming market with substantial investment [25, 69].
Most modern VR games dictate Head-Mounted Displays (HMDs) and game controllers
for gamer interaction. HMDs can be classified into.two types: tethered and standalone.
Standalone HMDs offer gamers freedom, making them preferable for VR gaming without

the constraint of cables.

However, the limited GPU power and battery capacity of standalone HMDs can detri-
mentally affect the gaming experience. One possible solution involves wirelessly transfer-
ring the rendering workloads to resourceful cloud servers. In fact, as high-speed wireless
networks, such as WiFi and 4G/5G cellular networks, are ubiquitously available, they can
“glue” VR games and cloud services into cloud VR gaming systems. Fig. 1.1 depicts a
typical cloud VR gaming system, which consists of three parties: game developers, cloud
VR gaming service providers, and VR gamers. Cloud VR gaming service providers obtain
VR games from game developers, while these games are executed in virtual machines or
containers for individual gamers. The rendered game scenes are captured, compressed,
and streamed through the Internet in real-time to VR gamers’ HMDs. Simultaneously,
the HMDs and controllers intercept, compress, and stream back sensor inputs, enabling
gamers to interact with VR games. Different VR gamers have diverse access networks
with dynamic bandwidths, which impose additional complications for cloud VR gaming

service providers to offer immersive gaming experiences to VR gamers.

In particular, VR gamers require short response time and high visual quality when

1
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Figure 1.1: A typical cloud VR gaming system.

playing cloud VR games. Unlike presentational streaming services [1], such as YouTube,
Netflix, and Hulu, cloud VR gaming employs interactive bidirectional communications,
in which any deterioration in response time and visual quality could turn gamers away
from services. To address these challenges, we build and optimize a cloud VR gaming
system in a few steps. First, we construct a cloud VR gaming testbed to study the im-
pact of different parameters on gamer Quality-of-Experience (QoE) scores. Second, we
develop regression models to predict QoE-scores given measureable Quality-of-Service
(QoS) metrics, such as throughput, delay, and packet loss rate. Third, we leverage these
QoE models to optimize gamer QOE with an-adaptation algorithm in cloud VR gaming

services.

1.1 Contributions

To fulfill the needs of VR gamers, this thesis extends our preliminary QoE evaluations [41],
and makes the following contributions:

* We build an open-source cloud VR gaming testbed that enables us to emulate di-
verse and dynamic Wide Area Networks (WANs). We design and carry out QoE
evaluations using a user study on this open-source testbed [39] to quantify the im-
pacts of different factors, such as encoding settings (bitrate, frame rate, and resolu-
tion), network conditions (delay), and game genres on gamer QoE scores. Our user
study is the first investigation conducted on a WAN-based cloud VR gaming system.
We make our user study data available for the research community [40].

* We construct cloud VR gaming QoE models utilizing findings from our QoE eval-
uations to predict gamer QoE scores under various factors. Given measurable QoS
metrics, such as throughput, delay, and packet loss rate, our QOE models achieve
high correlation, reaching up to 0.93 (¢ = 0.02) in Pearson Linear Correlation
Coefficient (PLCC) and 0.92 (o = 0.02) in Spearman Rank-Order Correlation Co-
efficient (SROCC) [65], where o stands for the standard deviation. Our models are

the very first ones built for cloud VR gaming systems. Our models are also available

2



upon request for research purposes.

* We develop a QoE-driven adaptation algorithm at the cloud servers in our system.
This algorithm dynamically selects the encoding settings to maximize gamer QoE
by considering the current network and system dynamics. Furthermore, we car-
ried out real experiments to assess the effectiveness of our adaptation algorithm
in comparison to two baseline approaches. In our cloud VR gaming system, the
overall QoE scores in 5-point Mean Opinion Score (MOS) are improved by up to
1.86 (¢ = 0.38) under congested networks. Our proposed algorithm is a first of
its kind, as QoE-driven adaptation of cloud VR gaming has never been done in the

literature.

1.2 Limitations

In a typical cloud gaming system, a single cloud server may need to support multiple
gamers simultaneously engaging in gaming activities. This simultaneous usage can lead
to negative interactive impacts, such-as insufficient bandwidth. Additionally, the required
bandwidth varies depending on the ‘game genres being played. To simplify the complexity
of the research problem, this thesis focusesssoelely on the gamer QoE when an individual
is experiencing cloud VR gaming. Fufthermore; dueto the high time cost associated with
QoE user studies, this thesis is constrained.to consider a limited number of parameters and
system conditions. We concentrate specifically on-exploring the influence of individual
parameters without accounting for their mutual interactions. This implies that the primary
objective of this thesis is to gain a preliminary understanding of the impact of individual

parameters on QoE, with the potential for future extensions to broader aspects.

1.3 Organization

The rest of this thesis is organized as follows. Ch. 2 gives background knowledge for
remote rendering and the machine learning regression models we use in this thesis, en-
compassing Random Forest, Gradient Boosting, and Ada Boosting. In Ch. 3, we offer an
extensive review of related work, including QoE evaluations, QoE modeling, and QoE-
driven adaptation. Ch. 4 delves into the design of our testbed and outlines the associated
research challenges. We elaborate on the setup, procedures, and analysis of our QoE eval-
uations in Ch. 5. Ch. 6 focuses on constructing QoE models using results from the user
study using different machine learning regression models. The QoE-driven adaptation
algorithm of encoding settings is developed in Ch. 7. Ch. 8 evaluates the performance

of our QoE-optimized cloud VR gaming system compared to the baselines. Finally, we
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summarize the conclusions and list potential future works in Ch. 9.




Chapter 2
Background

In this chapter, we discuss knowledge related to this thesis, including remote rendering,
Quality-of-Service versus Quality-of-Experience, Quality-of-Experience evaluations, and

adaptation to system and network dynamics.

2.1 Remote Rendering

Remote rendering is a graphic processing technique-that offloads rendering tasks origi-
nally intended for local devices to remote servers.- With this method, rendering workloads
operate on powerful servers, and the resultingrimages or frames are transmitted over the
network to the user’s device. This enables. users-to experience applications with high-
performance requirements on devices with limited computational resources, overcoming
constraints imposed by the hardware resources of local devices.

Remote rendering can be categorized based on several aspects: (i) streaming direc-
tion, (i) network setting, and (ii1) rendering content. When classified by streaming direc-
tion, remote rendering falls into two categories: one-way and bidirectional systems, often
referred to as non-interactive and interactive systems. Non-interactive systems, preva-
lent in the movie and animation industry, do not need to handle user interaction and are
commonly known as render farms [75]. Render farms serve as efficient solutions for dis-
tributing rendering tasks across multiple servers, concurrently accelerating the rendering
process. In contrast, interactive systems [56] require real-time handling of user inputs to
update the streamed rendering content. Applications like cloud gaming exemplify inter-
active systems, known for their stringent delay and quality requirements.

When classified by network setting, remote rendering can be performed under Local
Area Network (LAN) and WAN. For instance, in cloud gaming, if the streaming occurs
within a local network between the server and client, it is referred to as LAN cloud gam-

ing. Otherwise, if the streaming involves the Internet, it is WAN cloud gaming. While

5



WAN cloud gaming faces more challenging network conditions due to the dynamic nature
of the Internet, it also has the potential to leverage more powerful servers and accommo-
date a larger number of gamers.

Finally, when classified by rendering content, remote rendering can be categorized
into 2D and 3D remote rendering systems. A 3D remote rendering system is typically as-
sociated with VR/AR, where both of them introduce additional challenges. For example,
compared to a conventional cloud gaming system [20], a cloud VR gaming system [5] im-
poses higher requirements on both game delay and visual quality. This, in turn, signifies
the need for increased computational resources. Therefore, remote rendering is crucial
for VR/AR applications, where rendering workloads are offloaded to servers, ensuring
smooth and immersive experiences on VR/AR headsets with diverse computational capa-

bilities.

2.2 Quality-of-Service versus Quality-of-Experience

QoS refers to a set of measurements-and standards that.ensure the performance, reliabil-
ity, and efficiency of a network or service [78]. It plays-a crucial role in maintaining a
consistent and satisfactory user experience by managing the delivery of data traffic, in-
corporating various parameters-suchas. bandwidth; delay, and packet loss rate. These
metrics collectively define the overall quality of a communication system. In networking,
QoS mechanisms prioritize specific types of. traffic to meet distinct service requirements.
This is particularly significant in scenarios where different applications or services share
the same network infrastructure, such as voice over IP (VolP), video streaming, and on-
line gaming. By implementing QoS policies, resources can be allocated appropriately,
ensuring that different users and applications receive suitable treatment.

QoE is a comprehensive metric that shows the overall satisfaction and perception of
users when interacting with a particular service or application [30]. Unlike QoS, which
primarily focuses on technical aspects like network performance, QoE takes the user’s
subjective experience into consideration. QoE encompasses various factors such as sys-
tem, human, and context factors during the interaction with a service or application [47].
It reflects how well the user’s expectations align with their actual experience and satisfac-
tion levels. System factors, such as bandwidth, resolution, and jitter, pertain to technical
aspects influencing the service or application’s quality. Human factors, like gender, age,
and skills, involve user characteristics affecting perceived quality. Context factors, in-
cluding task type, duration, and location, encompass situational properties describing the
user’s environment. Understanding and optimizing QoE are crucial for service providers

to deliver services and applications that not only meet technical specifications but also
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resonate positively with users, fostering loyalty and user engagement.

2.3 Quality-of-Experience Evaluations

QoE evaluations, also known as QoE assessments, involve the evaluation of user expe-
rience when interacting with specific services and applications [74]. Generally, these
evaluations can be categorized into two main types: subjective and objective evaluations.
Subjective evaluations directly collect users’ feelings and perceptions during their experi-
ence, relying on their firsthand feedback. On the other hand, objective evaluations utilize
specific objective metrics to match and quantify the observed quality, aiming to assess
QoE using measurable criteria.

Subjective evaluations are commonly conducted through user studies, which can be
categorized into various types based on different experimental procedures and settings.
For instance, concerning the stimulus times in experiments, there are two primary types:
single-stimulus tests and double-stimulus-tests:-In a single stimulus test, a representative
method is Absolute Category Rating (ACR) [27].-In.this approach, participants observe
a single test sequence and provide ratings on a discrete scale ranging from 1 to 5, repre-
senting bad to excellent. On the other hand, in a‘double stimulus test, notable methods
include Degradation Category Rating (DCR) [27] and Double Stimulus Impairment Scale
(DSIS) [26]. In this method, users view.a pairof test sequences each time, with one being
a reference and the other being the object for evaluation. Participants rate the impairment
significance between these test sequences on a five-level scale, assessing the degree of
impairment. Another classification is based on test modality, according to ITU-T recom-
mendation P.809 [28], distinguishing between passive and interactive tests. Passive tests
involve subjects passively receiving experimental content, such as watching 360° videos.
In contrast, interactive tests require users to interact with the experiment, such as playing
games. Further classifications include lab tests and crowdsourcing tests based on the ex-
perimental environment. Lab tests are conducted in a controlled laboratory setting, while
crowdsourcing tests leverage a diverse pool of subjects and offer a more realistic testing
environment. The choice of experimental methods and environments should be carefully
considered based on the specific goals and content of the study to ensure the reliability of
the experiment.

While subjective evaluations provide direct access to user ratings, they come with
high time costs and also the data are not reproducible. These limit its application and
make it unsuitable for real-time usage due to its low efficiency. As an alternative QoE
evaluation method, objective evaluations offer a more time-efficient approach. Objective

evaluations often employ the computing of objective metrics as indicators of the QoE. For
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example, in the context of video streaming, using metrics like PSNR, SSIM, or VMAF
to evaluate QoE can show the quality perceived by the user and expose the user’s QoE to
some degree. Though this method is straightforward, it is often less accurate since user’s
QoE cannot be adequately captured by these objective metrics.

To leverage the strengths of both evaluation methods, a hybrid approach can be em-
ployed [45]. This method acts as an objective quality predictor but relies on subjective
results from previous user studies. Hybrid methods often utilize polynomial regression,
machine learning, or even deep learning to establish mapping between input metrics and
the predicted QoE output, which is known as QoE modeling. These inputs cover various
aspects, including encoding settings such as bitrate, frame rate, resolution, and network
metrics like throughput, delay, and packet loss rate. Even human factors and applica-
tion content can be utilized as inputs for predicting QoE. These models empower service
providers to efficiently assess the user’s QoE, incorporating insights from user ratings to

ensure that the predicted results closely align with the actual experiences of users.

2.4 Adaptation to System and Network Dynamics

Adaptation to System and Network Dynamics refers-to the capability of a system or net-
work to adjust and optimize its.operation in response to changes in the surrounding en-
vironment. The goal of employing-adaptive processes in the system is to enhance the
overall system performance and also the user experience by adapting system and network
parameters dynamically. System dynamics adaptation involves adjusting computational
resources and also the settings of the applications. On the other hand, network dynamics
adaptation encompasses adjusting the bitrate and the routing path of the data.

For service providers, optimizing costs and maximizing profits within the constraints
of limited resources is a crucial challenge. System dynamics adaptation, such as cloud
resource adaptation [22], becomes a significant aspect in addressing this challenge. This
involves adapting components like CPU, VM migration, and storage to balance the trade-
off between maintaining users’ QoE and reducing costs, including power consumption.
Service providers can employ methods such as control theory or machine learning to
dynamically adapt their system dynamics.

As for network dynamics adaptation, it is crucial for service providers, especially for
video streaming service providers [35]. These services often need to support a large num-
ber of users, making it essential to maintain user’s QoE under limited bandwidth. Rate
adaptation is a mechanism addressing this situation, dynamically adjusting the bitrate
used for transmission based on the current network conditions, content being transmitted,

and resources available to the service provider. The goal is to maximize resource effi-
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ciency while meeting user requirements. There are various methods for rate adaptation,
primarily categorized into push-based and pull-based adaptation. Push-based adaptation
operates on the server side, and so it is suitable for applications like cloud gaming. On the
other hand, pull-based adaptation runs on the client side and is commonly used in video
streaming services, such as Dynamic Adaptive Streaming over HTTP (DASH).

By continuously monitoring and adapting to evolving conditions, systems can main-
tain a satisfactory user’s QoE even in the face of fluctuating network conditions. This
adaptability is particularly significant in real-time applications such as video streaming,
cloud gaming, and VR applications, where delay and quality are critical components of

user satisfaction.



Chapter 3

Related work

In this chapter, we survey cloud gaming systems from three aspects: QoE evaluations,

QoE modeling, and QoE-driven adaptation.

3.1 QoE Evaluations

Several QoE evaluations have been conducted through'user studies to assess gamer QoE
of cloud gaming. For example, Jarschel et al. [31] evaluated gamer QoE under diverse
delays and packet loss rates, and identified the key: factors using their home-brew cloud
gaming testbed. Sackl et al. [54] manipulated the delay between the server and client
to investigate its impacts on gamer QoE across different game genres on the Steam In-
home streaming platform. Slivar et al. [62] adopted the same platform for another user
study of different encoding settings with two game genres. GamingAnywhere [20] was
the first open-source cloud gaming platform, which can be extended for user studies. For
example, we conducted a user study using GamingAnywhere to analyze how different
parameters, such as resolution, bitrate, frame rate, and network delay affect the mobile
gaming experience [21]. Different from our current work, these papers [21, 31, 54, 62]
considered traditional cloud gaming rather than cloud VR gaming.

The challenges become more complicated when VR is introduced, given the height-
ened requirements for low delay and increased sensitivity to quality impairments. This
is particularly evident in VR gaming, where the interactive nature of games places sig-
nificant demands on both delay and quality compared to other VR applications. More
recently, QoE evaluations of VR gaming have also been investigated. For example, Vla-
hovic et al. [70] designed two user studies to find out the relationship between network
delay and gamer QOE in a first-person shooter VR game. Their observations highlighted
that contextual factors, such as social context and difficulty levels, can mask the negative

effects due to long network delay. Slivar et al. [63] evaluated gamer QOE in a user study
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across various networks (4G, 5G, and Ethernet) considering two multiplayer VR game
genres. Their study also delved into the influence of social context on gamer QoE. These

works [63, 70] only focused on local VR gaming rather than cloud VR gaming.

For cloud VR gaming, we designed a remote VR gaming testbed [43] on the basis of
Air Light VR (ALVR) [5], and conducted a user study under different network conditions
using three game genres. We reported that insufficient bandwidth and high packet loss
rate may cause higher negative impacts on the QoE than additional delay. That work em-
ployed a remote VR gaming system on a LAN. In contrast, we recently applied dynamic
foveation to WAN-based cloud VR gaming built upon Air Light XR (ALXR) [6]. Specif-
ically, we conducted a small user study [15] by varying foveation parameters, including
the foveal region size and the compression ratio of the peripheral area. The current thesis
presents more comprehensive QoE evaluations focusing on gamer QoE, which enables
the construction of QoE models and QoE-driven adaptation algorithms. The preliminary

results of our QoE evaluations were given in Lee et al. [41].

3.2 QoE Modeling

Several research groups have built. QoE models-for cloud gaming. For example, Wang
and Dey [72] proposed a QoE model that considers game genres, encoding settings, video
quality, response time, and packet loss rates as-inputs to predict mobile gaming experi-
ence. They derived impairment functions from the QoE evaluations to predict the Game
Mean Opinion Score (GMOS) of each gamer. Slivar et al. [61] modeled game-dependent
QoE using a quadratic function, which takes the frame rate and bitrate as inputs. Fur-
thermore, they considered game genres and gaming experience in their models. Different
from directly using the bitrate and frame rate as inputs, Zadtootaghaj et al. [77] introduced
structural QoE models based on several intermediate factors derived from other raw in-
puts. ITU-T recommendation G.1072 [29] presented an opinion model for predicting
cloud gaming QoE scores. The model provides two modes, one that takes game genres
into account and another that does not. The model calculates various impairment factors
based on encoding and network metrics to predict the gamer QoE. Different from our
work, these studies [29,61,72,77] considered traditional cloud gaming rather than cloud
VR gaming. Several works [7,42,68,76] derived QoE models for consuming 360° VR
videos; however, little has been done to VR gaming. Although Krogfoss et al. [34] pre-
sented a video and a gaming QoE model based on parameters like the delays and packet
loss rates, their QOE models were not built upon real user-study results. Instead, their

models were essentially heuristics based on findings in the literature.
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3.3 QoE-Driven Adaptation

Several works have been done to adapt the bitrate on the fly in video streaming sessions.
For example, Cofano et al. [10] and Sobhani et al. [64] proposed bitrate adaptation algo-
rithms for HTTP Adaptive Streaming (HAS) systems. Different from our work, these
adaptation algorithms are not QoE-driven. For QoE-driven adaptation, several stud-
ies [52,55,73] adapted streaming frameworks leveraging either the QoE models or QoE-
related metrics. These algorithms are mostly pull-based and thus are inapplicable to push-
based cloud gaming. For push-based adaptation, Khan et al. [33] proposed a QoE-driven
bitrate adaptation scheme built upon fuzzy logic. It calculated the levels of congestion and
degradation according to packet loss rates and QoE models, respectively. It then changed
the bitrate accordingly. Most of these studies [10,33,52,55,64, 73] are for video streaming
rather than more challenging cloud gaming systems, and most of them only take bitrate
into consideration, excluding frame rates and resolutions.

QoE-driven adaptation in cloud gaming has only been recently considered, e.g., Sli-
var [60] introduced three adaptation algorithms. for the bitrate and frame rate. These
algorithms were built upon the findings in their QoE evaluations. Our prior work [19] fa-
cilitated adaptive cloud gaming in GamingAnywhere [20] by dynamically reconfiguring
the encoding settings considering the bitrate and frame rate. Additionally, we developed
techniques for optimal bitrate allocation, ‘selecting-the most suitable bitrate and frame
rate for each gamer to maximize the overalligamer QOE scores. The current thesis in-
troduces a QoE-driven adaptation algorithm-in.cloud VR gaming instead of traditional
cloud gaming [19, 60].
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Chapter 4
Building a Cloud VR Gaming System

Cloud VR gaming presents unique challenges compared to the following relevant systems:

* 360° Video-on-Demand (VoD) [14]. 360° VoD systems like YouTube operate with
unidirectional streaming. As a result, videos can be downloaded and buffered at
each client for relatively long-durations to mitigate the negative impacts due to
network delay and jitter. In contrast; cloud-VR gaming streams bidirectionally. The
server renders scenes based onthe gamer’s position received from the client in real-
time and then transmits. it to‘the client.” Consequently, delays and jitters cannot be
mitigated by a large buffer. Understanding the behaviors of bidirectional cloud VR
gaming systems with small buffers| requires us to build a real cloud VR gaming
system and measure its detailed-performance in various metrics.

* Traditional cloud gaming [8]. Traditional cloud gaming systems like Gamin-
gAnywhere [20] operate with 2D monitors. Compared to HMDs used in cloud
VR gaming, QoE with 2D monitors is well studied. While cloud VR gaming sys-
tems employ HMDs for potentially higher gamer QoE, the added dimensions of
QOoE factors increase the complexity level to deliver novel immersive experiences.
Therefore, QoE models are essential in cloud VR gaming to efficiently estimate the
gamer QoE.

* Locally-rendered VR applications [71]. Local VR applications do not engage in
remote rendering, thereby remaining unaffected by imperfect network conditions.
In contrast, cloud VR gaming renders game scenes on potentially far-away cloud
servers, and thus is sensitive to bad network conditions. Consequently, adaptation
to network and system dynamics becomes crucial to alleviate their negative impacts

on gamer QoE.

In this thesis, we set out to develop a cloud VR gaming system and address its unique
challenges mentioned above. Compared to commercial cloud VR gaming systems, open-

source systems are easier to augment and enhance for research. Among the most promi-
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nent open-source systems are NVIDIA CloudXR [49] and ALVR [5]. NVIDIA CloudXR
supports streaming XR content using the OpenVR Application Programming Interface
(API) for Android and Windows devices. Unfortunately, NVIDIA only makes CloudXR’s
client side open-source. This prevents researchers from integrating their innovations into
the server side for experiments. In contrast, ALVR is an open-source project on both
the server and client sides. Vanilla ALVR streams game scenes from PCs to HMDs over
LANs. ALVR uses OpenVR API to obtain game scenes from SteamVR games. However,
OpenVR runtime only supports a limited number of HMD models. ALXR [6] is an ex-
tension to ALVR, which adopts OpenXR on the client side to support more HMD models.

Hence, we built our open-source cloud gaming system on top of ALXR.

E [ Game ]

E [ SteamVR ]

: ﬁame ALXR Server \
Sensor ' Scene |,
Inputs !

. 5 QoE Measurement ]

: > OpenVR API Model Module ]

* T
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Figure 4.1: Cloud VR gaming architecture.

Fig. 4.1 presents our proposed cloud VR gaming architecture of a client-server pair.
Once the connection between them is established, the ALXR server extracts the game
scenes from SteamVR into video frames through OpenVR API'. Then, it encodes the
frames and sends them to the client through the Internet. Meanwhile, the client displays
the received frames and sends the sensor inputs and client measurements back to the
server. According to the sensor inputs from the client, the ALXR server replays the
gamer’s motions and extracts new game scenes. Meanwhile, the client measurements
are collected in a measurement module, and several network metrics are computed. The
dynamic adaptation algorithm utilizes these metrics to assess the predicted QoE from

the QoE model and updates the encoding settings of the video codec. Subsequently, the

TALXR project reuses ALVR’s server implementation built on OpenVR API.

14



Server Gateway WiFi AP HMD

Internet Ethernet ) == WiFi / :
| : I =]
=% - —

Figure 4.2: Cloud VR gaming testbed.

ALXR server encodes the frame with the new encoding settings and sends the updated
frames to the client side.

Fig. 4.2 shows our ALXR-based cloud VR gaming testbed. We use a Windows 10 PC
as our server. It comes with an Intel Core 19-CPU;. 64 GB RAM, an NVIDIA GeForce
RTX 3080 Ti GPU, and is connected to the Internet through a GigE cable. We use a Meta
Quest 2 HMD as our client. It.comes with a Qualcomm Snapdragon XR2 CPU, 6 GB
RAM, an Adreno 650 GPU, and’is connectedito.a WiFi 6 AP. Between the Internet and
WiFi AP, we add a FreeBSD 13.1 gateway.running Dummynet [16] to emulate diverse
and dynamic network conditions. We install ALXR version 18.2.3. Originally, ALXR
assumes LAN environments, which is less challenging than our envisioned cloud VR
gaming scenario. To conduct WAN-based realistic cloud VR gaming experiments, we
enhanced ALXR into a cloud VR gaming system [39]. In particular, we transformed the
original server-centric ALXR architecture, where the server discovers the client, into a
client-centric ALXR, where the client connects to a user-specified cloud gaming server.

Developing cloud VR gaming systems with short response time and high visual qual-
ity is no easy task, because of the best-effort Internet, non-real-time operating systems,
and hard-to-predict human perception. We face three primary challenges when doing so.
First, multiple factors, such as network conditions, encoding settings, and game genres
affect gamer QoE. Second, gathering gamer QoE scores takes time, as controlled QoE
evaluations are time-consuming by nature. Third, even if we can estimate the QoE scores,
itis not trivial to leverage them in our cloud VR gaming system for optimizing the gaming
experience. We addressed these challenges in three steps. In Ch. 5, we conduct compre-
hensive QoE evaluations using a user study on our open-source cloud VR gaming system.

In Ch. 6, we analyze gamer QoE scores and build corresponding QoE models. In Ch. 7,
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we incorporate the QoE models to enable QoE-driven dynamic adaptation of encoding

settings at runtime.
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Chapter 5
QoE Evaluations

In this chapter, we conduct QoE evaluations using a user study to learn about the effects

of various factors on gamer QoE scores.

Figure 5.1: Sample scenes of three considered games: (a) AngryBird, (b) BeatSaber, and
(c) ArtPuzzle.
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Figure 5.2: TI versus Sl-values from different game genres.

5.1 Setup

To be comprehensive, we aimed to,employ VR game genres with diverse characteristics.
In particular, we employed Temporal Perceptual Information (TI) and Spatial Perceptual
Information (SI) [27] to characterize game genres following prior works [61,66]. Between
them, TI captures object motions, behavioral patterns, and changes occurring over time
across video frames. In contrast, SI focuses on the characteristics of individual frames,
including the spatial layout of pixels and static properties of objects, such as colors. After
considering multiple candidate VR games, we chose the following three VR games, as
shown in Fig. 5.1:
* AngryBird. A player uses a slingshot to launch birds with the goal of knocking
down all pigs. It is a leisure game.
* BeatSaber. A player slashes through the moving boxes on the beats with specified
directions. It is a fast-paced game.
* ArtPuzzle. A player manipulates pieces to complete each puzzle. It is a slow-paced
game with many texture details.
To understand their temporal and spatial characteristics, we plot the TI and SI values
of the rendered game scenes from 12 subjects (reported in Ch. 5.3) in Fig. 5.2. This
scatter plot reveals that the game scenes from different games naturally scatter into three

clusters. In particular, we observe that: (i) AngryBird has low TI and SI values and is less
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sensitive to time and quality, (ii) BeatSaber has the highest TI values and is time sensitive,
and (iii) ArtPuzzle has the highest SI values and is quality sensitive. That is, these three
representative games cover the spectrum of diverse temporal and spatial characteristics.

We varied multiple parameters in the user study. A pilot test was conducted with

5 subjects to adjust the parameter values. In this test, we explored a broader range of
values and then selected a narrower range. This narrower range is sufficient for subjects to
perceive differences, thereby achieving a balance in experiment duration to avoid subject
fatigue. The values of each parameter are presented below, with bold font indicating
default settings:

* Bitrate. The number of bits per second used for encoding. Higher bitrate offers
better quality at a cost of larger compressed scene size, while lower bitrate reduces
the size at the expense of lower quality. We denote the bitrate as b, where b € Q.
We vary it in {2, 8, 32} Mbps.

* Frame rate. The number of frames every second. Higher frame rates offer smoother
videos but incur higher computational and storage costs, while lower frame rates re-
duce these costs but may result-in-choppier.videos. We denote the frame rate as f,
where f € ZT. We vary it in {12, .24, 36,72} frame-per-second (fps).

* Resolution. The number of pixels contained in' each game scene. Higher resolu-
tion offers finer details but introduces mote information to compress, while lower
resolution leads to less information but lacks of detail. We denote the resolution as
r, where both width and height are € Z*.-We-vary r in {1408 x768, 2112x 1184,
2880 1568}. For ease of expression, we refer to these resolutions as 768p, 1184p,
and 1568p in the rest of this thesis.

* Delay. The local Round-Trip Time (RTT) is about 10 ms in our system. We inject
an extra round trip delay of {0, 100, 300, 500} ms on the gateway, representing
the domestic delay as well as delays between the USA and Europe, East Asia and
South America, and Oceania and Africa, respectively.

We group bitrate, frame rate, and resolution into encoding settings. We consider delay as
the key parameter of network conditions due to the strict real-time requirement of cloud

VR gaming services.

5.2 Measurement Methodology

We measure the following metrics:
* Throughput. The receiving speed at the client, which is denoted as p.
* Frame loss rate. The fraction of lost frames.

* Delay. The round-trip delay between the server and client, which is denoted as d.
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* Packet loss rate. The fraction of lost packets, which is denoted as /.

* Peak Signal-to-Noise Ratio (PSNR). A widely used video quality metric in the
decibel scale [44, Ch. 8].

* Structural Similarity Index (SSIM). Another video quality metric that takes hu-
man perception into consideration [44, Ch. 12].

* Video Multimethod Assessment Fusion (VMAF). A learning-based video quality

metric based on human perception [23]'.

In terms of measurements, we measure the throughput, delay, and packet loss rate
by instrumenting the source code. To calculate PSNR, SSIM, and VMAF, we capture
the rendered frames at the server to be reference frames. For decoded frames, due to
hardware limitations, we cannot directly save the frames at the client side in real time.
Moreover, decoded frames must go through some matrix transformation to compensate
for lens distortion, which further complicates the task at hand. Thus, we develop a two-
step approach. First, we augment the encoder at the server to compute the encoding
distortion. To account for frame loss due to packet-loss, we add QR codes to the reference
frames on the server. We then match the QR codes between them and the decoded frames
captured on the client. Once a frame is lost; we duplicate the previously decoded frame for
error concealment. Last, we compute the objective video quality of the concealed frames
for the transmission distortion. We:sum up the encoding and transmission distortion for

the final video quality.

Table 5.1: Human Factors in GE and VE

Factor GE Levels (game time per week in hr) VE Levels (prior VR experience)
Desc. | Novice (< 1) | Intermediate (> 1 and < 5) | Advanced (> 5) No Yes
Percent. 25% 25% 50% 50% 50%
Enum. 1 2 3 0 1

Total Duration (175 mins)
[ |

Intro Play Time Break || Play Time |Rating|(Break| = Play Time |Rating| | o i1 ack
(4 mins) (6 mins) (1 min) (3 mins) [(1 min)| [(1 min) (3 mins) [(1 min)
[ |
Training Session Testing Session 1 Testing Session 33

Figure 5.3: Procedure of the user study.

'We followed the recommendation for 360° video scenarios [48] and employed the default 1080p model.
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Table 5.2: Scenarios for Each Game Genre

Bitrate (Mbps) | Frame Rate (fps) | Resolution | Delay (ms)
2 72 2880x 1568 0
72 2880x 1568 0
32 72 2880x 1568 0
32 12 2880x 1568 0
32 24 2880x 1568 0
32 36 2880x 1568 0
32 72 2112x1184 0
32 72 1408 x 768 0
32 72 2880x 1568 100
32 72 2880x 1568 300
32 72 2880x 1568 500

Table 5.3: QoE-Questionnaire for QoE User Study

to actions that you performed?

QoE Performance
QoE Question Rating Experiments | Evaluations
(Ch. 5) (Ch. 8)
X How would you rate the-overall-quality
Overall Quality (O) X i . 1.(Bad) -5 (Excellent) v v
of this gaming session?
X . How would you rate the visual quality
Visual Quality (V) : . . 1.(Bad) — 5 (Excellent) v v
of this gaming session?
. How is your assessment about the sense .
Immersive Level (I) . X X X X . I (Low) — 5 (High) v X
of immersion during this gaming session?
X Are you feeling any sickness
Cybersickness (S) . 1 (No problem) — 5 (Unbearable) v v
or discomfort now?
. Would you like to continue to play
Continue (C) . . 0 (No) — 1 (Yes) v X
under this condition?
. . How responsive was the environment . .
Interaction Quality (A) 1 (Not responsive) - 5 (Completely responsive) X v

5.3 User Study

We recruited 12 subjects to conduct our user study, of whom 10 were males. All subjects

were college students between 20-25 years old with 20/20 corrected vision in the Snellen

test. They also passed the Ishihara test for color vision. We considered two human factors,

Gaming Experience (GE) and VR Experience (VE) levels. As summarized in Table 5.1,

we categorized all subjects into three GE levels: (i) novice (< 1 hour game time per

week), (ii) intermediate (> 1 and < 5 hours), and advanced (> 5 hours). We enumerated

the GE levels into 1, 2, and 3 for the sake of presentation. There were 3, 3, and 6 gamers

in the GE levels, respectively. Table 5.1 also shows that we classified all subjects into two

VE levels using a Boolean value, where 0 means no prior VR experience.
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Fig. 5.3 shows the procedure of our user study. At the beginning, we provided an
introduction to each subject. In the training session, the players played all three games to
get familiar with the HMD and controllers. The game scenes/levels we used in the training
sessions were different from those in the testing sessions. To avoid fatigue, we only varied
one factor at a time, leading to 11 scenarios (sessions) for each game. Table 5.2 lists all
the scenarios. Since we had three considered games, each subject underwent 33 sessions.
There was a 1-minute break after each session. According to ITU-T recommendation
P.809 [28], we conducted short interactive tests. Due to some game loading time, we
set the playtime for each session to 3-minutes. The order of sessions was random to
avoid the learning effect. We recorded each subject’s inputs for our QoE questions given
in Table 5.3. This table consists of all questions used in this chapter (upper half) and
in the performance evaluations chapter (Ch. 8). In this chapter, we asked all questions
except for the last row of the table. Particularly, there are five questions [51, 57, 61,
67]: Overall Quality (O), Visual Quality (V), Immersive Level (I), Cybersickness (S),
and Continue (C). The ratings are on a 1-5.scale using ACR, where higher is better,
except for: (1) Continue, which is-a Boolean value, and (i1) Cybersickness, where lower
is better. It is worth noting that we-avoided long cybersickness questionnaires [32] to
prevent the prolonged duration of each session, which would limit the number of tested
conditions [59]. Furthermore, our focus was on the mean cybersickness score, and thus
the longer cybersickness questionnaires may-not be necessary [18]. Even after doing so,
the user study duration of each subject was still tod long, so we had to separate each
subject’s sessions into two days, for varying: (i) encoding settings on day 1, which lasted
for about 120 minutes, and (ii) network conditions on day 2, which lasted for about 45
minutes. It took us about 45 hours to complete the user study. Given that we had 12
subjects and 33 sessions each, we gathered a total of 396 responses throughout the user

study. We analyze the results below.

5.4 Results

Bitrate affects the gamer QoE the most among other encoding settings. Fig. 5.4 gives
the MOS scores of overall quality under different encoding settings. Slopes in Fig. 5.4(a)
are generally steeper compared to those in Figs. 5.4(b) and 5.4(c), showing that the bi-
trate imposes the most significant impact on the gamer QoE. We performed Wilcoxon
signed-rank tests between the MOS of the lowest and highest values for each encoding
setting. We found that the p-values of bitrate are almost consistently lower than those of
the frame rate and resolution across all three games (except the p-value of the frame rate

in BeatSaber). This confirms that the bitrate is the most important encoding setting. Note
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Figure 5.4: MOS of overall quality under different settings, sample results under default
encoding and network factors with varying: (a) bitrate (72 fps, 2880x 1568), (b) frame
rate (32 Mbps, 2880x 1568), and (c) resolution (32 Mbps, 72 {ps).

that all these p-values are below 0.001, demonstrating clear statistical difference.

MOS growth rate decelerates as bitrate increases. Fig. 5.5 presents sample quality
and immersion results under different bitrates. We observe that both MOS of visual qual-
ity and objective quality metrics, i.e., VMAF, improve rapidly from 2 to 8 Mbps, with an
average slope of 0.25 and 2.87, respectively. However, the improvement decelerates from
8 to 32 Mbps, with an average slope of 0.08 and 1.31, respectively. The same behavior of
the immersive level can be seen in Fig. 5.5(c). While we cannot show all figures due to the
space limitation, a similar trend was also observed with other QoE questions, e.g., MOS
of overall quality in Fig. 5.4(a). These observations indicate that as the bitrate increases,
the growth rate of MOS decelerates gradually.

Different game genres have different requirements. Fig. 5.4(a) reveals that MOS
of overall quality is more sensitive in ArtPuzzle under different bitrates. The same can be

said with visual quality and immersive level in Figs. 5.5(a) and 5.5(c), compared to other
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Figure 5.5: Implications of bitrate ‘with “default frame rate (72 fps), resolution
(2880x1568), and delay on: (a) MOS of visual quality, (b) objective quality in VMAF,

and (¢) immersive level score.

game genres. In these cases, the p-values for ArtPuzzle on MOS are lower than those
in AngryBird and BeatSaber, and all of the values are below 0.001 after conducting the
Wilcoxon signed-rank tests, showing statistical difference. This is intuitive, as ArtPuzzle
needs higher visual quality due to its texture details. Fig. 5.6 reports the influence of
varying frame rates. Figs. 5.6(a) and 5.6(b) depict that when the frame rate drops below
24 fps, the MOS of overall quality and immersive level score drop drastically, especially
for BeatSaber. The p-values between 24 and 12 fps are both below 0.001, with MOS
differences of 2.08 and 2.33, respectively. Fig. 5.6(c) shows that no one wants to continue
playing BeatSaber at 12 fps, while AngryBird and ArtPuzzle are still acceptable to 10%
and 20% of gamers, respectively. Fig. 5.7 presents the implication of extra delay on
overall quality and immersive level. Similar to Fig. 5.6, BeatSaber is more sensitive to

injected delays, as gamers may not react in time. The p-values between 0 and 500 ms of
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Figure 5.6: Implications of frame rate with default bitrate (32 Mbps), resolution
(2880x1568), and delay on: (a) MOS of overall quality, (b) immersive level score, and

(c) fraction of continue.

injected delay are both below 0.001, with MOS differences of 3.02 and 3.17, respectively.
From the observations above, it is statistically significant that diverse game genres incur
different requirements on the QoS.

Cybersickness highly depends on subjects. Fig. 5.8 summarizes the cybersickness
scores under diverse factors. We observe that the cybersickness score remains relatively
consistent across most frame rate and delay settings unless the frame rate drops below 24
fps (Fig. 5.8(a)), or the delay approaches 500 ms (Fig. 5.8(b)). In these extreme cases,
the average cybersickness score is increased by 0.78 and 0.81, respectively. However, the
p-values are all above 0.01 in these cases after conducting Wilcoxon signed-rank tests,
which indicates minor significance. A deeper investigation indicates that even under these
unfavorable settings, such as frame rate of 12 fps, 50% of the subjects gave a rating of 1
(No problem), as illustrated in Fig. 5.8(c). We conclude that cybersickness scores largely

depend on subjects. Thus, we leave modeling cybersickness as one of our future works.
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Chapter 6

QoE Modeling

In this chapter, we model the gamer QoE scores using the data collected from our QoE
evaluations. We leave modeling cybersickness as our future work. We also exclude mod-

eling continue since we fail to see immediate applications.

Table 6.1: QoE Model Inputs

Category Input
Bitrate,
Encoding Setting Frame Rate,
Resolution
Throughput,

Frame Loss Rate',
Packet Loss Rate,

Network Condition

Delay
Video Quality PSNR',
Metric SSIMf, VMAF'
Human Factor GE, VE
Game Genre TI, SI

6.1 Modeling Approach

We model the overall quality, visual quality, and immersive level as: Qo(b, f,r,...),
Qv (b, f,r,...), and Q(b, f,r,...), where 1 < Qo(-),Qv(:),Qs(-) < 5. These QoE
models take five categories of inputs: encoding settings, network conditions, video qual-
ity metrics, human factors, and game genre. In total, our QoE models take 14 inputs.
Table 6.1 summarizes the inputs, where: (i) encoding settings include bitrate b, frame

rate f, and resolution r; (ii) network conditions encompass throughput, frame loss rate,

27



packet loss rate, and delay; (iii) video quality metrics include PSNR, SSIM, and VMAF;

(iv) human factors cover GE and VE levels; and (v) game genre is captured by 77 and SI.

Encoding Setting ———
Network Condition ————1
. . . QoE Models . ) . .
Video Quality Metric ———— Polv/RF/GB / AB —> Overall Quality / Visual Quality / Immersive Level
Human Factor ————] (Poly )
Game Genre ———p|

Figure 6.1: Block diagram of the QoE models.

To understand their pros and cons, we build two classes of models: per-game and
general, where the latter models are meant for all game genres. Since the former models
are for each game, we remove the game genre (TI/SI) from their inputs. We consider
four regression models as functions for predicting QoE, including polynomial regressor
and decision tree-based regressors. Polynomial regressor (Poly) is chosen because it is
a popular baseline model. Among decision tree-based regressors, Random Forest (RF),
Gradient Boosting (GB), and Ada Boosting-(AB).are widely used [9]. We adjust the key
hyper-parameters of these regressots: (1) the degree-of polynomial and intersection-only
in Poly and (ii) the number of estimators and-minimum samples per-leaf in decision tree-
based solutions (RF/GB/AB). Fig. 6.1 highlights the inputs and outputs of these regressor
models.

We use Scikit-Learn [50] to implement these regression models in Python.

Table 6.2: Hyper-parameters: AngryBird/BeatSaber/ArtPuzzle/General

Model Hyper-parameter
Degree Intersection
Poly
With / With /
1/1/71/71
With / With
RF No. Estimators Minimum Samples
200 /200 /200 /350 2/4721/2
GB No. Estimators Minimum Samples
250/200/50/250 2/16/8/4
AB No. Estimators Minimum Samples
350/350/100/ 100 4/2/8/16

For each regressor, we performed a grid search on the key hyper-parameters, resulting
in 6 combinations for Poly and 35 combinations for RF/GB/AB, using the results from the
QoE evaluations in the following steps. First, we need to split the dataset to evaluate the

QoE models. This can be done in two ways: (1) some earlier work [13] split the dataset
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into training, validation, and testing sets, while (ii) others [3, 12, 79] split the dataset into
training and testing sets only. We opt for the latter approach as we have fewer subjects than
Fan et al. [13]. Second, we perform 3-fold cross-validation on overall quality by subjects.
In particular, we take two-thirds of the subjects as training data and the rest as testing
data. We consider all 495 possible train-test splits and evaluate the average performance
in PLCC and SROCC. Third, we select the best hyper-parameters leading to the highest
performance for the corresponding regressor models, as given in Table 6.2. Note that
since the degree of Poly is one, it is equal to linear regression. Last, after determining the
hyper-parameters, we include an additional metric, R squared (R?), in addition to PLCC
and SROCC, to compare the performance between per-game and general models, as well
as across different regressor models. It is important to note that general models can be
trained with more samples than per-game models. To ensure a fair comparison, we retain
only one-third of random samples for general models, which is referred to as adjusted

general models.

Table 6.3: QoE Modeling Results- on Overall Quality: AngryBird/BeatSaber/ArtPuz-
zle/Adjusted General

Metric
Model
R? PLCC SROCC
Poly | 0.68/0.77/0.78 /0.77+]-0:87.70.90 /0.93 /0.91 | 0.88/0.90/0.92/0.92
RF 0.80/0.84/0.84/0.8210.937/0937/0.93/0.93 | 0.91/0.88/0.91/0.90
GB 0.81/0.85/0.84/0.82 1 0.93/094/0.93/0.93 | 0.91/0.89/0.91/0.91
AB 0.83/0.84/0.80/0.81 | 0.94/0.94/0.92/0.91 | 0.92/0.88/0.90/0.90

6.2 Resulting Models

We make the following observations on various QoE models considered by us:

* Adjusted general models deliver good enough performance. Table 6.3 gives the
overall performance across per-game and adjusted general models. For all regres-
sors, the adjusted general models achieve similar performance with per-game ones.
Take RF as an example, the highest improvements of per-game models over general
ones are merely 0.02 in R%, 0.001 in PLCC, and 0.01 in SROCC on overall quality.
Hence, we employ the general model below, if not otherwise specified.

* Random forest achieves the best performance. Next, we train our general models
with all samples, and give results in Fig. 6.2. We find that the RF model performs
the best. For example, in Fig. 6.2(a), RF achieves up to 0.85 in R2, 0.93 in PLCC,
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Figure 6.2: Performance of general models on:. (a) MOS of overall quality, (b) MOS of

visual quality, and (c) immersive level score.

and 0.92 in SROCC on overall quality. A closer look depicts that among all in-
puts, the throughput and round-trip delay have the highest impacts with coefficients
of 0.40 and 0.39, which are rather intuitive, as they directly affect the response
time and visual quality. Fig. 6.3 plots the relationship between the predicted and
ground-truth MOS. This figure depicts that RF results in a stronger linear correla-
tion compared to Poly. Hence, we adopt RF for building our QoE models in the rest
of this thesis.

* Immersive level is relatively hard to model. Compared to overall and visual qual-
ity, the performance of immersive level is a bit lower, as illustrated in Fig. 6.2.
There may be two possible reasons. First, immersive level is influenced more by
game genres and subject preferences. This in turn makes their scores harder to be
modeled by our regressors. The second reason is the impact of the QoE experi-
ments duration. According to ITU-T recommendation P.809 [28], immersive levels
are better investigated in experiments with longer durations. Since our QoE experi-

ments duration of each session is not long, this might lead to more noise to ratings.
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Figure 6.3: Predicted vs. ground-truth MOS: (a) Poly and (b) RF.

With that said, we can still achieve acceptable performance of 0.78 in R?, 0.91 in

PLCC, and 0.90 in SROCC on immersive levels.
Although our models perform well when estimating the gamer’s QoE, some of its inputs
may be hard to measure at run-time. ‘In-particular, .frame loss rate, PSNR, SSIM, and
VMAF are measured externally from other tools in our testbed. To make our QoE model
more suitable for real-life scenarios, we train light-weight models without these inputs.
The light-weight models approximate the original-ones and are denoted as: Qo (b, f,r,...),
Qu(b, f,r,...), and Q7 (b, f,r, .. ), where 1< QO(-),QV(-),QI(-) < 5. We observe
that the light-weight models produce QoE predictions fairly close to those from the orig-
inal models. More specifically, the performance gaps between Qo () and @o(-) are 0.02
in R, 0.01 in PLCC, and 0.02 in SROCC:; those between Qy () and Qy (-) are 0.01 in
R?, 0.01 in PLCC, and 0.02 in SROCC; and those between Q;(-) and Q;() are 0.02 in
R?,0.01 in PLCC, and 0.01 in SROCC. Hence, we recommend and adopt the light-weight

models in the rest of this thesis.
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Chapter 7

QoE-driven Encoding Settings
Adaptation

In this chapter, we develop an algorithm to select the optimal encoding settings under

dynamic networks and systems.

7.1 Problem Formulation

We use encoding settings as control ‘knobs, striving ‘to find the optimal settings e* =
(b*, f*,r*), among all possible bitrateh; frame rate-f, and resolution r, to maximize the
expected QoE. More specifically, we periodically select and set e* for every d-sec adap-
tation time window. We choose ¢ empirically by investigating multiple time windows. If
not otherwise specified, we let 0 = 3 seconds. While our approach is applicable to overall
quality, visual quality, and immersive level using the proposed models Qo (-), Qv (-), and
Q 1(+), we consider overall quality Qo(-) for concrete discussion. Other QoE aspects can
be readily adopted in the objective function if needed. The key constraint of our problem
is end-to-end bandwidth, denoted as B. Notice that b represents encoding bitrate, which
is smaller than streaming bitrate that accounts for various overheads, such as segmenta-
tion, protocol, and error correction. We use « to denote the overhead, proportional to the
encoding bitrate. We use o = 15% following Li et al. [43] if not otherwise specified.
With the above symbols, we formulate our optimization problem as:

e* = argmaz Qo(b, f,r,...)

e=bufr) (7.1)
s.t. (1+a)b < B.

We note that the dots in Qo ( -) represent seven non-encoding-setting inputs of our QoE
models (see Table 6.1). Among these seven inputs, four of them are constants: the sub-

ject’s GE and VE levels and the game genre’s TI and SI values. The remaining three
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inputs are measured in real-time, which are throughput p, delay d, and packet loss rate
[. By solving the optimization problem once every adaptation window, our cloud VR

gaming system adapts to the network and system dynamics in a QoE-aware fashion.

7.2 QoE-Driven Adaptation (QDA) Algorithm

Solving the optimization problem in Eq. (7.1) is challenging for three reasons. First, QoE
evaluations are time-consuming. Therefore, only a few (ten, more precisely) encoding
settings were tested in our QoE evaluations, while additional encoding settings can and
should be derived before solving the adaptation problem. Second, three measured inputs,
which are throughput p, delay d, and packet loss rate [, vary in rather large ranges, leading
to huge search space of optimal solutions. Last, numerically solving the QoE-driven
optimization problem leads to excessive running time, which is not suitable for real-time
cloud VR gaming.

To address the first challenge, we adopt quadratic functions to interpolate QoE of
encoding settings that were not included in the-QoE evaluations. More specifically, to
densify the encoding settings, we fit a quadratic function along each dimension of bitrate,
frame rate, and resolution. To ensure these quadratic-functions to be monotonically non-
decreasing, we add two control.bitrates.at 35 and 38 Mbps and two control frame rates
at 84 and 90 fps. The QoE values of these control sample points are set to be the same
as those of the closest encoding setting from our QoE evaluations. With these quadratic
functions, we interpolate the QoE of encoding settings with b € {2,3,4,5,6,7,...,31},
f € {48,60}, and r € {1760%x960, 2496x 1376} to increase the considered encoding
settings from 10 to 42. For the second challenge, we discretize the range of each measured
input into multiple bins to reduce the search space. Specifically, we employ a binning
method based on data characteristics called Freedman Diaconis [17], which makes sure
individual bins have enough data points. Following this method, we create 7, 7, and 3
bins for throughput p, delay d, and packet loss rate [, respectively. For the third challenge,
to speed up the adaptation decisions, we construct a lookup table Qo(b, f,r,...) for e*
using Qo (b, f, 7, . .. ). Because the lookup table is built offline, doing so incurs no runtime
complexity with a memory footprint < 700 KB.

We propose a QoE-driven adaptation (QDA) algorithm based on the lookup table
Qo(b, f,r,...). The algorithm measures network conditions for individual frames and
applies Exponentially Weighted Moving Average (EWMA) to filter out high-frequency
noise. In particular, a 30% weight is assigned to the latest measurement. QDA algo-
rithm is executed at the ALXR server once every o seconds. First, the EWMA values are

placed into bins. The algorithm then takes the middle points of the bins, human factors,
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and game genres, and iterates through all feasible encoding settings that do not violate the
bandwidth constraint. Among all feasible encoding settings, we choose e* that maximizes
Qo(b, f,r,...), which is then used to reconfigure the video codec at the ALXR server.
We note that this lookup can be done efficiently: throughout our experiments, the QDA

algorithm always terminates in ~ 20 ms on a commodity Intel 19 workstation.
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Chapter 8
Performance Evaluations

We evaluate our cloud VR gaming system, especially the QDA algorithm with an addi-
tional user study in this chapter. This user study is based on the QoE models constructed

with the results obtained from the previous user study in Ch. 5.

8.1 Technical Setup

To drive our experiments, we adopt a real SG network dataset [53], which contains
throughput traces with two mobility, patterns: static:and driving, and two applications: file
downloading and video streaming. Because cloud VR gaming clients: (i) are static and
(i1) incur a tremendous amount of network traffic, we select the static file-downloading
trace! with the highest standard deviation to approximate the available bandwidth under
the most challenging network conditions. The average bandwidth in this trace is 121
Mbps (o = 88.44), and the maximum bandwidth reaches 254 Mbps. Built upon the trace,
we consider three test scenarios: (i) C1, where the bandwidth is dedicated to one client,
(i1) C5, where the bandwidth is equally divided among five clients, and (iii) C10, where
the bandwidth is equally divided among 10 clients. As the number of clients increases, the
bandwidth becomes more constrained. We note that our cloud VR gaming system ceases
to work when the network bandwidth goes below ~ 3 Mbps?. Hence, we scan through
C1, C5, and C10, and skip any bandwidth samples < 3 Mbps. In total, 10.66%, 18.07%,
and 31.20% bandwidth samples were skipped from C1, C5, and C10, respectively. The
resulting traces are still long enough for our user study. We use Dummynet to emulate
diverse network conditions in three scenarios: C1, C5, and C10.

In particular, we conduct a user study to compare our QDA algorithm against the

following two baseline algorithms:

"We opt for the file-downloading traces for enough traffic loads.
2This is enforced by a watchdog mechanism.
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* No Adaptation (NA). In vanilla ALXR, a gamer has an option to disable the bitrate
adaptation algorithm altogether.

* Delay Threshold-based Adaptation (DTA). ALXR provides a delay threshold-
based bitrate adaptation algorithm. This algorithm dynamically adjusts the bitrate
based on a target delay dp and a tolerance interval da. It also keeps track of the
streaming bitrate b, at the ALXR server and considers a bitrate threshold b;. The
algorithm is executed once each frame. Specifically, if the measured delay exceeds
dr + da, the bitrate is decreased by 3 Mbps. Conversely, if the measured delay falls
below dr — da and the streaming bitrate b, surpasses the threshold b7, the bitrate
is increased by 1 Mbps. We let dp = 12 ms, da = 3 ms, and by = 0.70,, following
ALXR'’s default settings. Unlike our QoE-driven algorithm, DTA does not consider

the frame rate and resolution when making decisions.

8.2 Test Method

We designed a new user study to evaluate the performance between QDA algorithms and
two baseline algorithms. We utilized the same set of game genres mentioned in Ch. 5.1.
The user study design is based on that in our first user study described in Ch. 5.3 (see
Fig. 5.3), but with a few changes on'questionnaires, as summarized in Table 5.3. First,
we removed the immersive level from the QoE questionnaire because we found that it
was not easy for our subjects to properly rate the immersive levels given the relatively
short gaming sessions. In addition, prolonging the gaming session is not an option due
to potential subject fatigue. Second, we add a new question on Interaction Quality (A),
which has been shown to be crucial for interactive VR applications [57]. The ratings are
also on a 1-5 scale using ACR. Moreover, focusing on the dynamics, the interaction qual-
ity is a better indicator to evaluate the effectiveness of adaptation algorithms in dynamic
networks and systems. Third, we ask each subject to play a fraction (~ 60%) of all ses-
sions with different network scenarios, adaptation algorithms, and game genres to avoid
subject fatigue. By doing so, each subject’s user study duration is limited to 90 minutes.
More specifically, among 27 total possible gaming sessions (3 network scenarios, 3 adap-
tation algorithms, and 3 game genres), each subject gets to play 16 random ones. Last,
we dropped continue (C) from the QoE questionnaire to further reduce the user study
duration.

We enlisted 20 subjects (17 males) aged between 20-26 years old. All of them passed
the Snellen and Ishihara tests. Among these subjects, 6, 3, and 11 were categorized as
novice, intermediate, and advanced gamers. In addition, eight of them had prior VR

experience. In total, with 20 subjects and 16 sessions each, we completed 320 gaming
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sessions. On average, each combination of network condition, adaptation algorithm, and
game genre accumulated 11.85 (standard deviation o = 0.80) gaming sessions. In order
to objectively assess the performance and study their relationship with subjective results,
we measure two kinds of objective metrics: (i) network metrics, including delay and

packet loss rate; and (ii) video quality metrics, including PSNR, SSIM, and VMAF.
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Figure 8.1: Comparison of QoE quality among different adaptation algorithms for An-

gryBird: (a) MOS of overall quality, (b) MOS of visual quality, and (c) interaction quality

Score.

8.3 Results

MOS scores on overall, visual, and interaction quality. Fig. 8.1 compares the overall,
visual, and interaction quality achieved by various adaptation algorithms under different
scenarios. Sample results from AngryBird are shown; results from other game genres

(BeatSaber and ArtPuzzle) are similar and omitted. Figs. 8.1(a) and 8.1(c) depict that
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Table 8.1: QoE Scores from NA/DTA/QDA Algorithms; Scenario C10

QoE AngryBird BeatSaber ArtPuzzle
Overall Quality 1.50/2.92/3.50 | 1.17/1.92/3.25 | 1.42/2.23/2.92
Visual Quality 1.92/2.62/2.90 | 1.75/1.92/2.92 | 1.58/1.77/2.33
Interaction Quality | 1.50/3.08/4.00 | 1.08/2.08/3.25 | 1.41/2.15/3.67

QDA delivers much better QoE in overall and interaction quality, compared to NA and
DTA. The boost is particularly evident in the bandwidth-limited C10 scenario: the QoE
gaps on: (i) overall quality reach up to 2.00 (¢ = 0.45) compared to NA, and up to 0.58
(o0 = 0.47) compared to DTA; and (i1) interaction quality reach up to 2.50 (¢ = 0.40)
compared to NA and up to 0.92 (o0 = 0.45) compared to DTA. Regarding visual quality,
Fig. 8.1(b) reveals that the gaps are relatively smaller than those of overall and interaction
quality. This discrepancy can be attributed to the need to reduce the encoding bitrate in
challenging scenarios to prevent lagging and artifacts during gameplays.

Table 8.1 gives the QoE scores’of ‘overall, visual, and interaction quality under dif-
ferent game genres and adaptation algorithms under the bandwidth-limited C10 scenario.
Compared to NA, the average improvements of our proposed QDA across all three game
genres amount to averagely 1:86'(o-=:.0.38) 1n overall quality, 0.97 (¢ = 0.45) in vi-
sual quality, and 2.31 (0 = 0.35) in-interaction ‘quality. Compared to DTA, the average
improvements stand at 0.87 (¢ = 0.44) in overall quality, 0.61 (¢ = 0.45) in visual qual-
ity, and 1.20 (¢ = 0.48) in interaction quality. Fig. 8.1 and Table 8.1 confirm that our
proposed QDA algorithm significantly improves the QoE scores on overall, visual, and
interaction quality compared to the baseline algorithms.

Cybersickness scores. Fig. 8.2 presents the cybersickness scores achieved by dif-
ferent adaptation algorithms in different game genres. This figure shows that among the
three game genres, QDA demonstrates much lower cybersickness scores under scenar-
1os C5 and C10. Especially in C10, QDA algorithm’s cybersickness scores are 0.63
(0 = 0.42) lower than those of NA and 0.25 (¢ = 0.34) lower than those of DTA on
average. This outcome can be attributed to more effective adaptations made by our QDA
algorithm: better-optimized encoding settings lead to less lagging and artifacts and thus
better QoE. The observations on our user study are consistent with our previous study
on simulator sickness [58], where lower visual quality resulted in higher simulator sick-
ness scores. Fig. 8.2 confirms that our proposed QDA algorithm leads to relatively lower
cybersickness scores, compared to the baseline algorithms.

Objective quality. Fig. 8.3 reports sample VMAF results achieved by different adap-

tation algorithms with different game genres and under diverse scenarios. This figure

38



51 51
© —— NA ® —— NA
§ 4 -%- DTA § 4 -%- DTA
7 —- QoA | @A —- QDA
23 Z 3
2 2
22 RIS 1 -
,-% 1 g 1 —-:_—.:_—_:_—_”P-:—_":___.-__._.
> >
O O
el C5 C10 el C5 C10
Scenario Scenario
(@) (b)

© ° —— NA

S 4 -%- DTA

wn —- QDA

4 3

=

)

]

= 1

@)

var G C10

Scenario
(©

Figure 8.2: Comparison of cybersickness score across different game genres: (a) Angry-
Bird, (b) BeatSaber, and (c) ArtPuzzle.

illustrates that our QDA achieves the highest VMAF scores compared to other baseline
algorithms. Further analysis through the Friedman test reveals significant differences
among the three adaptation algorithms under the same network scenarios and game gen-
res. The p-values are lower than 0.001, except for scenario C5 in ArtPuzzle. Even in that
extreme case, we still observe a p-value lower than 0.01, indicating statistical significance.

Table 8.2 summarizes all video quality metrics, including PSNR, SSIM, and VMAF,
achieved by different adaptation algorithms under the most challenging scenario C10.
This table clearly shows that the proposed QDA algorithm leads to higher video quality
than the two baseline algorithms; boosts up to 9.62 dB in PSNR, 0.29 in SSIM, and
35.43 in VMAF are observed. Fig. 8.3 and Table 8.2 confirm that our proposed QDA
algorithm significantly improves the objective video quality in PSNR, SSIM, and VMAF
compared to the baseline algorithms. Beyond the quality metrics, our QDA algorithm also
demonstrates superior performance in network metrics. Specifically, the round-trip delay
is 3 ms lower than DTA and 3.5 ms lower than NA; while the packet loss rate is 7.59%
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Figure 8.3: Comparison of VMAEF dcross.diverse adaptation algorithms with different
game genres: (a) AngryBird, (b) BeatSaber, and (c) ArtPuzzle. Significance values are
defined as: *: p < 0.05, **: p < 0.01, ***: p < 0.001.

lower than DTA and 24.56% lower than NA on average under the most congested C10

scenario. These objective outcomes are consistent with the subjective QoE improvements.

Implications of game genres. Fig. 8.4 illustrates the impact of different game gen-
res on visual and interaction quality with our QDA algorithms under diverse scenar-
10s, respectively; results from other algorithms (NA and DTA) are similar and omitted.
Fig. 8.4(a) illustrates that ArtPuzzle exhibits lower MOS than AngryBird and BeatSaber
under bandwidth-limited scenarios, emphasizing its high demand for visual quality due
to its quality-sensitive nature. Nevertheless, the MOS of visual quality in ArtPuzzle can
maintain 2.33 (¢ = 0.27) under bandwidth-limited C10 scenario with our QDA algo-
rithms. Similarly, Fig. 8.4(b) shows that BeatSaber has lower scores compared to Angry-
Bird and ArtPuzzle under all scenarios, indicating its sensitivity to time and thus stringent
requirements for interaction quality. However, with the help of our QDA algorithm, the

interaction quality scores can still achieve 3.25 (o = 0.26) even under the C10 scenario.
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Table 8.2: Video Quality From NA/DTA/QDA Algorithms; Scenario C10

jam)

C1

Ch C10

Network Traces

(a)

C1

Metric AngryBird BeatSaber ArtPuzzle

PSNR (dB) | 23.99/29.96/31.25 | 22.15/26.89/31.77 | 19.57/24.81/27.31
SSIM 0.63/0.82/0.88 0.80/0.87/0.93 0.53/0.69/0.82
VMAF 36.04/56.17/61.75 | 32.06/54.91/67.49 | 34.10/54.68/60.26
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Figure 8.4: Implications of different game genres-with |QDA algorithms on: (a) MOS of

visual quality and (b) interaction quality score:

Fig. 8.4 confirms that the results related to visual and interaction quality are consistent

with our expectations outlined in Ch. 5.1. Specifically, ArtPuzzle exhibits sensitivity to

quality, BeatSaber to time, and AngryBird demonstrates less sensitivity to both factors.
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Chapter 9
Conclusion

In this chapter, we conclude the thesis and outline future directions for the current work.
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Figure 9.1: Illustration of future work.

9.1 Key Take-Away Messages

In this thesis, we developed and optimized a cloud VR gaming system, which has not been
thoroughly studied in the literature. After conducting comprehensive QoE evaluations us-
ing a user study, we analyzed the impacts of different encoding settings and network con-
ditions on gamer QoE scores across diverse game genres. The feedback from participants
via questionnaires revealed novel insights into the correlation between gamer-perceived

QoE and measurable QoS metrics. Based on the QoE evaluation results, we built general
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QoE models for all game genres using the RF regressor. The resulting QoE models are
accurate: achieving up to 0.93 (¢ = 0.02) in PLCC and 0.92 (¢ = 0.02) in SROCC.
We also developed a QoE-driven adaptation algorithm called QDA to optimize the encod-
ing settings under dynamic networks and systems. We conducted a second user study to
evaluate the performance of our QDA algorithm in particular, and the overall cloud VR
gaming system in general. Compared to the existing NA and DTA algorithms, our pro-
posed QDA algorithm leads to better cloud VR gaming QoE, e.g., it improves the MOS
of overall quality by up to 1.86 (o = 0.38) and reduces the cybersickness scores by up to

0.63 (o = 0.42) averagely across different game genres.

9.2 Future Work

Fig. 9.1 gives an illustration of future work. This thesis can be extended in multiple

directions, including but not limited to:

9.2.1 Building QoE Models:for Cybersickness Scores

During the experience of cloud VR gaming, gamers often experience discomfort and
dizziness, which is known as ‘eybersickness. ‘The-erigins of cybersickness are diverse,
stemming from factors like inappropriate’QoS;'characterized by excessive delay and low
image quality. Additionally, game content, particularly that involving high head move-
ments, and the duration of gameplay itself also contribute to the discomfort experienced
by gamers. Cybersickness significantly influences the overall gaming experience, mak-
ing it a pivotal aspect to address in the realm of cloud VR gaming. Fig. 9.2 shows the
block diagram of the cybersickness model. Modeling cybersickness requires considering
additional factors which were not addressed in this thesis, including subject differences,
duration of each gameplay, and accumulated fatigue levels. The problem statement here
is to “identify the important factors for modeling cybersickness and, based on the charac-
teristics of these factors, find appropriate methods for modeling.” Addressing this issue
is challenging as the complexity of the model increases with the inclusion of more fac-
tors, requiring further exploration. Additionally, given that the model may encompass
high dimensions with diverse input domains, relying solely on regression models may
prove insufficient for handling this problem. Consequently, more complicated modeling
methods, such as deep learning, could be considered. Moreover, to conduct user studies
involving gamers with diverse characteristics, crowdsourcing user studies may be a more
fitting approach in this scenario compared to the controlled lab environment. The result-

ing models can assist cloud VR gaming service providers in adjusting QoS and system
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settings to meet the diverse needs of gamers to play comfortably.
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Figure 9.2: Block diagram of the cybersickness model.

9.2.2 Predicting Gamer Willingness to Continue Playing

When users are experiencing multimedia content; they often choose to discontinue the
experience prematurely. Aside from personal preferences, a significant reason for this is
the instability of the current network conditions, leading to QoS not meeting the user QoE
requirements. Therefore, if cloud setrvice providers:can continuously monitor users’ will-
ingness to continue and adjust service quality accordingly, it not only encourages users to
continue their experience but also maximizes the efficient utilization of limited resources.
This approach benefits both users and cloud service providers. In the literature, Lebreton
and Yamagishi [37,38] examined the user’s willingness to continue watching videos un-
der the current QoS levels. We can generalize their approach to cloud VR gaming to create
a model that determines: (i) whether the current measurable QoS metrics can retain each
gamer and (ii) if network and system adaptations are necessary. Fig. 9.3 gives the block
diagram of the willingness model. The problem statement here is to “examine the impact
of various system factors on gamer willingness to continue playing and build models to
predict the willingness for identifying whether adaptations are needed.” In addressing this
problem, it is crucial to investigate how various factors influence gamers’ willingness to
continue and determine the approach, timing, and type of adaptation to implement. For
example, cloud service providers should not wait until users reach the critical point of
terminating their experience to initiate adaptation. Instead, they should adjust the degree
of adaptation based on the proximity to this critical point. This can be achieved by es-
tablishing a function to control the extent of adaptation, ensuring the preservation of the
user’s positive experience. The resulting models are highly valuable for cloud VR gaming

service providers to maintain profitability.
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Figure 9.3: Block diagram of the willingness model.

9.2.3 Exploring Cross-Layer Optimization on Cloud VR Gaming

In Mobile Edge Computing (MEC), cross-layer optimization exchanges insights across
different layers, e.g., leveraging Radio Network Information Service (RNIS) [2] for live
radio statistics. RNIS is a specialized service designed to provide comprehensive informa-
tion about radio networks, facilitating; efficient communication and resource utilization.
With the low-layer information provided:by: this service, combined with the high-layer
details within the system, the entire system can engage 'in more effective optimization to
enhance overall performance. ‘While RNIS has been employed for cross-layer optimiza-
tion in flow control [11] and 360° VR video streaming [46], it has not been used in cloud
VR gaming. The problem statement here is to-“‘integrate RNIS into the cloud VR gaming
system, and identify and implement appropriate optimization tasks within the system us-
ing the information provided by RNIS.” To achieve this goal, it is necessary to establish an
RNIS module within the system. The first approach involves using existing radio network
traces to simulate radio statistics under real network conditions. Additionally, when spe-
cific network requirements arise, a simulator can be employed to generate virtual network
traces for the RNIS module. The second approach is to directly obtain radio statistics
from Internet Service Providers (ISPs), providing the most realistic information. Once
the RNIS module is established, cross-layer optimization can be performed based on sys-
tem requirements. Cross-layer optimization can be applied to various applications. For
instance, when there are significant differences in the importance or timeliness of trans-
mitted data within the system, packet prioritization can be employed. Additionally, if the
system frequently encounters congestion issues, congestion control can be implemented.
Lastly, in cases where the system has limited resources and efficient resource utilization
is crucial, resource allocation strategies can be employed. Fig. 9.4 shows the overview of
cross-layer optimization in cloud VR gaming. These applications can assist the cloud VR

gaming system in achieving better performance and enhancing the gamer’s overall QoE.
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Figure 9.4: Overview of cross-layer optimization in cloud VR gaming.

9.2.4 Experimenting With Alternative Access Networks

Compared to costly wired networks and limited-range WiFi networks, 5G Fixed Wireless
Access (FWA) offers high-speed Internet access to the home without deploying expensive
cables. The User needs to install Customer Premises Equipment (CPE) in a location with
a strong signal, such as near a window or outdoors. This CPE serves as a receiver for
wireless signals and can establish a wireless connection with the nearby 5G base station
to enable FWA. Fig. 9.5 gives the overview-of FWA. FWA supports high bandwidth and
low delay and thus enables new VR/AR applications:in rural areas [4,36]. For example,
VR applications place a strong emphasis on immersion, requiring delicate visual scenes
and minimal delay for an optimal user QoE."A high level of immersion contributes to an
enhanced user experience. However, achieving this:often demands higher bandwidth, and
FWA can meet this demand. The high bandwidth and low delay provided by FWA support
high-performance VR applications, delivering. a superior sense of immersion to users. In
the case of AR, FWA also plays a pivotal role. AR applications are often operated in large-
scale environments, and this aligns with the strengths of FWA. The extensive network
coverage and cable-free nature of FWA allow users to have a more immersive experience
without constraints. This, in turn, leads to a higher QoE for users. Therefore, cloud VR
gaming can be a potential application for FWA. The problem statement here is to “replace
WiFi networks with FWA networks and take an initial step to study the QoE for gamers
under this novel access network.” Experimenting with cloud VR gaming over FWA could
reveal new challenges and opportunities under its unique network workload in emerging

5G-based access networks.

9.2.5 Comparing Local and Cloud VR Gaming

Although cloud VR gaming offers an alternative way for gamers to access VR games,
not all types of games are suitable for experiencing in the cloud VR gaming environment.
For instance, lightweight games with simple game scenes may still be better experienced

using local VR gaming settings. This is because offloading the rendering task to the server
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Figure 9.5: Overview of FWA.

may not significantly enhance the gamer QoE, but could introduce additional delays and
costs, which are not cost-effective from a business perspective. Therefore, it is valuable to
study and determine the best settings for different kinds of games. The problem statement
here is to “identify the characteristics of different game genres and optimize the gaming
experience with the ideal settings.” One potential solution is to conduct user studies across
a wide range of game genres to take the first step in examining the gamer QoE for different
game genres under both local and cloud VR gaming settings. By studying the differences
between local and cloud VR gaming;,.cloud VR gaming service providers can improve the

cost-effectiveness of their services while also‘enhancing the gamer QoE.

9.2.6 Utilizing Various QoE Modeling Methods

In this thesis, we employed well-known machine-learning methods to establish our QoE
models. However, there are numerous methods available for constructing QoE models,
such as using curve fitting techniques or neural networks. Each method has its own pros
and cons; some may entail higher overhead but offer greater precision, while others might
have lower overhead but potentially lower accuracy. In the context of cloud VR gaming,
overhead is a primary consideration, especially given its real-time system requirements.
The problem statement here is “how to select the modeling method that provide users with
the best gaming experience.” To address this issue, we need to experiment with various
methods for constructing models and conduct thorough subjective and objective analyses
for each approach. By doing so, QoE-driven adaptation based on the QoE model can let

cloud VR gaming service providers offer gamers the optimal gamer QoE.
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