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Abstract

With the rapid development of cloud gaming technology over the past twenty years, cloud
gaming has begun to challenge traditional gaming modes. Facing an increasing number of cloud
gaming platforms, reducing service costs and improving service quality have become key focus
areas. This study proposes an innovative cloud game video quality prediction model. It aims to
predict the future trend of video quality by analyzing simulated cloud game players’ interaction
data and cloud game streaming video quality parameters. In our research, by collecting and
analyzing multiple sets of relevant data, we established the Linear Time Series Analysis Model
and the Recurrent Neural Networks Based Model, and compared them to derive a new prediction
model for cloud game streaming video quality. This model not only predicts the future trend
of video quality to optimize user experience and service cost, but also derives multiple targeted
models to adapt to the specific needs of different game genres through users’ behaviors in
different games. Through simulation experiments, we verified that these models are effective
in various game scenarios and can accurately predict changes in cloud game streaming video
quality. The research results demonstrate the applicability and accuracy of our model for cloud
game video stream quality prediction, providing cloud game service providers with strategies to
optimize video quality based on user behavior dynamically.

In addition, this study explores the potential applications of the prediction model in streaming
media and cloud gaming services, providing theoretical support for the future direction and
improvement of cloud gaming services. Finally, we anticipate that further refinement of user
behavior analysis could enhance the performance of the prediction model and the cloud gaming
experience. The outcomes of this research offer strong support for improving the quality
and efficiency of cloud gaming services, and have practical application value and theoretical

significance.

Key words: Cloud Gaming, Video Quality Prediction, Video Multimethod Assessment Fusion,
User Activity Index, Time Series Models, Nonlinear AutoRegressive Model with eXogenous

Inputs, Recurrent Neural Networks, Quality of Service, Quality of Experience
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Chapter 1

Introduction

1.1 Overview

Cloud gaming, also known as gaming on demand, is a network gaming technology based
on cloud computing. [149] This technology allows devices with relatively limited graphic
processing and computational power to run high-quality games. In cloud gaming scenarios,
games are not run on the player’s gaming terminal but are operated on cloud servers. The game
scenes are rendered by the cloud servers into video and audio streams, which are then transmitted
over the network to the player’s gaming terminal. The player’s gaming terminal does not need
strong graphic computation or data processing capabilities; it only needs the necessary media
playback capabilities and the ability to receive player input commands and send them to the
cloud server.

Over the past twenty years, cloud gaming has been a promising research area, but it is still
in its early stages of development. Although its technology continues to advance, it has not yet
been able to challenge the market dominance held by traditional gaming modes. However, as the
demands of game content on gaming hardware continue to grow, finding new technologies to meet
the ever-changing needs of game players is becoming increasingly important. At the same time,
as the pace of modern life accelerates, gamers’ demands for a seamless cross-platform gaming
experience are also rising. Major technology and gaming companies are increasingly focusing
on cloud gaming development, making it an essential component of the gaming entertainment
industry and accelerating technological innovation to provide players with a better cloud gaming
experience. Therefore, improving the quality of the cloud gaming experience has become a focal
point of research.

The core of today’s cloud gaming services is built on streaming video platforms, where
players receive game content as streaming video. Therefore, dynamic video compression tech-
nology is critical to reduce company costs and enhance the cloud gaming experience for players.
Most current cloud gaming services still use traditional streaming video compression technology,
both in terms of video compression coding and transmission methods, the same as traditional
streaming video platforms. However, cloud gaming services are very different from traditional

streaming video platforms, both in terms of the content transmitted in cloud gaming streaming
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video and the interaction with users. Therefore, based on the streaming video transmission
technology, it has become a core focus to improve and create a new type of transmission ser-
vice for cloud game streaming video based on the characteristics of cloud game service. First,
traditional streaming video uses standard compression formats such as H.264/H.265, and most
video content is recorded by camera equipment. There is much uncertainty in the change of
video quality. But cloud game streaming video is rendered by cloud game servers, and unlike
traditional video recording methods, the video quality of cloud game streaming video can also
be predicted according to the game content to adjust the compression rate dynamically. [53]
In addition, cloud game services are interactive and fundamentally different from traditional
streaming video. Both cloud game streaming video content and game data processing depend on
user behavioural data.

Therefore, this study establishes a new research direction to address the shortcomings of
current cloud game services. By analysing the User Activity Index(UAI) and adding it to the
analysis of different kinds of game content, we can grasp the changes in cloud game streaming
video content. These interaction behaviour data are defined, standardised, and analysed using
linear models and neural networks to find out the characteristics of cloud game user interaction
behaviours and changes in cloud game streaming video content. Ultimately, we can judge
and predict the changes in cloud game streaming video quality parameters through the Cloud
Gaming User Activity Index(UAI) to provide reliable data support for dynamically adjusting the
compression of cloud game streaming video, which ultimately reduces the company’s costs and

enhances the players’ cloud gaming experience under the condition of limited resources.

1.2 Contribution

The core of cloud gaming services is still composed of streaming video transmission tech-
nology. Nowadays, when transmitting streaming video, dynamic compression algorithms are
applied to optimise transmission efficiency, thereby reducing transmission costs and maximising
the quality of the user experience. To better assess the quality of user experience, streaming
service providers like Netflix have proposed definitions for video quality parameters. By cal-
culating the difference between the video on the user side and the original video data, the
Video Multimethod Assessment Fusion(VMAF) is obtained, which is used to provide feedback
and optimise the dynamic compression algorithm. It is well known that traditional streaming
video content transmission is broadcast from the server to the client and is not affected by the
subjective behaviour of the user on the client side. However, in the context of cloud gaming,
the streaming video content transmitted between the cloud and the user end has interactivity,
meaning that the user’s control input to the game has a significant impact on the content of the
cloud gaming streaming video, which inevitably affects the calculation of VMAF. Therefore,
studying the influence of the Cloud Gaming User Activity Input(UAI) on VMAF and providing
a reference for improving the calculation method of VMAF, thereby better evaluating the user’s

cloud gaming experience quality, is undoubtedly a precious research topic. Based on this, this
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thesis investigates the relationship between the Cloud Gaming User Activity Input and VMAF to
predict changes in VMAF through UAI. The main contributions of this thesis are as follows:

1. We have proposed a User Activity Index (UAI) based on game content and user behaviour.
This index, derived from a comprehensive analysis of the results, provides a practical tool for
assessing the user’s activity level during a gaming session. By analysing user input behaviour
on the keyboard, mouse, and controller while playing games, we have also briefly analysed
the relationship between changes in various types of game content and control inputs, further

enhancing the practicality of our research.

2. We employed linear model theory to model the relationship between UAI and VMAF.
Since VMAF is a comprehensive indicator influenced by multiple factors, we hypothesise that
its variation within a game session follows a stationary stochastic process. By analysing its
auto-correlation properties, the order and parameters of the linear model are estimated, and a
prediction model for UAI-VMAF is established. However, when we conduct experiments to
simulate the linear models, it is proved that because of the too complex relation between UAI
and VMATF, the linear models almost cannot be used to make predictions. However, this study

works to lay the foundation for the next stage.

3. We utilised recurrent neural networks to model the relationship between UAI and VMAF.
Based on the assumption that the variation of VMAF within a game session follows a stationary
stochastic process, NARX models are established by collecting data from different types of
games. Due to the dynamic nature of UAI and VMAF sequence data, the delay parameter settings
in NARX are crucial. We thoroughly analysed the design principles of time series delay and

guided the correct selection of the delay settings in NARX.

4. In the experimental stage, we first defined the metrics for evaluating the prediction
performance of the models. Then, we selected multiple cloud gaming streaming videos for
analysis, including different types of games, such as action and card games. By combining
VMAF with the corresponding user activity index of the game content, we successfully verified
the significant impact of user behaviour on the quality of cloud gaming streaming videos. Based
on different game types and compression rates, we chose appropriate NARX parameters and
successfully achieved UAI-VMATF prediction using NARX. The experiments revealed that for
action games, due to the frequent control inputs, the UAI changes were relatively gradual, and
the periodicity of the corresponding VMAF variation pattern was not significant. As a result, the
training and simulation effects of the NARX model could have been improved. However, after

data augmentation on the dataset, the results improved considerably.

In summary, we conducted simulations and comparisons on datasets of multiple game
types and compression bitrates using time series models and non-linear autoregressive models
with exogenous inputs. Through the simulation results, we can better determine the impact of

the user activity index on cloud gaming video quality parameters. Furthermore, we can use
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the simulation models to predict cloud gaming video quality parameters based on future user
behaviour indicators, ultimately providing theoretical guidance for the dynamic compression
of streaming videos. These findings have theoretical significance and practical implications for
reducing transmission costs and improving user experience quality, ultimately meeting the needs

of cloud gaming service platforms.

1.3 Chapter Outline

In this thesis, all chapters focus on how to improve the quality of cloud gaming services,
aiming to clarify the core research content of how to predict the quality of cloud gaming video
streaming through the user activity index, as well as the contribution of this research to the field

of cloud gaming. The thesis structure flow chart is as Fig 1.1.

Introduction This chapter provides a concise overview of the evolution and structure of cloud
gaming services, highlighting the unique challenges they face. It also presents the cutting-edge
aspects of contemporary cloud gaming services and the innovative contribution of our research

to enhancing their quality of experience.

Background This chapter is divided into three parts. The first part mainly introduces the
development history, infrastructure, advantages, and disadvantages of cloud gaming, lays the
foundation for the background of this study, and introduces the importance of industry develop-
ment and research. The second part introduces the background of the collection method of cloud
game user operation behaviour and conducts a detailed analysis of different game types, thereby
laying a theoretical foundation for the User Activity Index (UAI) defined in the subsequent re-
search. The third part briefly introduces the development of streaming video, the core technology
of today’s cloud gaming services. It leads to the definition of video quality parameters for cloud
gaming streaming video. Through the detailed introduction of video quality parameters and
the discussion of Video Multimethod Assessment Fusion(VMAF), we can better understand
the theoretical basis of the research background of this thesis, thereby further determining the

following research content and direction.

Methodology This chapter is structured into two main sections. The first section integrates the
background chapter with the core architecture of relevant cloud gaming services to define the
User Activity Index parameter. It also details the process of collecting user behaviour index
and VMAF parameters, providing a robust data source for the experimental analysis. The
second section applies the theory of cloud gaming services to explain the Time Series Model and
Non-linear AutoRegressive Model with eXogenous Inputs (NARX), particularly their application
in predicting cloud gaming video quality parameters. It also defines the relevant parameters and
model evaluation indicators, laying the groundwork for subsequent simulation and experimental

results.
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Results and Evaluations This chapter can be divided into two parts. In the first part, we
introduce the detailed processing of experimental research data and the normalisation of data
based on the research background and research methods. In the second part, we introduce the
result evaluation indicators we established based on the research on the Time Series Model and
Non-linear AutoRegressive Model with eXogenous Inputs (NARX) in the methods chapter. After
establishing the indicators, we simulated the two models and evaluated the simulation results to

draw experimental conclusions.

Conclusions This chapter consolidates the findings of this research, emphasising the prac-
ticality of predicting cloud game streamed video quality parameters through the User Activity
Index. It restates the significance of this research in enhancing the quality of experience in cloud

gaming. The study’s limitations are also outlined to guide future research.

Appendix The appendix contains supplementary materials, including part of the original data col-
lected and used in the experiment and part of the pseudo-code, to help readers better understand

the research content and contribution of this study.



Chapter 2

Background

2.1 Overview

In this chapter, we start with the history and architecture of cloud gaming services and briefly
summarise the development history of cloud gaming and the basic architecture of today’s cloud
gaming services. Afterwards, by understanding the advantages and disadvantages of today’s
cloud gaming services, we can further deepen our understanding of the core research direction
of this thesis and thus understand the core background of cloud gaming services. Next, this
chapter briefly introduces the characteristics of streaming video and the concept of video quality
parameters. Introducing video quality parameters in detail to better explain the characteristics
and usage of VMAF lays the background theoretical foundation for the research direction of
this thesis. Finally, this chapter introduces various game activity collection methods and the
characteristics of these different collection methods. It combines the characteristics of various

game genres to conduct an in-depth discussion of user behaviour in different games.

2.2 Cloud Gaming Background

2.2.1 History

Cloud gaming originated in the early 2000s. With the continuous improvement of Internet
bandwidth and the advancement of cloud server cluster technology, service provision based on
cloud computing was gradually applied. Therefore, the idea of running the game on a cloud
server cluster and transmitting the content to the user in real-time via the Internet was finally
realised. [19] At that time, G-Cluster first publicly demonstrated the prototype of its cloud
gaming platform. Although the demonstration effect at the time was not ideal, the technology
was still in its early stages, and development was basic, with delays and unsatisfactory image
quality. However, the G-Cluster platform has also successfully transmitted game footage to
IPTV and mobile device platforms through the network, verifying the possibility that games
can be processed and transmitted remotely. In 2003, G-Cluster began to commercialise the

cloud gaming platform. Its initial sales were still based on the traditional direct one-time sale of
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complete games or leasing games, and the available areas were also very limited. Although a
subscription-based game service was later launched, it could still not be promoted on a large
scale. It was unfamiliar to the public due to network delays and substandard data transmission

speeds.

Cloud Gamjing Service

Commute between to share

Game Logi¢ Server

Rendering Server A

<

Transfer Game Logic and
User Activity

Cloud Network Structure

Fig. 2.1 Current Cloud Gaming Structure Example

It was not until 2009 that the launch of the OnLive platform marked the first large-scale
commercial attempt at cloud gaming services. Benefiting from increased internet bandwidth
and efficient video compression technology, OnLive enabled subscribers to experience real-
time cloud gaming services and effectively reduced gaming latency. [72] OnLive also offered
various other features, such as allowing players to record gameplay or watch others play games.
Although OnLive successfully brought cloud gaming services into public view, they were limited
by network connection quality and failed to gain support from most players. [23] Due to the high
costs of maintaining and expanding servers, the company eventually faced a financial crisis. It
ceased its cloud gaming services in 2015, marking the end of an era for cloud gaming but having

a lasting impact on the industry, providing valuable experience and lessons for later services
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like Google Stadia and NVIDIA GeForce NOW. OnLive’s technological innovations continue to
support today’s cloud gaming technology.

Shortly after the closure of the OnLive platform, Sony launched the PlayStation NOW service,
utilising its acquired Gaikai cloud technology to give players remote access to the old PlayStation
game library. In 2023, Sony also launched the PlayStation Portal handheld device, which allows
players to remotely access their PlayStation games via an internet connection, achieving a
low-latency, high-quality gaming experience. With the introduction of the PlayStation NOW
service, mainstream gaming companies officially entered the cloud gaming market, ushering in a
new era for cloud gaming technology and development.

The same year PlayStation NOW was introduced, NVIDIA launched the GeForce NOW
cloud gaming service, leveraging its powerful GPU service network and hardware strength to
provide an outstanding end-to-end cloud gaming streaming service. GeForce NOW not only
allows users to access games via a subscription model but also lets players access free cloud
games. In 2019, Google launched the Stadia cloud gaming service. Based on the advantage
of owning the streaming video platform YouTube and having a large number of cloud servers
worldwide, Stadia offered an excellent cloud gaming service experience with high resolution,
high bitrate, and high-quality video transmission. However, this also caused a sharp rise in
the cost of Stadia’s cloud services, leading to its cessation in 2023. Meanwhile, Microsoft’s
xCloud, as part of Xbox Game Pass, enabled Xbox Game Pass subscribers to stream games on
various devices. Thanks to a rich game library and affordable prices, Xbox Game Pass gained
widespread popularity among players, and Microsoft xCloud thus came into the view of many
players, successfully integrating the cloud gaming service model into the traditional gaming
ecosystem. Additionally, as the largest streaming video service platform, Netflix has also begun
venturing into the cloud gaming field. Currently, users can experience over 80 different cloud
games on various Netflix clients, such as TVs and smartphones. As the cloud gaming market
expands with the entry of major manufacturers, the industry’s development is also influenced
by the advancement of 5G technology. The low latency and high transmission rates of 5G
networks hold promising potential for cloud gaming, offering a more seamless and immersive
gaming experience. [154] However, despite the market growth, cloud gaming still grapples with
several challenges. Network stability remains a significant hurdle, as latency and internet speed
often hinder players’ experiences. The cloud gaming content library is also not as extensive as
traditional game service providers, and some games may not perform well on cloud gaming
platforms. Lastly, the cost of cloud gaming services poses a significant barrier to the industry’s

development, and finding ways to reduce costs and improve service quality is a key focus.

2.2.2 Current Development

At present, the overall architecture of cloud gaming services consists of a content layer,

platform layer, network layer, and terminal layer, as shown in the Fig.: 2.2 below.
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Application Layer: FPS, RPG,
Action Games, etc.

Platform Layer: Management
System, Cloud Rendering

Network Layer: Fixed Network,
Mobile Network

Terminal Layer: PC, Mobile
Devices, TV, etc.

Fig. 2.2 Cloud Gaming Architecture

The content layer is primarily the game content source responsible for the online game
provider. Generally speaking, most current games can be transplanted to cloud game servers,
but there are still no native cloud games developed specifically for the cloud game service
architecture. [113] Therefore, current cloud game services cannot fully take advantage of the

cloud game architecture.

Platform Layer of Cloud Gaming Services

The platform layer primarily includes a management system and cloud rendering technol-
ogy. The management system is mainly responsible for user and content management and the
scheduling and allocation of related hardware resources. At the same time, cloud rendering tech-
nology is a critical component of cloud gaming. Cloud gaming rendering servers are equipped
with high-performance GPUs to achieve the high-quality image rendering required for modern
games. While the cloud game management system processes the game logic, the rendering
server will perform geometric processing, rasterisation, colouring, post-processing, and other
processes on the game scene. [49] Especially since today’s games generally have high real-time
characteristics, multiple groups of cloud game rendering servers will collaborate to perform
parallel calculations, thereby reducing processing delays and increasing processing speed. Once
rendering is complete, the game frames are passed to the video encoder and the game scene is
converted into streaming video content. [112] In this step, the original data of the game video
will be compressed to a size that is easy to transmit. The encoder usually uses encoding formats
such as H.264 or H.265, which are efficient through frame motion compensation, frame content
prediction, image blocking, entropy coding, etc. algorithm to obtain the best size streaming
video without sacrificing the original video quality of the game. [68] At the same time, due to the
real-time nature of streaming video, the encoder will adjust the bit rates of video transmission
promptly according to network conditions, trying to prioritise the smooth operation of cloud
games when the network is limited. In addition, dealing with cloud gaming input delay is crucial

to the platform layer. When users feed data back to the server, the input delay can sometimes
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be huge due to unstable network fluctuations. [89] In order to better solve this problem, some
cloud game platforms adopt game-based content prediction algorithms. Although cloud game
service providers cannot predict the player’s following input very well, they can still render in
advance based on specific game content scenarios. Content may be needed for the next scene,
thereby minimising rendering time and making up for the loss caused by delay. Finally, the
management system at the platform layer also needs to achieve dynamic server load balancing.
Due to the fluctuation in the number of players and the different computing requirements of
different games, the management system needs to allocate the load of the cloud game rendering
server effectively in real-time. [64] In today’s cloud gaming platforms, server virtualisation
technology can better address the load issue. A physical server will be divided into several virtual
environments through GPU pass-through and containerisation technology. Each environment can
be responsible for different cloud game rendering tasks to achieve maximum dynamic allocation

of server resources.

Network Layer of Cloud Gaming Services

The network layer mainly involves the network environment where users are located, which
can usually be roughly divided into wired network or mobile network environments. In order to
improve users’ network environment, more and more network providers are beginning to provide
all-optical networks to users. The all-optical network means that all connections from the cloud to
the network layer to the terminal use optical fibre technology, and the network layer is simplified
as much as possible to achieve network flatness. In terms of network forwarding, distributed OLT
is used to achieve business switching and separation, DSCP is used to replace CoS to implement
network slicing and unique bearer slices are established for cloud gaming services to achieve zero
network jitter, thereby providing lower latency. [57] Finally, new fibre optic switches are used at
the user end, and technologies such as 10Gbps network cards or WiFi7 wireless routers are added
to achieve the optimal cloud gaming network environment. However, the current all-optical
network architecture still proves difficult to popularise, the cost is still very high, and it basically
only exists in theoretical experimental environments. Therefore, using an all-optical network
architecture is not the first choice for cloud gaming service providers to provide higher service
quality. In the mobile network environment, 5G technology brings unprecedented bandwidth
to cloud games. By using millimetre wave frequencies, cloud gaming services can transmit
high-quality streaming videos without the restriction of data bottlenecks. [91] At the same
time, in the 5G network architecture, through the dense deployment of small base stations and
the application of multi-access edge computing (MEC), cloud game delays can be effectively
reduced, and the QUIC protocol can effectively solve the packet loss problem in online games.
The full name of QUIC is Quick UDP Internet Connection, which is implemented based on UDP.
The handshake process is simple, congestion control is improved, and multiplexing is enabled.
QUIC also has the feature of Forward Error Correction (FEC). QUIC adds redundant data to each
data packet. When packet loss occurs, the redundant data of other packets can directly recover

the lost packet. This ensures data integrity and avoids delays introduced by TCP retransmissions.
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Finally, 5G network slicing technology can provide customised virtual network slicing for cloud
gaming platforms to optimise the network environment further. However, like the wired network
environment, the cost of deploying a large number of 5G base stations and 5G edge computing

servers is very high, and today’s cloud gaming service providers cannot adopt this solution. [134]

User Layer of Cloud Gaming Services

There is the user layer of cloud gaming services, which is also a link that is often overlooked in
the cloud gaming service architecture. Although cloud gaming processing and rendering all rely
on the cloud game rendering server, the client still needs to decode the received streaming video.
The user-side decoding speed and secondary rendering efficiency determine the smoothness of
the user-side game. For example, PlayStation Portal is a client device uniquely customised by
Sony for the PlayStation cloud gaming experience. Compared with previous traditional client
devices, it can play cloud games from PlayStation more smoothly. In addition, the user-side
input mechanism is also critical to the quality of cloud gaming services. Whether users choose
a keyboard, mouse, controller, or touchscreen device as a game controller, these input devices’
response speed and accuracy determine the immediacy of cloud gaming services. Collecting
input data with minimal delay and sending it to the cloud game server is also essential in
improving the quality of cloud game services. [14] Finally, in order to ensure the real-time nature
of cloud games, audio and video synchronisation on the client side is also crucial. In addition
to using today’s buffering technology, some cloud game clients use pre-caching technology to
preload part of the audio and video content to the user in advance to improve the cloud game
service quality experience further.

Combining the above cloud game service architecture, we can find that today’s cloud game
services have developed into a service model that closely integrates multiple system architectures,
software, and hardware. In addition to further improving the smoothness of cloud gaming
services, reducing the operating costs of users and cloud gaming service providers has also

become the core content of cloud gaming development.

2.2.3 Strengths and Limitations

The advent of cloud gaming services has brought significant advancements to the gaming
industry. [122] However, these services are still in their early stages, with several challenges that
need to be addressed. In this analysis, we will delve into the advantages and disadvantages of

cloud gaming services, shedding light on their current state and future potential.

Strengths

First, for users, cloud gaming services are highly accessible, and users can access high-
definition game content at any time without being limited by hardware devices. At present, many
large-scale games still require players’ high-end devices. In order to experience the full content

of such games, most players need to purchase expensive hardware to support the operation of
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these games. The current mainstream processors and graphics cards are updated every two years,
which places significant financial pressure on users. In addition, more high-end hardware can
only be used on PCs, and more mobile phones and laptops are needed to meet the hardware
standards of high-definition games. The emergence of cloud gaming services can address these
issues effectively. Users can play games anytime and anywhere through the Internet without
being restricted by hardware. At the same time, users can also play games on various operating
devices, such as TVs and mobile phones, and achieve seamless switching, completely unaffected
by hardware restrictions. Second, with the increase in hardware requirements for traditional
games and the improvement of picture quality, the storage space occupied by traditional games
is also increasing sharply. [150] Currently, the average size of mainstream large-scale games is
about 100GB, and some games have reached 200-300GB due to a lack of optimisation. This
means that users still need 30 minutes to 1 hour to download and install games under extremely
high network conditions, and it will also take up a lot of hard disk space for users. For areas
with poor network environments, users may wait a day or even longer to download and install.
Cloud games perfectly eliminate these obstacles. Cloud game service updates are uniformly
managed by the server side, which can always ensure that users have the latest version. Users can
directly start the game without waiting, enhancing the immediacy of user games and improving
the quality of user experience. In addition to providing users with a more immediate experience,
cloud game services can optimise transmission quality through algorithms and dynamically
adjust users’ visual and auditory experience, which is also one of the specific contents discussed
in this study. [124] Finally, cloud game services benefit from the community nature of online
game service platforms and their advantages, such as not being restricted by space, which can
bring users a better social experience. Users can watch friends’ game sessions in real-time from
the first-person perspective through the platform, share game content, and even operate at the
same time and join friends’ ongoing games anytime and anywhere. In addition, in some countries,
Internet cafe culture is very popular, and some users meet in Internet cafes to play games together.
Cloud gaming services can bring a better gaming experience to these users because there are
no device restrictions, users can choose more diverse places for game gatherings, and the user’s
gaming experience can be enhanced.

For game developers, cloud gaming services also bring new content to game design and
development. First, because cloud gaming reduces the restrictions on hardware requirements,
game developers can develop more complex and content-intensive large-scale games. Games
can have higher-quality graphics content and more complex physical simulation calculations and
no longer worry about the performance of users’ devices. In addition, game developers no longer
have to worry about compatibility issues in the development of cloud games. Cloud gaming
services are all deployed on cloud servers. A game can be easily compatible with different
operating systems and device environments, and developers no longer need to perform special
optimisations for individual systems, which can significantly reduce development costs and
time. At the same time, in cloud gaming services, all game updates and maintenance will be

completed on the cloud gaming server, and all game data will be stored on the cloud server. This
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can effectively reduce the cost incurred by game developers when updating, and developers
can better control the access and distribution of games, reducing game piracy. [9] Moreover,
cloud game services can implement a rolling update mechanism through the virtualisation
technology of cloud game servers. Under the premise that the game service is not suspended,
different game servers can be updated in batches to achieve an uninterrupted and non-stop
update mechanism. Regarding game anti-cheating, game developers can deploy all content
on the server side, and user devices are only used to receive and send operation instructions.
On the server side, game developers can carefully analyse and supervise all data in real-time,
thereby effectively controlling the generation of game cheating. At the same time, because all
game data is deployed in the cloud, cheating programs cannot modify game files and storage
data, significantly increasing the difficulty of developing traditional cheating programs, which
effectively eliminates game cheating. At the same time, game developers can also better monitor
user in-game purchases. In traditional game services, false transactions, credit card fraud, etc.,
have been essential problems in in-game purchase services in recent years. Thanks to the
high inheritance of cloud services and the application of related blockchain technology, all
transactions and in-game purchase services are traceable in cloud game services, which can
effectively prevent risks such as transaction data leakage and transaction fraud. [65] Finally,
cloud game services can also better expand the market scope of game developers. With the
application of cloud gaming services, eliminating device and geographical restrictions can enable
more users to access high-quality games. Through the game community features of online cloud
gaming service platforms, game developers can more easily promote their works, provide more
trial and marketing content, attract more users, and improve purchase conversion rates. Game
developers can also collect more accurate player behaviour data, optimise game content, and

give players a better gaming experience.

Limitations

The previous section shows that cloud gaming services have brought revolutionary innova-
tions to the gaming industry. However, because cloud gaming services are still an emerging field,
many challenges remain.

First, for users, the core requirement of cloud gaming services is a stable and high-speed
Internet connection. When the network connection is unstable or the bandwidth is insufficient,
the video compression rate will increase, and the quality of the game screen received by users
will be significantly reduced because the core of the cloud gaming service uses streamed video
technology. At the same time, players will suffer from all the problems of traditional online
games, such as delays and connection interruptions. In addition, because cloud gaming servers
may be deployed in multiple regions, the physical distance between users and cloud gaming
servers is sometimes very far. [104] This also leads to increased latency in cloud gaming services,
especially for games requiring fast response, such as first-person shooters or racing simulation
games; the user experience will be significantly reduced. When users need to play cloud games

on mobile networks, the cost of mobile network traffic will also become an issue that needs
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attention. Because cloud gaming services are based on streaming technology, and most games
require high-resolution and high-bitrate streaming video transmission, users will consume data,
increasing the cost of using cloud gaming services. Since the streaming compression technology
currently used by cloud gaming services does not optimise the cloud gaming services themselves,
and the compression technologies of different platforms are different, the compatibility of cloud
gaming services is limited by traditional streaming compression technology, which causes certain
troubles for users. In addition to user network costs, game purchase and ownership issues
are points that need attention in cloud gaming services. Most cloud gaming services adopt a
subscription access system. Users do not own a copy of the game. [1] When users no longer
want to use cloud gaming services or need to change cloud gaming service providers, the original
games will be removed from the user’s game library, and users will lose access to the games,
causing certain troubles. In addition, since the current cost of cloud gaming services is still high,
the pricing of cloud gaming services for users is also high, and long-term subscriptions to cloud
gaming services have become a considerable expense for users. For some users who often play
small games, the final cost may be greater than the investment in hardware equipment. Finally,
due to the architecture of cloud gaming services, a large amount of user game data and operation
data will be transmitted to cloud storage in real-time. The security and privacy of cloud data are
also important issues. Suppose the security measures of cloud gaming service providers are not
sufficient. In that case, user data is very likely to be leaked, causing some users to worry about
the personal privacy issues of cloud gaming services.

For cloud game operators and developers, there are still many issues that need to be solved
in cloud game service technology. First, the initial investment cost of cloud game services is
often very high, including purchasing and constructing large high-performance server clusters,
leasing network facilities and equipment maintenance, which is impossible for some small game
content providers. Therefore, the current cloud game service providers are all large enterprises,
which has also reduced industry competitiveness and could be more conducive to the long-term
development of cloud game services. In addition to the basic investment in server hardware
equipment, network costs are a significant problem for cloud game services. [118] Both large
service providers and small start-ups face this problem. Because cloud game services need to
establish server clusters within a certain physical distance from the user group to ensure that the
user’s physical delay is within an acceptable range, cloud game services need to deploy their
server clusters in various places around the world, and find corresponding network providers in
different countries and regions to provide network bandwidth for cloud game services. Therefore,
the subsequent maintenance costs of cloud game services are still very high. In addition, due
to policy differences in various countries and regions, deploying cloud game services globally
and providing consistent services has become more complex. Similarly, different countries and
regions have different policies on game content, and specific games also involve different agent
distributors in different regions. Therefore, cloud gaming service providers need to spend more
time and money to deal with the issue of game copyright. Finally, due to the great volatility of

demand for cloud gaming services, service providers need many cloud computing resources to
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allocate server loads to cope with user access during peak periods. [157] When the game version
is updated or a new game is released, the number of users accessing the cloud gaming server
may be several times the usual number, and the bandwidth pressure will increase simultaneously.
How to achieve elastic allocation and load balancing of servers and bandwidth is an important
issue facing current cloud gaming services.

Taking Google Stadia as an example, the Stadia service platform can bring users extremely
low latency and high-quality game video images. However, the Stadia service also relies on
Google’s large number of data centres and cloud service facilities worldwide. These hardware
foundations guarantee an excellent user experience, but this also brings huge network and server
costs to Google. Although the top price of Google Stadia is already at a high level, it still
cannot achieve a balance between income and expenditure for cloud gaming services. Ultimately,
Google Stadia completely shut down its cloud gaming service in 2023. Amazon Luna is another
example, which relies on a wide range of AWS cloud service infrastructure due to the high
scalability of AWS cloud services. Amazon can effectively expand or shrink its cloud gaming
service deployment according to the number of users. However, this scalability often comes
at a high cost, and in order to meet the peak traffic period when the game is released, other
services may be sacrificed to meet the needs of cloud gaming services. At the same time, because
Amazon is not a traditional game service provider, Amazon has no game content foundation, and
finding cloud games that can be transplanted has become one of its main difficulties. Amazon
tried to create its game team to create a new game for cloud gaming services, but due to the lack
of technical and experience support, users did not support this project, and Amazon eventually
stopped the development of native cloud games based on cloud gaming services. Microsoft
xCloud can still provide users with stable cloud gaming services thanks to the advantages of the
Microsoft Azure cloud platform. At the same time, based on the fact that Microsoft currently
has a large number of game development studios, it has improved the stable content guarantee
for its cloud gaming platform. NVIDIA GeForce NOW cloud gaming service relies on efficient
server performance. [123] Thanks to its excellent GPU processors and large Al server hardware,
NVIDIA has a large advantage in hardware costs and can provide smooth cloud gaming services
for players in some regions. In addition to these two traditional cloud gaming service providers,
Netflix has started deploying its cloud gaming services. Because the core of cloud gaming
services is still streaming video technology, as the best streaming video provider, Netflix has
very advanced dynamic compression technology and is further optimising dynamic compression
technology through video quality parameters, which brings potential advantages for Netflix to
reduce the operating costs of cloud gaming services.

Through the above cases and analysis, we can find that the main problems currently faced by
cloud gaming services are all related to network and service costs. [105] How to dynamically
adjust the quality of cloud gaming streaming video content received by users under limited
network resources so as to enhance the user’s Quality of Experience while reducing service costs
has become the main problem in the development of cloud gaming services. The following

research in this thesis also aims to provide an innovative solution to this problem.



2.3 Streamed Video 17

2.3 Streamed Video

2.3.1 Current Development

Streaming video technology, also known as streamed video, is a highly efficient technology
that enables users to receive and play video content in real-time. This process eliminates the need
to download the entire video file, significantly reducing waiting time and enhancing the user
experience. Currently, streaming video is extensively utilised on major online video platforms

and some IPTV. Streaming video technology can divide large videos into many small video
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data packets and send these data packets directly to users through the network while processing
the original video. The user end will immediately process these data packets and decode the
video, thus realising the concept of immediate playback without receiving all the video content.
Among them, video encoding compression, data packet segmentation and adaptive bit rate
streaming are the core contents of this technology. Many factors in today’s network environment
affect the user’s bandwidth and network quality. [S0] Compressing and encoding the original
video content can significantly reduce the data volume, thereby optimising the transmission
efficiency. The commonly used streaming video encoding formats are H.264, H.265 (HEVC),
VP9, etc. [135] These formats can effectively guarantee video quality and reduce data volume.
By compressing and encoding the original video, the video server can divide the data into many

small segments, usually in seconds, to better follow the changes in the network environment for
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data transmission and reduce the waiting time of users. [3] Finally, the emergence of adaptive
bitrate streaming technology has solved the problem of network fluctuations very well. This
technology allows players to select pre-processed videos of different qualities according to users’
network conditions. When the user’s network fluctuates and the conditions are poor, the player
usually automatically reduces the video quality to avoid the interruption caused by the user
waiting for the video to load, thereby effectively improving the user experience.

In addition to the above three key technologies, the transmission protocol of streaming video
is also very critical. Different network transmission protocols can ensure that data packets are
effectively and losslessly transmitted. The first is the HTTP Live Streaming (HLS) protocol,
the most widely used one. [48] Apple developed this protocol and supports adaptive bitrate
streaming technology. It can be very well applied to multiple devices and complex network
environments. Dynamic Adaptive Streaming over HTTP (DASH) is an open standard known
as MPEG-DASH. [8] It also supports adaptive bitrate streaming technology. [12] In addition,
the DASH protocol also allows data to be received from multiple sources simultaneously, which
can more effectively buffer video package files for users. In addition to the two protocols
mentioned above, the Real-Time Messaging Protocol (RTMP) is used on many live broadcasts
and video platforms. Macro-media originally developed RTMP, which has the characteristics
of low latency. However, due to the widespread use of HLS and DASH, most video servers no
longer use RTMP. For example, Netflix, the world’s largest streaming video service provider,
mainly uses Dynamic Adaptive Streaming over HTTP (MPEG-DASH) protocol, combined with
ABR (Adaptive Bitrate), to give users the best online viewing experience for video. [146]

Netflix currently uses two main encoding formats, VP9 and H.265 (HEVC). The VP9 format
is well known for its high compatibility. This format can run well on different devices, operating
systems, and browsers. It can effectively improve bandwidth efficiency and perform low-bitrate,
high-quality video transmission in a limited network environment. H.265 is aimed at handling a
large number of high-definition resources. H.265 is based on the H.264 encoding and has a more
innovative compression algorithm. [44] It can efficiently and quickly process 4K high-definition
video resources, but it also has high requirements for user device hardware. In addition to the
encoding format, the distribution network used by Netflix is the key to its ability to provide a
high-quality video viewing experience. Netflix’s self-built content delivery network (CDN) is
also known as Open Connect. Open Connect is designed to store and deliver Netflix’s entire
video library. It allows Netflix to deploy streaming video content separately to servers closer to
the user’s geographic location. By selecting the server based on the network environment and
geographic location, users can always obtain video content with low latency, high speed, and high
quality. This technology is also the core of Netflix’s ability to provide high-quality streaming
video services worldwide. At the same time, Netflix user clients can dynamically adjust the
buffer size to adapt to the different network environments in which user devices may be used
and optimise playback decoding efficiency. On the server side, Netflix will also pre-encode each
video content in multiple qualities so that users can quickly obtain the required video version on

various devices or network environments. Finally, Netflix also actively uses machine learning
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and big data to analyse users’ streaming video viewing experience. By responding to the analysis
of video content and video quality to improve video encoding, the quality of user video viewing
is ensured, and the video quality parameter indicator of Video Multimethod Assessment Fusion
(VMAPF) is proposed.

2.3.2 Adaptive Bitrate Streaming(ABR)

Adaptive Bitrate Streaming (ABR) is a crucial technology optimising video streaming
experience. [136] Its core principle involves dynamically adjusting the quality of the video
stream based on the user’s current network environment through the selection algorithms of
different clients, thereby reducing buffering time and enhancing the viewing experience for users.

Initially, video content is encoded at various bitrates on the server side, with each version
having different resolutions and bitrates to cater to the network conditions of different users.
[35] These versions are typically segmented into many fragments, each lasting a few seconds, in
preparation for dynamic adaptation to the user’s network environment. The player dynamically
chooses the most suitable video stream bitrate based on the client’s selection algorithm. When
a decrease in network bandwidth is detected, the client lowers the video quality by selecting
lower-quality segments for transmission to avoid buffering wait time. Conversely, when the
network environment improves, the client selects higher-quality video segments to enhance
the user experience. Importantly, some clients also adapt based on user Quality of Experience

feedback, effectively saving bandwidth and improving the experience.
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Currently, the core algorithms of ABR technology include the following, each implemented in
various streaming video services. The Buffer-Based Algorithm monitors and maintains the data
volume in the client’s buffer to determine bitrate selection. When the buffer data volume is high,
the algorithm prioritises a higher bitrate, suggesting that the network can support a higher data
transmission rate. Conversely, when the buffer data volume is low, the algorithm immediately
lowers the bitrate to prevent video playback interruption due to buffering. The Buffer-Based
Algorithm is one of the simplest ABR algorithms, but it lacks responsiveness to fluctuations in
network bandwidth and is not the optimal choice for video quality. [10] The Throughput-Based

Algorithm measures the average rate of video segment downloads over a past duration. This
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algorithm first monitors the time required to download different video segments to determine
the average rate reflecting the current network conditions. Based on the average rate under the
current network, it dynamically selects the most suitable video quality and bitrate parameters for
transmission. This algorithm can accurately predict short-term changes in network conditions,
thereby making more precise bitrate adjustments. The Hybrid Algorithm combines the features
of the above two algorithms; it can predict the average rate of video segment downloads in the
current network environment through the Throughput-Based Algorithm and also control the
buffer size through the Buffer-Based Algorithm to prevent play interruptions due to insufficient
buffering. This mixed algorithm effectively balances video quality and smoothness, thus widely
used in many streaming video platforms. [58] However, the Rule-Based Algorithm is widely
used on some older or simpler platforms. This highly programmed algorithm uses if-then rules to
assess and select the appropriate bitrate. Establishing thresholds for buffering time, bitrate, and
download speed adjusts the quality selection of video segments. This algorithm can be applied
on most devices and is convenient for debugging, but it is not as flexible as other algorithms.
Finally, with the advancement of machine learning technology, many mainstream streaming
video platforms like Netflix have started using machine learning-based ABR algorithms. [7]
Typically, by learning extensively from historical data about the relationship between user habits,
video quality characteristics, and network conditions, those platforms make more effective
predictions, thereby providing users with the best viewing experience.

From the characteristics of ABR technology discussed, it is evident that not all existing
streaming video platforms consider the impact of user interactive behaviour. [34] This is because
information transmission in traditional videos is unidirectional, and users do not need to provide
feedback on the video content. However, cloud gaming services feature real-time interaction.
Therefore, this research proposal aims to leverage machine learning ABR algorithms to establish
the relationship between video quality in cloud gaming streams and user interaction data. The

ultimate goal is to enhance the quality of cloud gaming services.

2.3.3 Recurrent Neural Networks (RNNs) in Adaptive Bitrate Streaming

Recurrent Neural Networks (RNNs) represent a category of artificial neural networks en-
gineered for the identification of patterns in data sequences. They achieve this through the
incorporation of loops within their architectural framework, allowing information retention over
time. This "memory" capability permits RNNs to take into account antecedent inputs during the
processing of new data, rendering them particularly efficacious for the analysis of time-series
data and tasks wherein context and temporal dynamics hold significant importance.

Within the realm of Adaptive Bitrate (ABR) streaming, particularly pertaining to cloud
gaming, Recurrent Neural Networks (RNNs) demonstrate significant utility due to their capacity
to model and forecast temporal dependencies within network conditions and user interactions.
Cloud gaming environments are marked by rapidly fluctuating network bandwidth and latency,
coupled with dynamic user inputs such as keyboard and mouse actions. RNNs leverage historical

data on network performance and user behaviour to predict future network states and resource
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requirements. This predictive proficiency enables ABR algorithms to proactively adapt video
bitrate and encoding parameters, thereby ensuring optimal streaming quality and mitigating
issues such as buffering and latency. [99] By forecasting alterations in network conditions and
user activity, RNN-based ABR systems can consistently uphold high video quality, thus offering
a more seamless and responsive gaming experience.

Numerous research efforts have demonstrated the effective use of Recurrent Neural Networks
(RNNs) in enhancing Adaptive Bitrate (ABR) algorithms for video streaming applications by
leveraging their ability to model temporal dependencies and predict future network conditions,
which is critical for optimising bitrate decisions and improving streaming quality; for example,
Hongzi Mao introduced Pensieve, a system that utilises deep reinforcement learning with RNNs
to automatically learn optimal ABR algorithms by training a neural network to make bitrate
decisions based on observations of past network conditions, resulting in improved Quality of
Experience (QoE) metrics compared to traditional rule-based methods; [73] similarly, research
by Souane Naima demonstrated that integrating RNNs enhances the accuracy of bandwidth
prediction and improves overall streaming performance; Huaizheng Zhang proposed DeepQoE,
utilising RNNs to predict QoE in real-time for adaptive video streaming by capturing temporal
variations in streaming data and network conditions, thereby guiding ABR algorithms to make
more informed bitrate adaptation decisions; [84] these studies underscore the significant role of
RNNSs in advancing ABR strategies by effectively modelling the temporal dynamics of network
conditions and user interactions, ultimately enhancing streaming quality and user experience in
cloud gaming and other real-time video applications. [156]

In this thesis, we used NARX as our main research model. Comparing Non-linear Au-
toRegressive models with eXogenous inputs (NARX) to traditional Recurrent Neural Networks
(RNNs) in Adaptive Bitrate (ABR) streaming reveals several advantages that make NARX
models particularly suitable for cloud gaming applications; while both models handle sequential
data, NARX models explicitly incorporate past output values and exogenous inputs—such as
network conditions and user interactions—directly into their predictions, allowing for a more
comprehensive and accurate modelling of the factors affecting video quality; this explicit in-
clusion enables NARX models to learn the influence of external factors on video quality more
effectively than traditional RNNs, which may not distinguish exogenous inputs as distinctly; [15]
moreover, NARX models capture long-term dependencies through delayed inputs and outputs
without the complexities associated with training deep RNNs, such as vanishing gradients; [40]
their ability to model complex non-linear relationships and avoid training difficulties makes them
advantageous for ABR algorithms, where accurately predicting network fluctuations and user
behaviour is critical for optimising video quality and reducing latency; [61] therefore, using
NARX models in ABR streaming enhances video quality predictions, leading to better bitrate
adaptation decisions, optimised resource utilisation, and an improved user experience in cloud

gaming environments.
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2.4 YVideo Quality Evaluation

To significantly enhance the quality of cloud gaming services, reduce the cost of such services,
and most importantly, to elevate the Quality of Experience for users, the establishment of suitable
evaluation metrics is not just crucial, but paramount. [62] The very essence of current cloud
gaming services is rooted in streaming media video services; hence, the quality evaluation
metrics for streaming media video have rightfully become a focal point of interest. [110]

The assessment of streaming media video quality encompasses a variety of metrics and
methods. It involves numerous objective evaluation methods and parameters and should also
consider users’ subjective experience index. Subjectively, the number of buffering events is the
most critical factor in the subjective experience index. [59] Frequent video buffering significantly
degrades the user experience, affecting the subjective experience index. Additionally, playback
smoothness is a key measure of subjective experience, where issues such as stuttering and latency
directly impact the viewing experience. Similarly, playback start delay significantly affects
user satisfaction with streaming video playback. Regarding content, viewing depth and user
drop rate also impact the quality rating of streaming media video services. [67] However, these
factors do not apply to cloud gaming services. On the objective front, metrics such as video
quality switching frequency, average video quality, bandwidth usage efficiency, repeat buffering
times, and error rate form the main content of the evaluation system. Video quality switching
frequency can effectively observe the rationality of streaming video service algorithms. Average
video quality can be deduced from average bitrate and resolution, directly affecting the viewing
experience. [141] Lastly, bandwidth usage efficiency measures the consumption of network
resources, thereby assessing the quality of cloud-streaming video services and potential resource
wastage.

From the above assessment, it becomes evident that streaming video quality evaluation
metrics encompass both strong objective content and substantial subjective content. The final
evaluation method requires a multi-faceted and multi-methodological analysis, presenting a
complex yet exciting challenge for our industry.

First, subjective evaluation methods rely on the direct feelings and ratings of viewers, typically
obtained through user testing with video samples. Standard subjective evaluation systems include
the Mean Opinion Score (MOS), Double-Stimulus Continuous Quality Scale (DSCQS), and
Single-Stimulus (SS) scoring.

Mean Opinion Score (MOS): The MOS is a widely used subjective method for assessing video
quality. In this approach, users watch multiple streaming video samples in a test environment
and rate the quality of each sample based on their subjective feelings. [36] Service providers
usually design these ratings in a numerical grade format for users to select from, culminating
in an aggregated average score representing the MOS for video quality. [132] This method can
intuitively represent user preferences and perceptions and is quick and convenient. However, due
to variations in user preferences, a large sample size is necessary to ensure accuracy, and ratings

can be influenced by video content and other factors. [126]
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Double-Stimulus Continuous Quality Scale (DSCQS): In this method, users watch two test
samples—a processed streaming video and the original video file. After making comparisons,
users rate the two samples, effectively reducing the subjective impact caused by video content.
However, getting a large number of users to watch original video files is challenging.

Single-Stimulus (SS): In this method, users watch only one streaming video sample instead
of comparing two or more samples. Thus, their ratings are also based on a standardised grading
system. This method is simple, quick, and suitable for a wide range of assessment samples, but
it is the least reliable due to the subjective nature of individual user perceptions.

From these methods, it is clear that subjective evaluation systems, often influenced by user
sensations, yield only a few regular results, making them less helpful for predicting video quality
in cloud gaming. Objective video quality evaluation models, which rely on video parameter
information, graphical structure, and compression rate, reflect regular changes in video quality.
[82] Typically, objective video quality models are categorised into three types: Full-Reference
(FR), No-Reference (NR), and Reduced-Reference (RR).

2.4.1 No-Reference (NR) Model

NR models do not depend on original or unprocessed reference videos and are primarily
used in scenarios where original videos are unavailable. BRISQUE (Blind/Referenceless Image
Spatial Quality Evaluator) is a frequently used NR model that employs Natural Scene Statistics
(NSS) to assess image quality.

Initially, images are segmented into many small blocks, and each block is locally normalised
to zero mean and unit variance to eliminate the effects of lighting and contrast. [79] The model
then extracts features from the normalised image blocks, involving statistics such as pixel
intensity, skewness, and kurtosis of pixel distribution. [117] These statistical values reflect the
naturalness and distortion of the image. These data are then trained using machine learning
models like Support Vector Machines, yielding a good prediction of the current video quality
score. [152] Video-BLIINDS (Blind/Referenceless Image and Video Integrity Evaluation using
Natural Scene Statistics) is also an NR video quality evaluation model based on NSS theory,
commonly used to predict the visual quality of videos degraded by compression, transmission
errors, frame rate changes, etc. [66] The model initially extracts natural scene statistical features
from video frames, such as pixel intensity distribution in local areas, and analyses motion
consistency and temporal stability between frames, thereby assessing jitters, blurs, or other
temporal distortions in the video.

These feature values are input into machine learning models like Support Vector Machines
for training, eventually determining the current video visual quality score. [115] [128] Video-
BLIINDS is typically suitable for scenarios requiring automatic video quality monitoring, such
as Content Delivery Networks (CDNs), which were mentioned in the previous section. However,

its accuracy and robustness may be limited for complex or uncommon distortion types.
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2.4.2 Full-Reference (FR) Model

FR models necessitate access to both the original undistorted video and the distorted version
to evaluate quality by direct comparison. These models are prevalent when the reference video is
available, enabling precise quantification of degradation introduced by processing, compression,
or transmission. [139] FR models operate under the assumption that any deviation from the
reference video signifies a loss in quality, and thus, they aim to measure these discrepancies
accurately.

One of the most fundamental FR metrics is the Peak Signal-to-Noise Ratio (PSNR), which
computes the logarithmic ratio between the maximum possible pixel value and the mean squared
error between the reference and distorted images. [94] Although PSNR is simple and compu-
tationally efficient, it often correlates poorly with perceived visual quality because it does not
account for the characteristics of the human visual system (HVS). [54] PSNR treats all pixel
differences equally, disregarding the fact that humans are more sensitive to certain types of
distortions than others.

To address the limitations of PSNR, the Structural Similarity Index (SSIM) was introduced
as an FR model that aligns more closely with human perception by considering luminance,
contrast, and structural information. [137] SSIM operates by sliding a window over the images
and computing local statistics, providing a measure of structural distortion that correlates better
with subjective visual assessments. [83] It assumes that the HVS is highly adapted to extract
structural information from visual scenes, making it more sensitive to structural changes than to
absolute luminance errors.

Further advancements in FR models led to the development of the Video Quality Model
(VQM), which incorporates spatio-temporal features and models the HVS to predict perceived
video quality more accurately. [92] VQM analyses changes in features such as edges, motion, and
colour to assess the impact of distortions on visual perception. It quantifies video impairments
by comparing features extracted from the reference and distorted videos, considering factors like
blurring, noise, and jerkiness.

Another notable FR metric is the Video Multimethod Assessment Fusion (VMAF), developed
by Netflix. VMAF combines multiple quality metrics using machine learning techniques to
predict video quality as perceived by end-users. [16] It utilises features from several basic
quality metrics, such as Detail Loss Metric (DLM) and Visual Information Fidelity (VIF), and
employs a Support Vector Machine (SVM) regressor to model the complex relationship between
objective features and subjective quality scores. [4] This approach enhances prediction accuracy
by capturing the nuances of human visual perception and weighting different aspects of quality
accordingly.

FR models are essential in applications where the original content is accessible, such as
codec optimisation, video processing algorithm development, and benchmarking of compression
techniques. [109] They provide a reliable assessment of video quality degradation introduced by
various processing steps. For instance, during codec development, FR models help engineers



2.4 Video Quality Evaluation 25

understand how different encoding parameters affect the perceived quality, enabling them to
make informed decisions to improve performance. [74]

However, the reliance on reference videos limits the applicability of FR models in scenarios
where the original content is unavailable, such as live streaming monitoring or user-generated
content evaluation. [142] In such cases, it is impractical or impossible to obtain the reference
video for comparison. Additionally, some FR metrics can be computationally intensive, making
them less suitable for real-time applications where processing speed is critical. The need for
significant computational resources can hinder their deployment in systems with limited hardware
capabilities or in large-scale monitoring scenarios.

Moreover, while FR models like SSIM and VMAF offer improved correlation with human
perception over traditional metrics like PSNR, they may still face challenges in accurately
predicting quality for certain types of content or distortions. [6] For example, they might not
fully capture the perceptual impact of complex temporal artefacts or fail to account for viewer
attention mechanisms that influence perceived quality. [108] Ongoing research seeks to enhance
FR models by integrating more sophisticated models of the HVS and incorporating factors such
as visual saliency and temporal masking effects.

In conclusion, FR models play a critical role in scenarios where precise measurement of
video quality degradation is required and the reference content is available. They offer valuable
insights into the performance of video processing systems and contribute to the advancement of
video quality enhancement techniques. However, their limitations necessitate the use of other
models, such as No-Reference (NR) or Reduced-Reference (RR) models, in situations where the

reference video is inaccessible or when computational efficiency is paramount.

2.4.3 Reduced-Reference (RR) Model

RR models occupy an intermediate position between Full-Reference (FR) and No-Reference
(NR) models by requiring only partial information from the original, undistorted video to assess
quality. These models are particularly advantageous in scenarios where transmitting the entire
reference video is impractical due to bandwidth constraints, yet some side information can be
shared between the sender and receiver. RR models function by extracting a compact set of
features or statistics from the reference video, which are then transmitted alongside or embedded
within the distorted video stream. At the receiver’s end, these features are compared with those
extracted from the received video to estimate the quality degradation. [17]

One prominent RR metric is the Reduced-Reference Structural Similarity Index (RR-SSIM),
which extends the concept of SSIM by utilising a subset of statistical features representing
structural information. [102] Instead of requiring the full reference image, RR-SSIM computes
features such as mean luminance, contrast, and correlation coefficients over specific sub-bands
or regions. These features are quantised and transmitted to the receiver, enabling a quality
assessment that closely approximates the FR-SSIM while significantly reducing the amount of

side information needed. [138]
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Another notable RR model is the Generalised Reduced Reference (GRR) model, which is
based on Natural Scene Statistics (NSS).[120] GRR models assume that natural images and
videos exhibit certain statistical regularities, and distortions introduce deviations from these
patterns. By transmitting key statistical parameters extracted from the reference video, the
GRR model allows the receiver to detect and quantify deviations in the received video, thereby
estimating the quality loss.

RR models often employ wavelet-based techniques to extract features that capture both spatial
and temporal information. [45] For instance, features might be derived from the coefficients of a
wavelet transform applied to the reference video frames. These coefficients represent different
frequency components, and changes in their distributions can indicate various types of distortions,
such as blurring or blocking artefacts [70] By focusing on salient features that are most sensitive
to human perception, RR models can achieve a good balance between assessment accuracy and
the overhead of side information transmission.

In practical applications, RR models are valuable for monitoring video quality in networked
environments where bandwidth is constrained, but some control over the content delivery system
is possible.[119] For example, in satellite or cable television broadcasting, the broadcaster can
embed RR features within the broadcast stream. [142] The end-user devices can then use these
features to assess the quality of the received signal and report back any significant degradation.
This feedback can be instrumental in maintaining Quality of Service (QoS) by allowing network
operators to detect and address transmission issues promptly.

RR models are also used in scalable video coding, where different layers of video quality
are transmitted, and the receiver may only receive a subset of these layers due to bandwidth
variations. [106] By transmitting RR features corresponding to different layers, the receiver can
estimate the quality of the reconstructed video even when some layers are missing, facilitating
adaptive streaming strategies that optimise user experience under varying network conditions.

Despite their advantages, RR models face challenges related to the selection and transmission
of side information. The amount of side information must be carefully managed to avoid negating
the bandwidth savings achieved by not transmitting the full reference video. Moreover, the
features selected must be robust to typical transmission errors and sufficiently informative to
enable accurate quality assessment. Designing RR models thus involves a trade-off between the
granularity of quality estimation and the overhead of feature transmission.

Another limitation is that RR models may not capture all types of distortions effectively,
especially those that affect higher-order statistics or are content-dependent. [11] For instance,
certain temporal artefacts that arise in video compression might not be fully characterised by the
transmitted features, leading to less accurate quality predictions. Additionally, the performance
of RR models can be influenced by the choice of quantisation and encoding schemes used for
the side information, which must balance precision against bandwidth constraints.

Research continues to enhance RR models by exploring advanced feature extraction methods
and machine learning techniques. [78] For example, incorporating perceptual models that

account for the Human Visual System (HVS) can improve the correlation between RR model
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predictions and subjective quality assessments. Machine learning algorithms can be trained to
map extracted features to quality scores more accurately, potentially adapting to different types
of content and distortion patterns.

In conclusion, RR models offer a practical solution for video quality assessment in scenarios
where full reference data is unavailable but limited side information can be utilised. They
provide a compromise between the comprehensive analysis of FR models and the flexibility
of NR models, making them suitable for a variety of applications in networked video services
and broadcast systems. Ongoing advancements aim to improve their accuracy, efficiency, and
applicability across diverse contexts, addressing the inherent challenges associated with feature

selection and transmission overhead.

2.4.4 Comparison of NR, RR, and FR Models

The selection among No-Reference (NR), Reduced-Reference (RR), and Full-Reference (FR)
models for video quality assessment is contingent upon the availability of the original content
and the specific demands of the application domain. NR models are advantageous in situations
where the reference video is inaccessible, as they estimate video quality solely based on the
distorted content. [81] While this makes NR models flexible and widely applicable, they often
suffer from lower accuracy due to the absence of a baseline for comparison, leading to potential
inaccuracies, especially with complex or unfamiliar distortion types. [80]

RR models bridge the gap between NR and FR models by utilising partial information from
the reference video. They extract a concise set of features or statistics from the original content,
which are then transmitted to the receiver for comparison with the distorted video. [138] RR
models offer improved accuracy over NR models while requiring less bandwidth than FR models.
However, they still necessitate the transmission of side information, which may not be feasible
in all scenarios, and selecting the most representative features without imposing significant
overhead remains a challenge.

FR models provide the most precise and exhaustive assessment of video quality by directly
comparing the distorted video with the full reference video. [137] The availability of the complete
original content allows FR models to detect even subtle differences and accurately quantify
degradation caused by compression, transmission errors, or processing artefacts. [108] This high
level of accuracy is particularly advantageous in applications where exact quality measurement
is critical.

In the context of cloud gaming, the benefits of FR models are especially pronounced. Cloud
gaming involves rendering game content on remote servers and streaming the resulting video
to players in real-time. [24] Service providers have access to both the original rendered frames
and the transmitted video stream, making FR models highly suitable for assessing the quality of
the streamed video. [46] Accurate quality assessment is essential in cloud gaming because any
degradation in video quality can significantly impact the user experience, affecting gameplay

responsiveness and visual fidelity. [56]
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FR models enable cloud gaming platforms to monitor and optimise video streaming quality
effectively. By detecting discrepancies between the original and streamed videos, service
providers can identify issues such as compression artefacts, latency-induced distortions, or
network-induced losses. [130] This information can be utilised to adjust encoding parameters,
implement error correction strategies, or adapt streaming bitrates in real-time to maintain optimal
quality.

Moreover, the precise measurements provided by FR models facilitate the fine-tuning of
video codecs and streaming protocols specifically for cloud gaming applications. Given the
interactive nature of gaming, where rapid visual changes and high frame rates are common, the
ability of FR models to capture detailed temporal and spatial distortions is crucial. [30] This
level of analysis helps ensure that the visual quality meets the stringent requirements of gamers,
who often have high expectations for performance and visual clarity.

In conclusion, while NR and RR models offer benefits in terms of flexibility and reduced data
requirements, FR models provide the most accurate and detailed assessment of video quality.
Their advantages make them particularly suitable for cloud gaming video streamed quality
analysis, where access to the original content is available, and precise quality measurement is
necessary to deliver a high-quality user experience. The utilisation of FR models in cloud gaming
ensures that service providers can maintain the visual fidelity and responsiveness that are critical

for player satisfaction.

2.4.5 Peak Signal-to-Noise Ratio (PSNR)

The Peak Signal-to-Noise Ratio, commonly known as PSNR, stands as a venerable metric
in digital image and video quality assessment. At its essence, PSNR quantifies the difference
between a reference image or video frame (typically the original, uncompressed version) and a
distorted version, often resulting from compression or transmission errors. [107]

Mathematically, PSNR is defined in terms of the Mean Squared Error (MSE) between the
reference and the distorted image. MSE represents the average squared difference between
corresponding pixels in the two images. [90] The formula for PSNR, given in decibels (dB), is:

2.1

MAX?2
PSNR = 10xlog;, ( )

MSE
Where:

* MAX is the maximum possible pixel value of the image. For an 8-bit greyscale image,
this value 1s 255.

* MSE is the mean squared error between the reference and distorted images.

The logarithmic scale in the formula ensures that the PSNR value captures a wide range of error
magnitudes. [71] Higher PSNR values indicate better quality, as the noise or error is lower than

the peak signal.
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While PSNR is revered for its simplicity and ease of computation, it is not without nuances.
One of the primary criticisms of PSNR is its occasional misalignment with human visual percep-
tion. [55] For instance, two images with similar PSNR values might be perceived differently in
terms of quality by a human observer. [26] This discrepancy arises because PSNR is a purely
mathematical metric without considerations related to human visual system characteristics.

PSNR has been a staple for codec evaluation and development in video compression. Engi-
neers and researchers often plot rate-distortion curves, where the bit rate (indicative of compres-
sion) is plotted against PSNR values. [111] Such curves provide insights into the efficiency of

compression algorithms, revealing the trade-off between bit rate and perceived quality.

2.4.6 Structural Similarity Index (SSIM)

The Structural Similarity Index, or SSIM, emerged as a response to the limitations of
traditional error-based metrics like PSNR. [98] Recognising that human perception of image
quality is inherently linked to structural information, SSIM was designed to provide a more
perceptually relevant measure of image similarity. [121] It captures luminance, contrast, and
structure, three fundamental components that significantly influence our perception of visual
quality. [148] The Structural Similarity Index (SSIM) for two windows, x and y, of an image is
defined as:

(zluxluy + Cl)(zo-xy + CZ)
(U2 +p3+Cr) (o2 +03+Cr)

SSIM(x, y) = (2.2)

Where:

* u, and u, are the average of x and y respectively.

» o2 and O'y2 are the variances of x and y respectively.

* Oy, is the covariance of x and y.

* C; and C; are constants to avoid instability when the denominators are close to zero.

The brilliance of SSIM lies in its ability to separately assess the luminance, contrast, and
structural similarities and then combine them into a comprehensive measure. [93] [160] This
multi-faceted approach ensures that even if two images are pixel-wise different, they might still
be deemed similar if they share structural patterns, luminance, and contrast characteristics that
align with human visual perception. [158]

In practical applications, SSIM has been found to be widespread in image and video com-
pression evaluation, watermarking, and transmission error analysis. [28] Its perceptual relevance
makes it particularly valuable for assessing the performance of codecs and compression algo-
rithms, especially when the goal is to optimise for human viewership. [101]

However, like all metrics, SSIM has its challenges. While it offers a more perceptually

aligned measure than PSNR, it is computationally more intensive. [77] Furthermore, while SSIM
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captures many aspects of human visual perception, it does not encapsulate all nuances, leading

researchers to develop variants and extensions to further align with human perception.

2.4.7 Video Quality Metric (VQM)

The Video Quality Metric, often abbreviated as VQM, is a testament to the continuous pursuit
of more refined and perceptually relevant video quality measures. Born out of the need to capture
a broader spectrum of distortions in video sequences, VQM offers a comprehensive assessment
beyond traditional error-based metrics. VQM is distinct in its approach. [60] Instead of solely
focusing on pixel-wise differences, it considers spatial, temporal, and chromatic distortions. This
multi-dimensional assessment ensures that VQM captures various artefacts, from blurring and
noise to ghosting and colour inaccuracies.

The computation of VQM involves several stages. Initially, both the reference and test videos
undergo a series of pre-processing steps, including spatial and temporal alignment. This ensures
that the videos are perfectly synchronised for subsequent analysis. Following this, perceptual
models are applied to extract features from the videos. These features capture various aspects of
video quality, including sharpness, motion, and colour fidelity. Once the features are extracted,
they are combined using a calibration model to produce the final VQM score. This score typically
ranges between 0 and 1, with 0 indicating no perceptible difference between the reference and
test videos and 1 indicating maximal perceptual difference.

One of the standout attributes of VQM is its ability to operate in a "no-reference" mode.
While many quality metrics require a pristine reference video for comparison, VQM can provide
quality assessments even when a reference is unavailable. This capability is precious in real-
world scenarios where the original, uncompressed video might not be accessible. In practical
applications, VQM has found favour in a myriad of domains. Broadcasters use it to assess the
quality of transmitted video content, ensuring viewers receive a high-quality viewing experience.
Streaming platforms employ VQM to optimise compression settings, balancing bandwidth
constraints with perceptual quality. Additionally, researchers leverage VQM to evaluate the
performance of new video codecs and transmission protocols.

However, as with all metrics, VQM has its challenges. Its computation can be more intensive
than straightforward metrics, making real-time assessments challenging in specific scenarios.
[140] Moreover, while VQM captures a broad spectrum of distortions, no single metric can

encapsulate all nuances of human visual perception.

2.5 Video Multimethod Assessment Fusion (VMAF)

The Video Multimethod Assessment Fusion, VMAF, emerged as a beacon in video quality
metrics. Developed by Netflix, VMAF was conceived to address the evolving challenges of
delivering high-quality streaming content to a diverse global audience with varying network
conditions. VMAF distinguishes itself by fusing multiple elementary quality metrics into a

singular score that aims to align closely with human visual perception. Instead of relying on a
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single method to gauge quality, VMAF taps into the strengths of multiple algorithms, thereby
offering a more holistic and robust assessment of video quality. [127] The computation of
VMAF involves several intricate steps. Initially, both the reference and test videos are subjected
to a series of quality metrics, each capturing different aspects of video quality. [100] These
can include metrics that assess spatial distortions, temporal inconsistencies, and even ringing
artefacts. Once these elementary scores are computed, they are combined using a machine-
learning model trained on a vast dataset of human-rated video samples. This fusion of metrics,
guided by human-rated scores, ensures that VMAF captures a wide array of perceptual artefacts.
Moreover, the machine-learning backbone allows VMAF to be adaptive. As more human-rated
data becomes available, the model can be refined and updated, ensuring that VMAF remains
attuned to evolving perceptions of video quality.

In practical applications, VMAF has become a cornerstone for streaming platforms, especially
Netflix. Given its genesis at Netflix, VMAF was tailored to assess the quality of compressed
video content, making it particularly relevant for streaming scenarios. Engineers leverage VMAF
scores to fine-tune encoding settings, ensuring viewers receive optimal video quality for their
specific bandwidth conditions. [131] However, VMAF, like all metrics, is not an absolute
measure. While it offers a comprehensive assessment of video quality, it is essential to interpret
its scores in context. [41] A higher VMAF score indicates that the perceptual quality will be
better, but the difference between scores is not always linearly related to perceptual differences.

Moreover, while VMAF captures many nuances of human visual perception, certain artefacts
or scenarios require complementary metrics for a complete assessment. VMAF, with its unique
fusion of multiple quality metrics and machine learning, offers many advantages that make it
particularly appealing for video quality assessment. One of the standout attributes of VMAF is its
alignment with human visual perception. By training the model on human-rated video samples,
VMAF ensures that its scores resonate with how real viewers perceive video quality. [151] This
perceptual relevance is paramount, especially when the end goal is to optimise content for human
consumption. Furthermore, VMAF’s machine-learning backbone allows it to be continually
refined. As more human-rated data becomes available, the model can be updated, ensuring that
VMAF remains attuned to evolving perceptions of video quality. This adaptability means that
VMAF is not a static metric but one that can evolve with advancements in video technology and
shifts in viewer preferences.

Another significant advantage is VMAF’s versatility. While it was initially developed
with streaming content in mind, its applicability extends to various video applications, from
broadcasting to video conferencing. Its ability to provide meaningful scores across different video
types and content makes it a universal tool for video quality assessment. [33] Choosing VMAF for
experiments often stems from its robustness and perceptual relevance. In experimental contexts,
where the objective is to draw meaningful conclusions about video quality, VMAF provides a
reliable and perceptually aligned measure. Its scores offer insights that are both quantitatively
rigorous and qualitatively meaningful, bridging the gap between numbers and human experience.

Moreover, backing a significant streaming platform like Netflix adds to VMAF’s credibility.
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Since Netflix serves content to millions of viewers worldwide, its investment in developing and
refining VMAF underscores its importance and reliability.

In the rapidly evolving digital media landscape, streaming video quality is a pivotal corner-
stone. As cloud gaming gains traction, offering immersive experiences to players across the
globe, the importance of delivering pristine video quality becomes paramount. Cloud gaming,
inherently reliant on streamed video, demands high-quality content and consistent and lag-free
delivery. [153] Any compromise in video quality can significantly impact the gaming experience,
turning potential immersion into frustration. [159] Video quality metrics are indispensable to
ensure optimal video quality. These metrics, from traditional PSNR to more advanced measures
like VMAF, provide objective video quality assessments. They serve as compasses, guiding the
continuous optimisation of video streams and ensuring that gamers receive the best possible
visual experience.

Among the plethora of metrics available, VMAF emerges as a particularly compelling choice.
Developed by Netflix, a leader in video streaming, VMAF offers a holistic assessment of video
quality, fusing multiple elementary metrics through a machine-learning model trained on human-
rated samples. [69] Its scores resonate closely with human perception, making it especially
relevant for applications like cloud gaming, where the end viewer’s experience is paramount.
Given its perceptual relevance, adaptability, and robustness, we have chosen VMAF as our metric
of choice. Its advantages position it as an invaluable tool in our quest to understand and optimise

video quality for cloud gaming, ensuring that players receive an unparalleled gaming experience.

2.6 User Activity

2.6.1 Mouse

Mouse input in video games is as fundamental as keyboard interaction, providing precision
and enhancing player control. The mouse facilitates accurate aiming in first-person shooter (FPS)
games, efficient unit selection in real-time strategy (RTS) games, and smooth camera movement
in 3D games, effectively converting physical movements into precise in-game actions. [143] This
direct mapping enables intuitive interaction, making gameplay more engaging and immersive for
players.

The versatility of mouse input extends beyond basic pointing and clicking. The mouse wheel
provides additional functionalities, such as zooming or scrolling, while extra buttons can be
customised for frequently used actions, such as reloading or activating abilities. The ability
to customise mouse sensitivity, acceleration, and button assignments allows players to tailor
the control settings to suit their preferences, thereby optimising the gaming experience and
enhancing responsiveness.

Real-time responsiveness is critical for mouse input. Event-driven input methods are used
to ensure that in-game reactions to player actions occur without delay, which is essential for
fast-paced gaming genres. This responsiveness is instrumental in maintaining player control over

their in-game avatar and environment, contributing to a more satisfying gameplay experience.
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In addition to precision, mouse input provides valuable visual feedback to players. The
cursor may change shape or colour based on context, offering visual cues that assist players
in effectively interacting with the game environment. Such feedback helps players execute
tasks accurately and maintain a strong connection with the virtual world. Furthermore, mouse
input detection and processing involve sophisticated algorithms that guarantee smooth cursor
movement, collision detection, and responsiveness, enhancing the overall quality of interaction.

The mouse is particularly valuable for navigation and camera control in gaming. In many 3D
and strategy games, the mouse allows players to adjust their perspective by panning or tilting,
enabling them to maintain an acute awareness of their surroundings. [39] These functions are
essential for effective gameplay, as they allow players to navigate complex environments with
efficiency and precision.

Customisation features also play a significant role in enhancing accessibility. Players can
adjust mouse sensitivity, reassign buttons, and modify input behaviour according to their needs,
ensuring that games remain inclusive and enjoyable for a wide range of players. [51] This
adaptability accommodates the diverse abilities and preferences of the gaming community,
ensuring that individuals with different levels of skill and physical capability can engage fully
with the game.

In summary, mouse input serves as a crucial interface in gaming, offering accuracy, adapt-
ability, and responsiveness. By establishing a direct connection between players and the virtual
environment, mouse input enhances the immersive quality of video games, rendering them more
interactive and accessible. The combination of customisation and precision enriches the overall
player experience, making virtual worlds feel more dynamic, engaging, and responsive to player

actions.

2.6.2 Keyboard

Keyboard input is fundamental to player engagement in video games, enabling players to
execute a wide range of actions within the virtual environment. The keyboard provides extensive
control and functionality, supporting both basic operations—such as character movement—and
complex action sequences, which are essential for strategic manoeuvres or solving intricate
puzzles.

Keyboard interaction adds depth and immediacy to gameplay. Each key or key combination
is mapped to a specific in-game action, ensuring responsive interaction that closely aligns with
the player’s intentions. Context-sensitive input further enriches gameplay by allowing a single
key to serve multiple functions based on the situation, such as toggling between walking and
sprinting. [38] This versatility supports more complex game mechanics and allows for deeper
narrative integration, thereby enhancing player immersion.

Modifier keys expand the functional capabilities of the keyboard by altering the behaviour
of other keys. This feature is crucial for games that require numerous inputs, such as strategy
or simulation games, as it enables quick access to complex commands. Additionally, input

sequences and timing-sensitive actions introduce a rhythmic element to the gameplay, challenging
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players’ reflexes and adding a satisfying layer of difficulty, particularly in genres that demand
precision.

Game developers employ techniques such as polling and event-driven input to capture
keyboard interactions effectively. Event-driven input is preferred for its responsiveness, as it
allows the game to react promptly to player actions. Techniques such as buffering and debouncing
are also utilised to address the limitations of mechanical keyboards—buffering ensures that
rapid input sequences are executed in the correct order, while debouncing prevents unintended
repeated actions that may disrupt gameplay.

Customisation and remapping capabilities have become crucial elements in enhancing ac-
cessibility and personalisation within video games. By allowing players to customise control
layouts, game developers cater to diverse needs, including those of players with disabilities. This
flexibility ensures that players can interact with the game comfortably and effectively, reflecting
the industry’s commitment to inclusivity and accessibility. [125]

In conclusion, keyboard input in video games represents the intersection of technical precision
and the creative challenges inherent in game design. By leveraging responsive interactions,
context-sensitive functionality, and customisation options, developers create immersive and
accessible experiences that resonate deeply with players. These interactions allow players to
shape outcomes and explore virtual worlds through actions performed using a standard keyboard,

thereby contributing to engaging and meaningful gameplay experiences.

2.6.3 Controller

Game controller input is not merely a component of console gaming but forms the foundation
of the gaming experience, with increasing relevance in PC gaming as well. Game controllers are
not simply collections of buttons, triggers, and joysticks; they are intricately designed tools that
provide an intuitive and precise interface for interacting with games, thereby enhancing player
immersion. [96] Controllers accommodate a wide range of actions, from basic movements to
complex sequences, which makes them versatile tools suitable for a variety of game genres.

The principles of game controller input are centred on ergonomic design, with the goal
of optimising both comfort and efficiency. Each button, trigger, joystick, and directional pad
(D-pad) is strategically placed to allow quick and comfortable access. This layout facilitates
intuitive interactions, such as using joysticks for character movement and buttons for executing
specific actions. Tactile feedback from button presses, combined with the smooth analogue input
from joysticks, contributes to enhanced player engagement and allows for precise manoeuvres.

Analogue input, such as that provided by joysticks and triggers, is a significant advantage of
game controllers. Unlike the binary nature of keyboard input, analogue input detects a range of
motion or pressure, enabling finer control over in-game actions, such as adjusting vehicle speed
or precisely aiming at targets. This nuanced input capability results in smoother, more realistic
gameplay, enhancing the immersive quality of the gaming experience.

Controllers can be connected through direct or wireless connections, ensuring low latency

and reliable input detection. [42] Modern gaming platforms and engines feature comprehensive
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application programming interfaces (APIs) that simplify the integration of controller input,
enabling developers to assign in-game actions to specific controls with ease. These APIs also
support haptic feedback, such as vibration, which enhances player immersion by providing
tactile cues that align with in-game events, such as explosions or collisions.

Advanced features, such as motion sensors and touchpads, further extend the interactivity
offered by game controllers. Motion controls allow players to manipulate game elements by
physically moving the controller, creating a more immersive experience—such as steering a car
in a racing game. Touchpads add precision, combining the functionality of traditional buttons
with mouse-like pointing capabilities, allowing for innovative gameplay mechanics and enhanced
navigation methods.

Customisation and accessibility are fundamental considerations in both controller design and
game integration. Many games and platforms offer players the ability to remap buttons, allowing
them to tailor controls to their preferences. [86] This customisation is especially beneficial for
enhancing accessibility for players with diverse abilities. Sensitivity adjustments for analogue
controls, as well as optional vibration feedback, help cater to individual preferences, ensuring
that players with varying physical capabilities can enjoy a comfortable gaming experience.

Game controllers are not merely devices for interaction; they serve as tools for inclusivity,
enabling diverse players to fully engage with games. The combination of ergonomic design,
tactile feedback, and analogue control empowers developers to create experiences that are both
immersive and accessible. As gaming technology continues to evolve, game controllers also
continue to adapt to meet the changing needs of player interaction. This adaptability ensures that
controllers remain integral to the gaming experience, bridging the digital and physical worlds

while inspiring excitement for future innovations in gaming technology.

2.7 Game Genres

2.7.1 First Person Shooter (FPS)

First-Person Shooter (FPS) games are a genre of video games in which players engage in
combat from a first-person perspective. In FPS games, players assume the role of the protagonist
and utilise various firearms to combat enemies. The core mechanics of FPS games centre around
rapid combat, precise shooting, and tactical movement, necessitating quick reflexes, accurate
aiming, and strategic thinking to succeed.

FPS games are renowned for their immersive perspective, diverse weapon options, challeng-
ing enemy artificial intelligence (Al), sophisticated multiplayer modes, and intricately designed
levels. Many FPS games also incorporate narratives and character progression, adding depth
to the gameplay experience. These features contribute to an engaging experience that tests
both reflexes and decision-making abilities, appealing to a wide audience. Understanding user
interactions in FPS games involves examining how players use input devices—such as keyboards,
mice, or controllers—to interact with the game environment. These interactions extend beyond

basic navigation and item selection, playing a crucial role in core mechanics such as aiming,
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shooting, and tactical manoeuvring. The relationship between input devices and game content
reveals important aspects of FPS game design, particularly regarding player immersion and
engagement.

Keyboards are primarily employed for movement, executing actions, and navigating menus
in FPS games. The standard WASD key layout is used for character movement, allowing players
to move forward, backwards, left, and right with precision. Additional keys facilitate actions
such as jumping, crouching, reloading, and switching weapons. The haptic feedback and layout
of keys enable players to perform complex in-game actions efficiently. This level of control
allows designers to create intricate levels that require skilful navigation and strategic movement.
[32] For instance, multiplayer maps may include narrow corridors, open areas, and verticality,
encouraging players to utilise movement strategically—whether through stealthy approaches or
rapid escapes.

The mouse is the most critical input device for FPS games due to its role in aiming and camera
control. The high sensitivity and precision provided by the mouse are crucial for achieving
accurate targeting, which is essential in games where shooting precision determines success.
Mouse buttons are used for primary actions, such as firing, as well as secondary actions, like
using weapon scopes. The precision afforded by the mouse significantly influences the design of
enemy behaviours and shooting mechanics, allowing developers to create enemies with specific
vulnerabilities that reward accurate targeting. Additionally, the design of weapons, each with
distinct handling characteristics, is shaped by mouse precision. The agility provided by the
mouse supports the fast-paced gameplay that defines FPS games, requiring quick reflexes and
precise aiming to achieve optimal performance.

Game controllers offer a different experience in FPS games by combining joystick movement
with buttons for various actions. Typically, the left joystick controls character movement, while
the right joystick is used for aiming and camera control. Triggers and bumpers facilitate shooting
and other actions, such as throwing grenades or performing melee attacks. Due to the lower
precision of joysticks compared to mice, game controllers often necessitate the implementation
of aim-assist features, which help compensate for the inherent limitations of analogue input. This
affects both the pacing and difficulty of the game, as developers must balance the experience
to ensure fairness and enjoyment for players using either controllers or mice. Additionally, the
ergonomic design of game controllers allows players to comfortably engage in extended gaming
sessions, influencing the overall pacing and structure of the game.

The integration of keyboards, mice, and controllers in FPS games requires a careful balance
of game mechanics and content design. Developers must consider the advantages and limitations
of each input method to create an accessible and satisfying experience. This involves refining
control schemes, offering customisation options, and incorporating features such as aim assist
and sensitivity adjustments. The attributes of these input devices—including latency, precision,
and ergonomic design—play a significant role in determining FPS game content. High-stakes

competitive FPS games rely on low input latency and high precision to ensure fair, skill-based
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gameplay. Conversely, more casual or narrative-driven FPS games prioritise accessibility and
immersion to appeal to a broader audience.

In conclusion, user interaction through keyboards, mice, or controllers significantly influences
FPS game design and content. [29] Developers must navigate the complexities of each input
method to create game worlds, mechanics, and narratives that cater to the diverse skills and
preferences of FPS players, ensuring both accessibility and engagement. Achieving this balance
requires a harmonious integration of technical precision and creative design, resulting in an
immersive FPS experience that captivates players and delivers the excitement of fast-paced

combat.

2.7.2 Real Time Strategy (RTS)

Real-time strategy (RTS) games are a genre of video games in which players gather resources,
construct bases, create units, and control armies in real-time. Unlike turn-based strategy games,
RTS games require players to make decisions and act swiftly, responding to changing conditions
on the battlefield. Players typically view the game from a top-down perspective, using keyboards
and mice as primary input devices to manage gameplay.

RTS games are characterised by their focus on resource management, base construction,
unit production, and real-time combat. Players are tasked with gathering resources, such
as minerals and oil, to support troop production and facilitate technological advancements
while simultaneously constructing bases for production and upgrades. The core gameplay
involves managing various military units with unique roles, requiring tactical adaptations to
dynamic scenarios. RTS games frequently feature multiple game modes, such as campaigns
and skirmishes, and offer extensive content, including different factions, technology trees, and
diverse maps to extend playability.

Analysing user interaction in RTS games provides insight into how players use input de-
vices—such as keyboards, mice, or controllers—to manage resources and control units and
engage in strategic planning within expansive game environments. RTS gameplay demands
strategic decision-making, rapid responses, and effective multitasking. The attributes of input
devices and their correlation with game content highlight the balance between game design and
player engagement, ultimately contributing to a cohesive RTS experience.

Keyboards are fundamental in RTS games, serving as the primary input device for executing
commands, managing shortcuts, and navigating menus efficiently. Players utilise keyboards
to issue group commands, trigger abilities, and establish control groups by assigning units to
specific numbered keys. This enables the rapid selection of multiple units, enhancing the player’s
ability to execute complex strategies with both speed and precision. Effective keyboard use is
essential for managing large armies and adapting to the fluid nature of RTS battles.

The mouse also plays a critical role in RTS games, allowing players to select units or struc-
tures, navigate the game map, and issue commands for movement or attacks. The precision
provided by the mouse is crucial for controlling unit placement and executing strategic manoeu-

vres. Common mouse interactions include dragging to select multiple units, right-clicking to set
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movement destinations or attack targets, and interacting with the user interface to build structures
or initiate unit production. Ensuring smooth mouse input is vital for maintaining responsiveness
in high-pressure situations, such as large-scale battles or resource management tasks.

Game controllers, though less common in RTS games due to the precision required, are
gaining popularity as console-based RTS games become more widespread. Controllers are
employed to navigate the battlefield, select units, and trigger abilities through button combinations
and joystick movements. To accommodate the limited number of buttons available on controllers,
designers often develop innovative control schemes to adapt RTS mechanics, ensuring that
players can effectively manage their armies and execute complex commands without sacrificing
gameplay quality.

Integrating input from keyboards, mice, and controllers in RTS games presents several
challenges. Developers must design intuitive control schemes that account for the inherent
complexity of the RTS genre while ensuring accessibility. Effective management of multiple
units and actions on expansive maps requires an efficient and accessible interface. Customisable
hotkeys, intelligent user interface (UI) design, and features such as group selection and command
queuing are crucial for enhancing the strategic gameplay experience, allowing players to control
large armies and coordinate complex strategies seamlessly.

The choice of input device significantly impacts RT'S game design and content. Understanding
the strengths and weaknesses of each input method allows developers to leverage their unique
advantages to create engaging and immersive RTS experiences. Keyboards and mice are typically
better suited for RT'S games that require precise unit management and rapid command execution,
while game controllers are more appropriate for those that prioritise accessibility and broader
appeal. Effective design must balance technological capabilities with creative gameplay elements,
ensuring an enjoyable experience for all players.

Player interaction through keyboards, mice, or controllers has a profound influence on RTS
game design. By understanding and leveraging the strengths of each input device, developers can
craft immersive and challenging RTS games that require players to strategise, efficiently manage
resources, and execute complex tactical plans. [155] Striking a balance between technical
innovation and creative game design is essential for developing compelling RTS games that
cater to a diverse audience, delivering a strategic experience that is both accessible and engaging.
Successful RTS games must seamlessly integrate complex control systems, rich content, and
adaptive gameplay, providing players with a dynamic and rewarding experience that holds their

attention and challenges their strategic thinking.

2.7.3 Role Playing Games (RPG)

Role-playing games (RPGs) represent a genre of video games in which players assume
character roles, embark on quests, and immerse themselves in complex storylines within a virtual
world. These games often feature intricate narratives, character progression, and gameplay

systems that provide immersive, interactive adventures. [18] RPGs are distinguished by their
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emphasis on storytelling, combat mechanics, and character development, where players enhance
their characters by gaining experience, acquiring new skills, and upgrading equipment.

In RPGs, players either create or choose characters, navigating the virtual environment
from the perspective of their avatars. Story-driven quests are accomplished through exploration,
dialogue, and decision-making. [97] Combat systems can be either turn-based or real-time,
requiring strategic thinking and skilful execution to overcome opponents. Character development
is fundamental to RPGs, allowing players to improve skills, gain experience, and unlock abilities
as they progress.

Understanding player interaction in RPGs provides insight into how players use input de-
vices—such as keyboards, mice, or game controllers—to navigate, engage in combat, and interact
with the game environment. RPG gameplay demands strategic decision-making, exploration, and
adaptive problem-solving. The interaction between input devices and game content highlights
how game design influences player immersion, resulting in an engaging RPG experience.

Keyboards serve as a primary input mechanism for character control and interaction within
the game environment. The arrow keys or WASD layout is typically used for character movement,
while other keys facilitate actions such as interacting with non-player characters (NPCs), access-
ing menus, and using skills. The arrangement and functionality of the keyboard significantly
impact gameplay quality, as effective control of characters requires intuitive and accessible
shortcut configurations. Designers must balance movement speed, action responsiveness, and
difficulty progression to ensure a smooth and satisfying experience for players.

The mouse also plays a significant role, particularly in click-based RPGs. Players utilise
the mouse to select targets, interact with the game world, and manage items and skills. The
precision of the mouse enables intuitive control and facilitates the swift execution of actions.
During combat, the mouse is used for targeting, skill activation, and inventory management.
This precision necessitates careful design of combat mechanics and enemy behaviours to ensure
balanced difficulty and responsive interaction. [88] Designers must ensure that mouse-based
interactions are fluid and allow for natural and engaging gameplay.

Game controllers are popular for console-based RPGs, providing an ergonomic and user-
friendly interface that is particularly suitable for prolonged gameplay sessions. Players use
analogue sticks for movement, while buttons are employed for actions such as attacking, in-
teracting with NPCs, and navigating menus. Controllers have a significant influence on RPG
design, requiring optimised character control, camera angles, and interface navigation to ensure
an intuitive and comfortable experience. Designers must adjust game difficulty and pacing to
align with the attributes of controllers, providing a seamless experience compared to the more
precision-focused control offered by keyboards and mice.

The integration of keyboards, mice, and controllers in RPGs requires careful planning by
developers to optimise both game design and technical performance. Interfaces, control schemes,
and difficulty progression must be tailored to the characteristics of the input devices to ensure a

positive user experience. Key input device attributes—including response time, sensitivity, and
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accuracy—must align with gameplay requirements, providing players with effective control and
appropriate customisation options.

The choice of input device fundamentally influences how players interact with RPGs, impact-
ing both the design and content of these games. Keyboards and mice are ideal for RPGs requiring
high levels of precision, whereas controllers provide comfort and immersion, particularly during
extended play. Developers must consider the strengths and limitations of each input device when
designing elements such as pacing, difficulty, and task execution to ensure that the experience is
enjoyable and accessible to all players.

Player interaction through keyboards, mice, or controllers significantly affects RPG game
design. Understanding and leveraging the unique strengths of each input device allows developers
to create immersive RPG experiences that engage players in exploration, combat, and rich
storytelling. Ultimately, successful RPGs are those that encourage players to fully immerse
themselves in the virtual world, allowing them to experience a dynamic journey through complex
narratives and character development. By tailoring gameplay elements to the characteristics of
different input devices, developers can create captivating RPG experiences that resonate with a

diverse player base.

2.7.4 Action Games

Action games represent a genre of fast-paced video games in which players navigate charac-
ters through precise movements and rapid reactions to overcome various obstacles and adversaries.
These games feature intense gameplay, sophisticated visual effects, and intricate control schemes,
testing players’ reaction times, hand-eye coordination, and strategic thinking. [43] The primary
objectives typically include progressing through multiple levels, defeating adversaries, and
completing missions to achieve high scores or unlock additional content.

Action games are characterised by their high-speed gameplay, which demands precise control,
challenging boss battles, and diverse content. [95] Players must skilfully manage character
movements, jumps, attacks, and dodges to tackle a variety of foes and obstacles. Levels are
often comprised of unique environments, enemies, and challenges that require players to employ
different strategies in order to advance. Boss battles are a prominent aspect of action games,
necessitating players to understand attack patterns, carefully time their actions, and utilise special
abilities to emerge victorious. Action games also offer various game modes and rewards that
contribute to enhanced player enjoyment and replayability.

Understanding player engagement in action games requires examining how players utilise
input devices such as keyboards, mice, or game controllers to navigate characters, perform
actions, and overcome obstacles. These games demand fast reflexes, precise control, and quick
decision-making. The connection between input devices and game content highlights how
control design affects player engagement, leading to a seamless and immersive action gameplay
experience.

On PC platforms, keyboards serve as the primary input device for executing actions in action

games. Arrow keys or the WASD layout are commonly used to control character movement,
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while additional keys facilitate actions such as jumping, attacking, or dodging. The flexibility
of the keyboard significantly impacts the accuracy and speed of player movements. Game
designers must carefully plan features to ensure that players can perform actions efficiently while
minimising issues such as key conflicts or finger fatigue. Level design must consider keyboard
capabilities, balancing difficulty and pacing to create an enjoyable yet challenging experience.

Mice also play a critical role in specific action game genres, such as third-person shooters
and action role-playing games (RPGs). Players utilise the mouse to control the camera, aim,
shoot, and interact with the game environment. The precision of the mouse allows for accurate
targeting and swift execution of actions, and designers must ensure that camera and aiming
controls are natural, optimising sensitivity for a seamless experience. Interactive elements of the
game must be designed to accommodate mouse input, allowing players to engage intuitively and
accurately.

Game controllers are the primary input device for action games on console platforms. Con-
trollers provide an ergonomic means of gameplay, particularly during prolonged gaming sessions,
and are considered more user-friendly compared to keyboards and mice. Players use analogue
sticks to control character movement and camera angles, while buttons are assigned to actions
such as jumping, attacking, and dodging. Vibration feedback and triggers are employed to
enhance immersion, adding a layer of realism to the gameplay. Controller design influences
game content, affecting control schemes, level design, and difficulty balance. Designers must
optimise controls and camera angles to ensure an intuitive experience, while level design must
take into account controller capabilities, ensuring that jumps, attacks and other interactions are
challenging but not overly complex.

Integrating keyboards, mice, and controllers in action games requires meticulous planning
and optimisation by developers to achieve seamless gameplay. Game mechanics, level design,
and difficulty must be tailored to exploit the strengths of each input device. Parameters such as
response time, sensitivity, and ergonomics must align with gameplay requirements to provide
effective control and customisation options for players.

Different input devices are suited to different types of action games. Keyboards and mice
are ideal for games that require precise aiming and rapid input, whereas controllers are more
appropriate for action games that emphasise movement and rhythm. Developers must adjust
level design, enemy behaviour, and feedback systems according to input device features to create
an enjoyable and accessible experience for all players.

Player interaction through keyboards, mice, or controllers significantly influences the design
of action games. Understanding the strengths and limitations of each input device allows develop-
ers to create compelling experiences that showcase players’ skills and reflexes. Successful action
games require a careful balance of responsive controls, well-designed levels, and audiovisual
feedback to deliver enjoyable and challenging experiences. By mastering the complexities of
player expectations and input device capabilities, developers can create action games that engage

and captivate players, leaving a lasting impression.
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2.7.5 Music Games

Music games are a genre of interactive entertainment where players synchronise movements
with visual cues and music, aiming to execute notes or actions accurately in rhythm with the
soundtrack. The objective is to synchronise with the background music, hit notes precisely, and
accumulate scores. Music games often feature popular, classical, or original songs with various
difficulty levels to cater to players of different expertise. Music games are characterised by
rhythm, coordination, reaction speed, and melodic perception. Players must respond to visual
cues by hitting keys or performing actions in time with the music. Games often use scrolling
notes or visual prompts to convey timing, requiring players to synchronise movements with
the rhythm. [22] Scoring systems assess player precision, motivating them to improve and
tackle higher difficulties. Many music games also incorporate multiplayer modes for social play,
enhancing player engagement.

Examining user interaction in music games offers insights into how players use keyboards,
mice, controllers, or specialised peripherals like dance mats or electronic drums to match
music rthythms and visual cues. Music games require strong rhythmic perception, hand-eye
coordination, and fast response times. The characteristics of input devices and their relationship
with game content demonstrate a close connection between game design and player engagement,
resulting in immersive music game experiences.

The keyboard is a common input device in music games, requiring players to press keys
in time with on-screen notes. Typical setups involve directional or letter keys (e.g., WASD or
HIJKL), which correspond to specific notes or actions. The haptic feedback and key arrangement
enable precise and quick execution. The design of rhythm and difficulty in music games often
hinges on keyboard input, allowing developers to create challenging sequences aligned with song
melodies. Difficulty is varied by increasing note density, complexity, and speed, challenging
players’ reaction times and dexterity.

Game controllers, especially those designed specifically for music games, play a vital role.
Controllers often mimic musical instruments like guitars, drums, or pianos. Players must press
corresponding buttons or perform actions (e.g., strumming or drumming) in response to visual
cues. Specialised controllers significantly impact gameplay, enabling developers to design
unique mechanics that offer immersive experiences. For instance, guitar controllers feature
coloured buttons and a strum bar, requiring players to synchronise presses with the music. Drum
controllers use pads and pedals for accurate response to visual cues, enhancing player immersion.

Specialised peripherals like dance mats, electronic drum kits, and DJ controllers are also
common in music games. These devices are specifically designed to enhance immersion. Dance
mats allow players to perform challenges using their feet, while electronic drum kits provide
realistic drumming experiences. The use of specialised peripherals influences game content,
allowing developers to create levels that fully utilise these devices for an authentic experience.
Dance games, for example, can use varied step sequences to emulate different dance styles,
adding to player immersion. Such peripherals also support highly interactive multiplayer modes,

like dance battles or cooperative band play.
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Incorporating keyboards, controllers, and specialised peripherals into music games requires
careful planning by developers to align game design with the capabilities of each input method.
The game interface, level design, and scoring system must correspond to the attributes of the
input devices and player expectations. Developers need to ensure that response time, sensitivity,
and accuracy meet game requirements, providing a seamless experience. When designing
music games, developers must analyse the strengths and limitations of different input devices.
Keyboards are well-suited for games requiring rapid, precise input, while dance mats are ideal for
games focused on physical movement and rhythm. Developers need to optimise game difficulty,
rhythm patterns, and visual feedback according to input characteristics to ensure a rewarding
experience for players. Ultimately, player interaction in music games significantly influences
game design and content. Developers can create engaging and challenging experiences by
leveraging the advantages of keyboards, controllers, and specialised peripherals. This allows
players to fully immerse themselves in rhythm and music. Successful music games strike a
balance between technological innovation, game design, and player engagement, offering an
exciting and interactive music experience. To create music games that leave a lasting impact,
developers must deeply understand music game dynamics, player expectations, and the specific

strengths of different input devices.

2.7.6 Card Games

Card games are a genre focused on collecting and strategically using cards to engage in com-
bat or achieve objectives. Players gather, combine, and deploy cards with diverse functionalities
to compete against opponents. [144] Card games often feature a variety of cards, deck-building
strategies, and turn-based combat. They assess players’ ability to think strategically, manage
resources, and adapt to changing circumstances, with goals centred on overpowering opponents,
enhancing cards, and employing tactical manoeuvres to succeed.

Card games include features like card collection, deck building, turn-based combat, and
strategic decision-making. Players acquire new cards to strengthen their collection and build
effective decks based on card traits, costs, and effects. Combat is typically turn-based, requiring
players to manage cards, allocate resources, and make tactical choices to defeat opponents.
Strategic decision-making is a key aspect, as players must adapt to their opponent’s strategy and
manage resources wisely while leveraging card synergies to gain an advantage. Games also offer
various card types, rarity levels, and acquisition methods to cater to players’ progression and
collection needs.

Examining user interaction in card games offers insights into how players use input devices
like mice or touchscreens to select, use, and control cards. Card games require advanced strategic
thinking, decision-making, and resource management. The features of input devices and their
relationship with game content show a strong connection between game design and player
engagement, resulting in immersive card game experiences.

The mouse is the primary input device for executing card actions and navigating interfaces in

card games on PCs and mobile platforms. Players use the mouse to select cards, drag them, assign
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targets, and confirm actions. The mouse’s precision allows for fast, accurate card manipulation.
The relationship between mouse input and card game content is evident in interface design and
interaction processes. Game designers must arrange cards, resources, and target information
in a way that allows easy navigation. The visual feedback, animations, and prompts must be
designed to align with mouse operations, ensuring a seamless experience for players.

Touchscreens are a key interaction method for mobile card games, allowing players to tap,
drag, and release cards directly on the screen. Touchscreens offer an intuitive way to perform
actions, making strategic decisions and card manipulation straightforward. The influence of
touchscreen input on card game content is seen in interface layout, card size, and interaction
methods. Designers must optimise the spacing and arrangement of cards to ensure precision,
while interaction design must consider touch gestures and habits, offering suitable clickable
regions and gesture support. Visual feedback and animations should be tailored to match the
responsiveness of touch interaction, ensuring an intuitive experience.

While game controllers are less common in card games, some console-based card games
do support them. Players use analogue sticks or directional keys to select cards and buttons
to confirm actions or switch interfaces. Controllers provide an ergonomic and effective way
to play, especially during extended sessions. The design of game content must accommodate
controller input, ensuring that card selection and gameplay flow naturally with the analogue stick
or directional keys. Prompts and feedback must align with button layouts for clarity while pacing
and animations must account for controller capabilities to maintain a smooth experience.

The integration of mice, touchscreens, and controllers into card games requires careful
optimisation by developers to ensure seamless gameplay. The game’s interface, card layout,
and interaction methods must align with input device characteristics, providing a user-friendly
experience. Response speed, sensitivity, and accuracy of each input device should meet game
requirements, supporting suitable control options and adaptable features.

In designing card games, developers must analyse the strengths and weaknesses of each input
method and how they apply to different scenarios. Mice and touchscreens are ideal for games
requiring rapid, precise selection, while controllers may be better suited for games focused on
strategic depth and longer play sessions. Game elements such as card effects, animations, and
interactive feedback should be adjusted based on input device features to ensure an enjoyable
and strategic experience for players.

Ultimately, player interaction in card games significantly influences game design and con-
tent. Developers can create strategic and immersive card experiences by leveraging the unique
strengths of mice, touchscreens, and controllers. This enables players to fully exercise their
decision-making skills and strategic thinking. To develop successful card games, developers must
balance card design, pacing, and ease of operation, ensuring a tactically satisfying experience. A
deep understanding of card game mechanics, player expectations, and input device attributes is

crucial for creating card games that captivate players and leave a lasting impact.
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2.8 Summary

Through the above content, we can understand that in today’s cloud gaming services, reducing
service provider costs and providing a better quality experience are urgent problems that need to
be solved. The core content of cloud gaming services is how to optimise streaming video quality
while dynamically adjusting video streaming parameters based on video quality. Through a large
amount of literature analysis on related video quality parameters and an introduction to user
interaction methods for different game types, we found that in current research, there is no video
quality parameter model based on user operations. For cloud gaming services, especially the
Quality of Experience of cloud gaming, user operations often have a critical impact on game
content and the video quality parameters that change based on the content. Therefore, in the
following chapters, we collect and analyse UAI and VMAF through methods such as programs
and model UAI and VMAF through different methods.



Chapter 3

Methodology

3.1 Overview

In the previous chapter, we conducted a detailed analysis of the development and current
issues faced by cloud gaming services, as well as the core streaming video technology and
the video quality parameters required to improve the Quality of Experience. By analysing the
different characteristics of user input in various game types, we determine the main research
direction of this study, which is to model UAI and VMAF and predict VMAF based on UAI
using the model. Therefore, in this chapter, we first create a program to collect UAI and VMAF
data and collect a large amount of data based on corresponding parameters and different types of
games. At the same time, according to the characteristics of the UAI and VMAF data, we propose
two different modelling schemes, namely time series analysis and the NARX model. In order to
better analyse the modelling results, we also provide a detailed introduction and comparison of
the two different methods in this chapter. Moreover, we offer a detailed explanation of the two

methods based on the characteristics of cloud gaming streaming video.

3.2 User Activity Index

As mentioned previously, analysing user behaviour data in cloud gaming services is a crucial
issue. In Chapter 2, we elaborated on the distinctive characteristics of various game contents and
the operational principles and data collection methods of multiple gaming controllers. Integrating
these factors, we developed a metric for measuring user behaviour in cloud gaming services,
known as the User Activity Index (UAI). The specific methods of data collection comprise the

following components, as shown in the flowchart below Fig 3.1:
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3.2.1 Keyboard Collection

For different types of games, the actions inputted through the keyboard are often highly
consistent. A focal point in analysing user behaviour data is minimising the latency during data
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collection. In our experiments, user inputs are captured directly via API interfaces provided
by the Windows platform. By setting the operating system’s task priority to prioritise the data
collection program above the simulated game environment, we ensure a more stable recording
of all keyboard actions and effectively ascertain a consistent delay across the collected data.
Various methods have been employed to further mitigate the influence of external factors on the

experiments.

3.2.2 Mouse Collection

In PC gaming platforms, mouse operation data is among the most complex. Different game
genres exhibit vast disparities in content, leading to significant fluctuations in video complexity
and mouse operation data. For instance, in card games, rapid mouse movements are generally
unnecessary, and mouse data tends to show long-term stable patterns as these games are almost
entirely reliant on mouse operations. Conversely, in Real-Time Strategy (RTS) games, where
users must quickly switch displayed content, frequent and rapid mouse movements are necessary,
showing a cyclic pattern of quick changes. For various situations, we weigh mouse operation
data according to different game content variations, unifying the trends in cloud game streaming
video content reflected by mouse operations. We divide the game screen into many areas of the
same size based on resolution and take the maximum mouse travel distance under the current
screen resolution. Subsequently, the distance between mouse coordinates across two frames
is calculated to determine the mouse movement distance. Depending on the game and screen
resolution, we standardise these distances on a scale from 1 to 10, where the farthest movement
scores a ten and minimal movements score a 1. Furthermore, the data from the previous step
is further weighted based on different game contents; for instance, in RTS games where video
content and mouse operations change rapidly, we amplify the impact of mouse data in RTS
games by a factor of 2. In card games, where mouse operations are more concentrated and
regular with additional click data, we focus on calculating mouse click data and reduce the
weighting of mouse movement data by a factor of 0.2 to balance the relationship between game

video content and mouse data.

3.2.3 Controller Collection

In console platforms and native console games, collecting user data from controllers is
paramount. As the primary devices designed for game interaction, controller data often better
reflects changes in game operations. Similar to keyboard data, we prioritise the collection of
controller button data using system-level APIs to effectively reduce latency. We weigh joystick
data similarly to keyboard data. However, unlike keyboard data, joystick data is not calculated by
movement distance but by the angle of joystick deflection. We record the maximum deflection
angle of the joystick in different games and divide the joystick deflection angle in the current
game by this maximum, converting this data into a value between 0 and 1 to reflect the variations

in user behaviour data when using controllers.
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By integrating the data collected from these diverse inputs, we standardise the quantification
of data gathered from different control devices across various games. Additionally, the number
of actions per frame varies significantly across different games, such as in action games where
players constantly need to perform rapid actions, unlike in card games. To better reflect the
discrepancies brought by different game contents, we define the basic time unit as one second
and, based on different game frame rates, we calculate the total value of the three types of
operation data within one second, thus illustrating the trend of game user behaviour data over
time. Ultimately, by combining these various weighting and statistical methods, we can derive
new user behaviour operation data, which is defined as UAI, which we will further analyse in

relation to VMAF in the following sections.

3.3 VMAF Capture

Just like with user behaviour data, the collection of VMAF must also be adapted to align with
the specific requirements of different game content. Given that Netflix developed the method for
calculating VMAF, we are unable to modify the core calculation algorithm itself. Therefore, our
focus shifts towards optimising the methods of VMAF data collection and the capture of original
video content to accurately reflect the impact of game content on VMAF values. The VMAF
capture program workflows as shown in Fig 3.2.

Firstly, akin to our approach with user behaviour data, we systematically gather VMAF
data for each video frame according to the frame rate of the game content. This data is then
aggregated and averaged to compute the average VMAF per second for the game video content.
This methodology is particularly effective in illustrating the dynamic trend of quality changes as-
sociated with current game content. For genres such as action games, which typically experience
more drastic visual changes, we refine our approach by subdividing the data according to the
specific frame rate, allowing us to capture and reflect the more pronounced fluctuations in video
quality.

Furthermore, an additional critical factor influencing VMAF variation is the methodology
employed in original video capture. To replicate the pristine video content typical of cloud
gaming services, we utilise the UT Video Codec format to record the original footage. The
UT Video Codec is a lossless video encoding format, extensively utilised in professional video
editing and post-production, especially beneficial in scenarios that demand frequent encoding
and decoding without any loss in video quality. This codec maintains the integrity of the video
quality and is ideally suited for simulating the original data content from cloud gaming servers.
Conversely, for the compressed video, we employ the H.265 format, which is the current standard
for high-efficiency video compression used by major media platforms today. This format is
particularly adept at handling high-resolution video data and is crucial for providing high-quality
video while significantly minimising the need for data transmission and storage. Depending on

the type of game content, we adjust the bit rate at which the original videos are compressed to



50 Methodology

Time Unit

Recorded and
Key Frame
REVO R

Record Video and User Activity
FFMPEG User Activity Data

Key Frame

End Key Pressed sy = Recorded

Compressed FFMPEG

) Uncompress Video as
Ut Video Codec ed Video Compressed format usually

required
H.264/H.265

Netflix Open Source

'VMAF Dataset ‘

Program End

Fig. 3.2 Video Record and VMAF Calculate Program Workflow

further simulate the variations in video quality that users experience under different network
conditions.

In summary, by applying distinct treatments to the VMAF sample videos and compressed
videos and by integrating these with the timing characteristics of the game user behaviour data,
we have refined our processing of the VMAF data. This enhancement significantly bolsters the
accuracy of the experiments related to this study, ensuring a more reliable reflection of how game

content influences video quality assessments.

3.4 Data Normalisation

The raw data obtained from the keyboard and VMAF must first be normalised. Normalisation
is a linear transformation that does not change the numerical ordering of the original data and is

able to maintain the original information of the data. In model training, gradient descent is the



3.4 Data Normalisation 51

most commonly used solution algorithm, and if it is not normalised, the numerical range of the
original data may vary greatly, and the contour lines formed in iterations will be very sharp or
partially elliptical, resulting in an increase in the number of iterations and a slower convergence
speed. In addition, if the numerical range of the data is very different, it may also cause the
truncation error of floating-point calculation, or the cumulative error may increase, which will
affect the relationship analysis between the data.

The primary normalisation methods are below:
Min-Max Normalisation

, Xik —min{x }
Xik =

= , Lk=1,2,.. 3.1
max{x} —minfxg}y G-

Where:

* x;r: Represents the original data value for an element with indices i and k.

min{x;; }: Denotes the minimum value of x;; over all i and k, or within a specific subset.

max{x; }: Denotes the maximum value of x;; over all i and k, or within a specific subset.

x7, - Represents the normalised value of x;; after applying the transformation.

i,k=1,2,...: Indicates the indices i and k can take on values 1,2,..., depending on the

dimensions or scope of the data.

The formula adjusts x;; by first subtracting the minimum value (min{x;;}), ensuring the
minimum value of the transformed data becomes 0. Then it divides the result by the range
(max{x;; } — min{x;; }), ensuring the maximum value of the transformed data becomes 1.

The Min-Max normalisation method linearly maps the raw data to the interval [0, 1], achiev-
ing data dimensionless and unifying different data ranges to the same scale. The principle of this
technique is to normalise the data by scaling the minimum and maximum values of the original
dataset. Consequently, when the raw data contains abnormal extreme values (maximum or mini-
mum), the Min-Max normalisation method is relatively sensitive and impacts the normalisation
effect. One compensating measure is to perform outlier detection and removal on the original
data before normalisation, eliminating the individual abnormal extreme values to ensure the

efficacy of the normalisation process.

Standardization Normalisation

X = Tk (32)

1 < IR
h s ‘= — ik = — i — X 2, .,k:1,2,... 3.3
where A ank Sk nZ(Xk Xk) i (3.3)
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Where:
* x;x: Represents the original data value for an element with indices i and k.
* x;.: Represents the standardised value of x;; after applying the z-score normalisation.
* Xx: Represents the mean of all values x;; across the i-dimension for a fixed k:

1 n

Xk == Z Xik
n4
i=1
where 7 is the total number of elements in the i-dimension.

* si: Represents the standard deviation of all values x;; across the i-dimension for a fixed k:

1 n
Sk=4|— Z(xik — X%)?
I

* i,k=1,2,...: Indicates the indices i and k can take on values 1,2,..., depending on the
dimensions or scope of the data.

Each x;; is transformed by subtracting the mean (X} ) to centre the data around 0, and then
dividing by the standard deviation (sj) to scale the data to have unit variance.

This method scales the raw data using the mean and standard deviation, transforming the
original data into a normal distribution with a mean of 0 and a standard deviation of 1. This
approach eliminates the influence of dimensions and magnitude, making the data more closely
conform to a normal distribution, which is beneficial for normalising raw data that exhibits a
Gaussian distribution. However, this method evidently has shortcomings for raw data that do
not inherently possess a normal distribution. Moreover, the computational complexity of this

method is relatively high.
Max Absolute Normalisation

X;
’ l
i

= — (3.4)
max (|x;])

Where:

* x;: Represents the original data value for an element with index i.

* x;: Represents the normalised value of x; after applying max-absolute normalisation.

e max(|x;|): Denotes the maximum absolute value of x; across all elements:
max (|x;|) = max{|xi[, [x2[,.... |xa|}

where #n 18 the total number of elements in the dataset.
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* i=1,2,...,n: Indicates the index i can take on values 1,2,...,n, depending on the size of
the dataset.

Each x; is divided by the maximum absolute value max(|x;|), ensuring all normalized values
x! fall within the range [-1,1].

This method is to scale the original data by a particular ratio to reduce the difference of the
original data and make the original data dimensionless. Its disadvantage is that it is sensitive to

the extreme values of the original data.

Logarithm Normalisation

x;=log(x;) (3.5)
Where:
* x;: Represents the original data value for an element with index i.
* x;: Represents the transformed value of x; after applying the logarithmic transformation.

* log(x;): Refers to the natural logarithm (logarithm to the base e) of x;. This can be

generalised to other bases if needed:

In(x;)
In(b)

log, (x;) =

where In is the natural logarithm, and b is the base of the logarithm.

* x; > 0: The logarithmic transformation is only defined for positive values of x;. If the
dataset contains non-positive values, a shift (e.g., x. = log(x; +¢), where ¢ > 0) may be

applied to ensure all values are positive.

i=1,2,...,n: Indicates the index i can take on values 1,2,...,n, depending on the size of
the dataset.

The logarithmic function compresses large values of x; while expanding smaller values,
making it useful for handling data with a wide range of exponential growth.

This method only achieves scaling of the raw data and cannot realise the dimensionless
transformation of the original data; hence, it is generally not used independently. When the raw
data is relatively concentrated in a dense region, and there are significant differences in values,

this method is employed for scaling. Subsequently, other methods are utilised for normalisation.

3.5 Time Series Models

In a cloud gaming session, as the game content continuously changes, the user needs to

constantly input control commands (keyboard, mouse, controller, etc.) to achieve specific
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objectives within the game. This process ultimately generates a User Activity Index (UAI)
sequence, which represents a series of control inputs. Under the influence of this input sequence,
the game’s scenes and logic change accordingly, resulting in the continuous variation of the cloud
gaming streaming video content received by the user’s terminal. Due to network conditions,
dynamic video compression technology is employed to compress the streaming video received
by the user’s terminal in real-time. By simulating the cloud gaming service environment, we
compare the original cloud gaming video data with the video data obtained by the user’s terminal
in real-time, thereby producing another output sequence called Video Multimethod Assessment
Fusion (VMAF). Due to cloud gaming services’ interactivity and temporal correlation, these
two sequences occur on the same timeline and can be considered as two stationary stochastic
processes. In this section, we use Time Series Models to model the relationship between the UAI
and VMAF.

3.5.1 Stationary Stochastic Process
A stationary stochastic process is called time series if its parameters are discrete and represent
time. [133] For example, a series

(Yt=..-2,-1,0,1,2,...Y, € R} (3.6)

if (1)E(Y;) = u(constent),t =0,+£1,+2,...;(2)E(Y;Y;—x) is independent of ¢, k =0,+1,+2,...
then Y, is called stationary time series. Here E(-) presents the expectation.
Let:

ri=E[(Yi—p) Yk — )],k =0,£1,£2, ... (3.7)
Yi—u Y-

pr=E[- B Dk 'u],where o2 =D(Y)) (3.8)
o

ri is called the auto-covariance function, py is called the auto-correlation function. u,ry, ok
are the most important statistical parameters of a time series used to characterise its dynamic
features.

The purpose of time series analysis is to use the statistical parameters of some samples
that could be sampled to estimate the statistics of the observing time series. Furthermore, to
establish the linear model, such as the Auto-regressive (AR) model, Moving Average (MA)
model, Auto-regressive Moving Average (ARMA) model, etc., and then use these models for

prediction of a dynamic system.

3.5.2 Linear Model

Due to the randomness, periodicity, and short-term trend stability of time series, linear model
theory can be employed for analysis and modelling. [145] Based on the different variation

patterns of time series, the commonly used linear models include the following:
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Auto-regressive(AR) Model

The general form of the AR Model is below:
Yi=ap+ a1Y(t_1) + azY([_2)+, . +apY(t_[,) + ¢ 3.9

where Y; is the value of the time series at time ¢, Y(,_;) is the value at time p—1, a; € R,i =
0,1,..., p are called parameters, p is the order of the model, and ¢, is the model noise. Generally,
¢, 1s Gaussian white noise with a mean of 0 and a constant variance.

From the above equation, it can be observed that the foundation of the AR model is the
assumption that a linear relationship exists between past data and current or future data. Therefore,
historical data can be used to predict future data. The advantage of the AR model is its ability
to capture the autoregressive properties of time series effectively. In cloud gaming streaming
video, the changes in VMAF at the user’s gaming terminal exhibit autoregressive characteristics.
Consequently, it is feasible to attempt to model the relationship between UAI and VMAF using
the AR model.

Moving Average(MA) Model

A stationary time series Y; can also be represented as a weighted sum of white noise ¢, at

time ¢ and its g previous values ¢;, ¢(;—1), d(1-2), ..., P(1—¢)> given by

Yi=¢r—c1P-1) = C20(1-2)s -, —CqP(1-g) (3.10)

where c; € R,i =0,1,...,q, ¢; are the model parameters, ¢ is the order of the model, and the other
symbols are the same as before. This equation is called the Moving Average (MA) Model of the
time series Y;.

From the expression of the MA model, it can be observed that the characteristic of the
MA model is its ability to smooth historical data, making it effective in eliminating random
disturbances and noise. This property makes it suitable for processing time series data with
large fluctuations. However, due to the need to calculate the moving average, especially when
the sliding window is designed to be wide, the MA model suffers from a significant time lag,
reducing its responsiveness to sensitive data. Regarding the VMAF sequence of the user-end
video quality, the magnitude of the averaging effect of historical data varies greatly depending
on different game scenarios. Therefore, the characteristics of the MA model can be utilised to
model the relationship between UAI and VMAF.

Auto-regressive Moving Average(ARMA) Model

Combining the above two models, we obtain the AutoRegressive Moving Average (ARMA)

model for the time series Y;, given by

Yi—a1Y-1y—adYu-2)= ... =apYu—p) = ¢ = C1¢(1-1) = €20 (1-2)5 -, —CqP(1—g) (3.11)
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where p > 0,q > 0,a, # 0,c, # 0, and (p,q) is called the order of the model, denoted as
ARMA(p,q).

Evidently, the ARMA model combines the characteristics of both the AR and MA models,
making it adaptable to a wider range of time series forecasting problems. However, due to the
increased complexity of the model, the number of parameters grows rapidly, and parameter
estimation becomes more complicated, which may lead to a decrease in the model’s robustness.

In this study, we primarily focus on investigating the correlation between UAI and VMAF.
Therefore, it is necessary to analyse the variation patterns of VMAF under the influence of user
behaviour control. Evidently, using any of the aforementioned models in isolation is insufficient.
We need to comprehensively consider the characteristics of these models and incorporate the
features of the ARMAX model, which will be discussed in the next subsection, to accurately
capture the correlation patterns between UAI and VMAF. To facilitate subsequent research, we
perform linear transformations on the three models introduced above by introducing the delay

operator, defined as B, it takes a transform as below:
BY; =Yy (3.12)

further BB...BY; = Y(;_i),that equals B*Y, = Y(;—1). meanwhile, B¥¢, = G (1—k)- Let
——

k

®(B)=1-a;B—aB*~,...,~a,B’ (3.13)
¥(B)=1-¢B-¢,B*—,...,—¢,B (3.14)

then, obtain the compact form of ARM A(p, g) like follows
O(B)Y; =¥ (B)¢:, 1=0,£1,%2,... (3.15)
Using the delay operator, AR(p) and M A(q) are expressed as

®(B)Y; = ¢, (3.16)
Y, =¥(B)¢ (3.17)

respectively.

Auto-regressive Moving Average(ARMA) Model

The three models mentioned above represent situations without external input sources. When
an external input source is present, the model becomes a controlled autoregressive model, also

known as the ARMAX (AutoRegressive Moving Average with eXogenous inputs) model. The



3.5 Time Series Models 57

ARMAX model can be expressed as follows:

Yt—alY(,_l)—azY(t_z)—,...,—apY(,_p) = (3.18)
bo+ bl”(r—l) + bzu(,_2)+, ...,+bqu(,_m) + st (3.19)
Gt = C1O(1-1) = C20(1-2)=» --+s —CqP(1-q) (3.20)

where u; is the external input to the time series at time #, u(;_,,) is the input at time  —m,
b; € R,i=0,1,...,m are the model parameters, m is the input order of the model, and ¢; is the
external source input noise. The other symbols are the same as before. Using the delay operator,

it can be transformed as below:
O(B)Y, =O(B)us—pm+¥(B)pi—g, t=0,£1,£2,... (3.21)
where,
O(B) = 1 +u1B+us B>+, ..., +u, B" (3.22)

the others are the same as above.
According to the theory of stochastic processes, when sufficient samples of ¥; and u; are
obtained, the estimates of the parameters in the above models can be calculated using the sample

data. Consequently, the models can be employed to forecast Y.

3.5.3 Time Series Model Properties and Model Order

To analyse the dynamic patterns of UAI and VMAF using time series models, it is essential
to determine the order of the model. Since linear models possess the properties of tailing and

truncation, this forms the theoretical foundation for order determination in linear models.

The Tailing and Truncation of Time Series Model

For a stationary stochastic series(3.6), consider a segment containing k + 1 (k > 1) values,
denoted as:
YI7YZ+1"'-’YI+I( (323)

Here, we use the combination of the first k terms to estimate Y;.x, given by:
k
Z PkjYirk-j = dx1Yiek—+ Pr2Yrrk—2+ ... + i Yy (3.24)
J=1

To estimate Y;4x. Here, ¢k, dr2, ..., rx are coefficients, and we use the least variance method to

determine these coefficients. That is, we choose ¢g1, dr2, ..., Pxx to minimise

k
§=E(Yik = ) bx¥irk—j)’ (3.25)
j=1
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to minimal. According to the theory of extrema for multivariable functions, we establish the

following system of equations:

% = E[2(Yiek — di1Yeek-1 = dx2Yrek-2— .. — Pk ¥r) - (= Yiak-1)] =0
a% = E[2(Yirk — dx1Yeen-1 — Sk2Yeek-2— .. — Pk Y1) - (—Yiak—2)] =0
62&% = E[2(Yiek — dx1Yienk-1 = Sr2Yiek—2— ... — i Y1) - (=Y)] =0

Simplifying and applying (3.8), we can get:

1 o1 pr pret| (o] [e1]

Pl 1 cer o Pr=2| |Pr2 02

P TR N N I (3.26)
Pk-1 Pk—2 .. L | | #kk]| [Pk

Solving this equation yields ¢k, Px2, ..., dxx. Where let oo =1, and k > 1. ¢y is called the
partial auto-correlation function. The significance of the partial auto-correlation function is that
it describes the degree of relationship between Y; and Y;; in any segment of length k£ + 1, i.e.,
Y1, Yie1, s Yisk—1, Yisk, Of a stationary stochastic series, given that Y;1, ..., Y;4x—1 remain constant.
In other words, ¢y reflects the relationship between Y;.; and Y; without depending on the
intermediate values. On the other hand, the auto-correlation function pj reflects the relationship
between Y;;; and Y; while accounting for the dependence on the intermediate values.

For a stationary stochastic series, pi, ¢k has the properties of truncation and tailing. The

tailing is:
k — oo, |pr| < ce™* (¢ > 0,6 > 0),that is lim pj =0 (3.27)
The truncation is:
p ) =0 if k>p (3.28)
is .
K 40 if k<p

AR(p) MA(q) ARMA(p,q)

px  tailing truncation tailing

¢rr truncation tailing tailing

These properties form the theoretical foundation for using linear models in our modelling

approach. [47]
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Order Determination for Linear Models

In theory, the order of the model can be determined by calculating the p; and ¢y of the
stationary series. However, in practical engineering applications, the situation is quite complex.
From an engineering perspective, a good linear model should satisfy two basic conditions: 1.
The model’s regression accuracy for the time series should meet the usage requirements; 2. The
order of the model should be as low as possible.

Satisfying the regression accuracy is the primary concern, and under the condition of satisfy-
ing the accuracy, a low-order model obviously has the advantage of being structurally simple
and easy to calculate. In addition, choosing an appropriate model category (AR, MA, or ARMA)
is also important. The AR model can well describe the auto-regressiveness of the stationary
stochastic series, while the MA model highlights the influence of the series’ cumulative effect
on future changes. ARMA can take into account the advantages of both, but it also makes the
model more complex and inevitably introduces additional uncertainties.

When the model has an external input source, the variation patterns of the stationary stochastic
series become more complex. From the ARMAX structure (3.20), it can be seen that the external
input enters the model in an additive manner, which is the same as the behaviour of ¢; in the
model. Therefore, on the one hand, u; affects the change of y;;; on the other hand, it also has
the effect of reducing the influence of ¢, on y,;;. At the same time, the variation pattern of the
external input source u, is usually not a stationary stochastic series but rather a control added
according to some subjective intention.

In the relationship between UAI and VMAF studied in this thesis, it is evident that using
linear models for analysis cannot fully conform to the patterns expressed by linear models. In
the interaction process of cloud gaming, factors such as game genres and user behaviour control
intentions are key factors influencing UAI, and these factors inevitably have a crucial impact
on the behaviour of linear models. This point increases the difficulty of using linear models to
analyse the relationship between UAI and VMAF.

The classical method for determining the order of linear models is based on sample data. By
calculating the estimates of p; and ¢y from the sample, denoted as py and ¢y, respectively,
and then using hypothesis testing theory to determine the truncation and tailing of 5 and ¢y,

the order of the model can be determined. That is,
1 m
e~ N [1+2 ) p1).k > m (3.29)
i=1
- 1
bri ~ N(O, N)’k >n (3.30)

where N is the sample length, n is the order of AR(n), and m is the order of MA(m).
For ARX or ARMAX models, due to the presence of external input sources, the above

classical order determination method is evidently not entirely applicable.
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3.5.4 Delay Analysis between UAI and VMAF

For most game content, user operations and game content often have a high degree of
correlation. In addition, user operations and game content often have autocorrelation in time. For
example, in FPS games, the game content of the next frame is generated based on the content
of the previous frame’s game scene, and the video content and corresponding VMAF will also
produce auto-correlated changes as a result. For game operations, the player’s operation in the
next frame also depends on the user’s decision and operation content in the previous frame.
Therefore, we can find that both UAI and VMAF have a high degree of autocorrelation based on
time series. As a result, in our research, determining the time delay of correlation is a key point.

VMATF is obtained through calculations based on sample videos and original videos, while
UALI, due to the influence of system input and output delays, cannot be completely synchronised
with the video content. This implies that UAI lags behind VMAF. Consequently, some degree of
delay inevitably exists between the collected UAI and VMAF sequences. Accurately determining
this delay is crucial for precisely regressing the relationship between UAI and VMAF. However,
due to the influence of various factors, accurately estimating this delay is extremely challenging.

Generally, there are several methods for estimating the delay between two sequence signals:

Correlation Analysis Estimation Method

This method estimates the time delay between two signals by calculating the position of the
maximum peak value of the cross-correlation function (where the similarity between the two
signals is highest). The advantage of this method is its simplicity in computation, and when
the signal-to-noise ratio is high, the estimation accuracy is very precise. However, when the
signal-to-noise ratio is low, the peak value of the correlation function may experience jitter, blur,

or even pseudo-peaks, leading to lower estimation accuracy.

Higher-order Cumulant Estimation Method

This method utilises the property that the higher-order (above second-order) cumulants
of Gaussian signal sequences are identically zero to estimate the time delay between signals.
Therefore, when the signal noise follows a Gaussian distribution well, this method provides

relatively accurate estimates.

Feature Structure Analysis Delay Estimation Method

This method constructs the covariance matrix of the signal sample data, performs eigenvalue
decomposition, and then uses the orthogonal spectrum of the signal and noise subspace to search
for the pseudo-spectrum related to the time delay for delay estimation. This method requires
the calculation of the Rayleigh resolution limit and belongs to the super-resolution time delay

estimation approach. It is computationally complex and has stringent usage conditions.



3.6 Non-linear AutoRegressive Model with eXogenous Inputs (NARX) 61

Cost Function Estimation Method

This method establishes a cost function based on the minimum average cost criterion and
iteratively solves for the time delay estimate that satisfies the criterion. The advantage of this
method is its low dependence on the statistical characteristics of the signal. It has received
significant attention in multipath time delay estimation, but its computational complexity is

relatively high, making it unfavourable for engineering implementation.

Adaptive Estimation Method

Under a certain optimal criterion, this method automatically adjusts the system structure
and filter parameters in real-time until steady-state convergence is achieved, thereby obtaining
the optimal solution for the time delay information. Common criteria include MMSE, RLS,
Max-SNR, LCMYV, etc..

It is important to note that all the above methods require the estimated signals to be stationary.
When the estimated signals are non-stationary, or there are sudden strong interferences, the
effectiveness of these methods will be significantly compromised. In this study, analysing the
relationship between UAI and VMAF is a key issue. Therefore, starting from the theoretical
foundation of linear models, we attempt to use the correlation analysis estimation method to
perform time delay analysis on the collected two sequence data.

In summary, the approach for determining the order of the model in this thesis is as follows:
firstly, establish ARX(2,2,1) and ARMAX(2,2,2,1) models, then gradually build higher-order
models ARX (step,step —1) and ARMAX (step,step — 1) with a step size of step = {1,2}.
Simultaneously, evaluate the constructed models using the evaluation metric until the value of

the metric does not change significantly, ultimately determining the model to be used.

3.6 Non-linear AutoRegressive Model with eXogenous Inputs
(NARX)

The analysis in the previous section was based on time series models. In fact, the relationship
between UAI and VMAF is extremely complex and influenced by multiple factors, exhibiting
strong non-linear characteristics. This poses significant challenges for polynomial fitting tech-
niques based on the principle of linear superposition. Therefore, this section attempts to use
Artificial Neural Network (ANN) technology to analyse and model UAI and VMAF.

Artificial Neural Network (ANN) is an Al tool that mimics the working mechanism of the
human brain. [27] It possesses strong non-linear mapping capabilities and can perform various
complex tasks such as classification, non-linear regression, and pattern recognition. ANN can
achieve self-learning and self-adaptation through sample data without the need to design complex
mathematical models, offering high flexibility and wide applicability. ANN can also enable
parallel computing, providing high computational efficiency when processing large-scale datasets

and complex models. ANN does not rely on complex mathematical models, making it robust and
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fault-tolerant. Moreover, with the development of Al technology, its ease of use and integration
capabilities are becoming increasingly evident.

NARX is a type of Recurrent Neural Network (RNN) that combines the learning ability of
feedforward networks with the dynamic adaptation mechanism of feedback networks, based
on linear model theory. It is suitable for capturing the characteristics of time series data with
historical effects. This section uses NARX to analyse and model UAI and VMAF.

3.6.1 Artificial Neuron

The basic unit of a neural network is the artificial neuron, which is similar to the most basic
biological neuron. It can perform the three most fundamental processing tasks of biological
neurons: (i) evaluating input signals and determining the strength of each input signal; (ii)
calculating the weighted sum of all input signals and comparing it with the threshold of the
processing unit; (iii) determining the output of the processing unit. The basic structure of a

neuron is as follows Fig 3.3:

X7

artificial neuron structure

Fig. 3.3 Artificial Neuron Structure

where, x1, X2, ...,X, is the input of the neuron,wy;, w;, ....w,; is the weight respectively, 6; is
the threshold of the neuron, f(-) is the activation function, y; is the output of the neuron. The
I/0 of the neuron is as follows: .
yi=f(ZWji+9i) (3.31)
j=1

In order to get a compact expression, let xo = 1, and

6o 1
w1 X1

Wi=| w2 Xi=| x (3.32)
Wh Xn

so that the I/O of the neuron can be expressed:

yi=WI'X (3.33)
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3.6.2 Activation Functions

The activation function is one of the key factors for a neural network by means of having the

ability for non-linear mapping. In general, the activation function has such functions:

Add Non-linear Characteristics for Neural Network

Linear combinations in neural networks (i.e. the sum of the product of weights and inputs)
can only represent linear relationships. However, many problems in the real world are non-linear.
Activation functions (such as Sigmoid, ReLLU, Tanh, etc.) introduce non-linearity, enabling

neural networks to learn and represent complex non-linear relationships;

Control Output Range

Some activation functions can limit the output to a specific range. For example, the Sigmoid
function limits the output to between 0 and 1, and the Tanh function limits the output to between
-1 and 1. The control of this output range contributes to the stability and convergence of the
network. This sparsity helps to reduce overfitting and improve the model’s generalisation ability.

Meanwhile, sparsity can also reduce computational complexity and accelerate training speed.

Gradient transfer

In the process of back-propagation, the activation function needs to have certain derivative
characteristics in order to effectively transfer gradient information. This enables the network to

adjust weights based on the loss function and achieve model optimisation.

So, selecting a proper activation function is very important to design an effective neural

network. The often-used activation function is as follows:

Sigmoid Function

1
= 3.34
F0) =1 (3.34)
Tanh Function
ef—e™
fx)=——+ (3.35)
ef+e
Swish Function
flx) = — (3.36)

T lte
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Exponential Linear Unit(ELU)
a(e*—1), ifx<0
fx) = (3.37)
X, ifx>0
Rectified Linear Unit(ReLU)
f(x) =max(0,x) (3.38)
Leaky ReLLU Function
ax, ifx<0
fx) = (3.39)

X, ifx>0

Its graphics are below:

(b) Tanh

{lx(e‘l), ifx<0

X, ifx>0

(c) Swish (d) ELU

ifx>0

fo)= {a(e‘— 1), ifx<0

N ax, ifx<0
fx) = ‘
X, ifx>0

4 3 2 - 0 1 2 3 4 5 s 4 3 2 B 0 1

(e) ReLU (f) Leaky ReLU

Fig. 3.4 Activation Functions
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One neuron can be the simplest neural network, which can undertake classification tasks. Its
weights and thresholds can be adjusted, and the activation should be selected as suitable to the
tasks. [103]

3.6.3 Back-Propagation Mechanism and Feedforward Network

The propagation mechanism is the core of neural network self-learning. When a network
structure is determined, the weights, thresholds, and transfer functions of the neurons in the
network are initialised, and the sample data enters the network from the input end and generates
output at the network output end after being calculated by the neurons. Since there is an error
between the calculated output and the actual output of the sample, the error is decomposed from
the output end and propagated backward layer by layer to correct the weights and thresholds of
the neurons in each layer.

This principle is shown in the Fig 3.5 below:

Fp (hidden)

ZS

forward data

e

Fa

X7 X2 Xn

Back propagation mechanism

Fig. 3.5 Back Propagation Mechanism

Assuming that when the nth sample is input, the calculated output of the jth neuron is y;(n),

and the actual output of the neuron is d;(n), then the error of the neuron is:

ej(n)=d;(n)—y;(n) (3.40)
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Let the square error of the neuron be %e?(n), then the total square error at the output of the

network is:

E(n)=> Z e3(n) (3.41)

jec
Assuming that the total number of training samples is N, the average total error generated after

all samples are input into the network is:

1 N
Eay = NZE(n) (3.42)

E 4y is the objective function of network learning, and the purpose of network training is to
minimise E4y. When the network completes the minimisation of E 4y, the mapping of sample
data from input to output can be realised. Obviously, once the sample data is determined, E 4y is
a function of the network weight and threshold.

Assume that 7, j are two adjacent layers of the network, y;(n) is the output of the ith layer,

and there are p in total. Then the output of the jth layer is:
p
vi(n) =" wji(n)yi(n) (3.43)
i=0

Where, w j;(n) is the weight of the jth layer. Let ¢; be the transfer function of this layer, so the

output of this neuron is:

yj(n)=¢;(v;(n)) (3.44)

In order to find the extreme value of E 4y, according to the extreme value theory of multivariate

functions, find the partial derivative of E(n) with respect to w j;, then we have:

JE(n) _ OE(n) de;(n) y;(n) 9v;(n)

(3.45)
ow i (n) Hej(n) 8yj(n) 6vj(n) 8wj,(n)

From (3.40) to (3.4), we can get 7500 = ¢;(n), g;;_g"; LG = (v (), o = y(m)
Then: GE( )
n

—ei(n vi(n n (3.46)

Then we get the weight correction:
O0E (n)
Aw ;i =— =-n0; i 3.47

Among them, ¢;(n) =¢; (n)qb;. (vj(n)) is called the local gradient, and —7 is called the learning
step. After the network training starts, the first sample is input into the network, the first output
is obtained, and then the first weight correction is calculated. The weight correction of each
neuron is calculated layer by layer in reverse order. Based on this, all weights of the network

are adjusted until all samples are input, and the first round of network training is completed. At
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this time, check the total error of the network. If it meets the performance index requirements,
stop training. If not, start the second round of training from the first sample again and repeat this
cycle until the network meets the performance index requirements.

The back-propagation network is the basis of all kinds of neural networks. A typical back
propagation network consists of an input layer, an output layer, and several hidden layers, as

shown below Fig. 3.6:

Multilayer feed forward network

Fig. 3.6 Forward Layer Network

The number of neurons in the input and output layers is determined by the needs of the
practical problem, while the number of hidden layers and the number of neurons in each layer are
decided by the designer. Generally, the more hidden layers and neurons, the better the network’s
performance. However, a complex network structure also increases the difficulty of training and
affects learning efficiency. Such a multi-layer feedforward network realises a mapping from an
n-dimensional space to an m-dimensional space. Through weight learning, it can accomplish
tasks such as non-linear approximation and classification. A multi-layer feedforward network
is a supervised network, meaning that obtaining sample data is a prerequisite for completing
weight learning.

An important characteristic of a multi-layer feedforward network is that input data can only
be forwarded from front to back, and there are no connections between neurons within the
same layer. Neurons in adjacent layers are fully connected. This characteristic determines
that a feedforward network is a static network; that is, a well-trained feedforward network can
reproduce the I/O relationship implied by the sample data. [52] However, when the sample data
changes or new data exceeds the range of the training sample data, the mapping ability of the

feedforward network will greatly decrease. This is the reason why feedforward networks have
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poor generalisation ability. Additionally, the static nature of feedforward networks determines
that they cannot handle data with I/O delays or historical effects. To address this, a feedback

mechanism is added to make the network dynamic, giving rise to feedback networks.

3.6.4 Feedback Network and Time Delay Line

The feedback mechanism of the neural network is illustrated in the Fig. 3.7. A distinctive
feature of this structure is the connectivity among neurons within the same layer, where the
output of a neuron not only feeds back to its own input but also to the inputs of other neurons.
Such architecture endows the network with dynamic effects, enabling memory and associative
functions, making it suitable for processing data with historical implications. The learning of
weights in the feedback network is also facilitated through the error back-propagation mechanism.
In this process, the data flow of back-propagation includes not just the errors but also the output
feedback from the neurons. The non-linear auto-regressive network with exogenous inputs
(NARX) is a classical feedback neuron network. The research experimental department will
analyse the series of relationships between UAI and VMAF through the NARX network.

Vi Y2 Ym

X1 X2 Xy

Feed back structure

Fig. 3.7 Feed Back Network

Another mechanism to realise the use of historical data is to add time delay to the data flow
of the network, including input delay and output delay. This idea can be realised by designing
Tapped Delay Line (TDL).

A tapped delay line is a delay line with at least one ’tap’. A delay-line tap extracts a data
output from somewhere within the delay line, optionally scales it, and usually sums with other
taps to form output data. A tap may be interpolating or non-interpolating. A non-interpolating
tap extracts the data at some fixed integer delay relative to the input. Thus, a tap implements a
shorter delay line within a larger one, as shown in Fig 3.8. Tapped delay lines efficiently simulate
multiple signals from the same source data. As a result, they are extensively used in the design

of delay networks.
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Fig. 3.8 Delay Line with One Tap

A complete structure of a TDL with two internal taps is shown in Fig. 3.8. The total delay
line length is M3 samples, and the internal taps are located at delays of M1 and M2 samples,
respectively. The output signal is a linear combination of the input signal u(n), the delay-line

output u(n— M3), and the two tap signals u(n—M1) and u(n— M?2).

u(n-M1) u(n-M2) u(n-M3)
u(n) > ZMI N RV, N VER V)
bo /l\bm l by bus
>+ o (+) > n)
O/ O/ )
Tapped Delay Line (TDL)

Fig. 3.9 Tapped Delay Line (TDL)
The difference equation of the TDL shown in Fig. 3.9 is, by inspection,

vi(n) = bou(n)+byiu(n—M1)+bypu(n—M2)+bysu(n—M3) (3.48)
corresponding to the transfer function

-M2

¢(2) = bo+bp1 2 M +bpz M2 + by M3 (3.49)

3.6.5 Auto-Regressive Network with eXogenous Inputs

Generally, dynamic networks to be used usually have either been focused networks, with
the dynamics only at the input layer, or feedforward networks. The non-linear auto-regressive
network with exogenous inputs is a recurrent dynamic network, with feedback connections
enclosing several layers of the network. The auto-regressive network with exogenous inputs
is based on the linear ARX theory, which can be used in time-series modelling. The defining
equation for the NARX is

Vi = L (t=1)> Y (1=2)s s Y(t=p)» U(1=1)5 U(t=2) > -+ U (1q)) (3.50)
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where, y; is the prediction of the next time, which is regressed on previous values of the output
signal and previous values of an independent (exogenous) input signal. Its structure is below Fig
3.10:

Iput layer

4

X(t-] ) *PG 2 N
\ Hidden layers
\V\ I
: : |

Input delay

Output layer
x(t-n) — AC) > 1(7)
y(t-m)
y(&-1)

NARX Structure
Fig. 3.10 NARX Structure

The NARX can be implemented by using a feedforward neural network to approximate the

function f.
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In order to get good training, the auto-regressive network with exogenous inputs can be
configured as follows: two architectures, parallel architecture (left figure) and series-parallel

architecture, shown as follows Fig. 3.11:

T T
u(t)—{ D — u(t)— D —
L Feed L Feed
Forward A Forward A
! t
Network _‘»y( ) Network _>y( )
T T
D— y(t)—{ D —
L L
\_____ \_____
Parallel Architecture Series-Parallel Architecture
(a) Parallel Architecture (b) Series-Parallel Architecture

Fig. 3.11 Two NARX Architectures

In the parallel architecture, the output of the auto-regressive network with exogenous inputs
can be considered as an estimate of the output of some non-linear dynamic system trying to
model. The output is feedback to the input of the feedforward neural network as part of the
standard NARX architecture. However, because the true output is available during the training
of the network, a series-parallel architecture could be created in which the true output is used
instead of feeding back the estimated output. This has two advantages. The first is that the
input to the feedforward network is more accurate. The second is that the resulting network
has a purely feedforward architecture, and static back-propagation can be used for training.
Generally, the sample data are always available for the dynamic system to be modelled; the
series-parallel architecture is configured first and used to train the auto-regressive network with
exogenous inputs to model a dynamic system. After complete training, the program function
can be employed to convert the auto-regressive network with exogenous inputs from the series-
parallel configuration, which is useful for training, to the parallel configuration and then take the

parallel configuration model to perform prediction.

3.6.6 Structure and Parameters

When using a NARX (Non-linear Auto-Regressive Network with Exogenous Inputs) network
to analyse time series, a crucial issue is the determination of delay parameters for the network’s
inputs and outputs. In linear model approaches, the order of the model indicates the extent of

its dependency on historical data; a higher order signifies a stronger dependency on this data.
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The NARX network is built upon the ARX model, and the input-output delay parameters of the
network reflect its level of dependency on historical data.
In the previous section, we identified a suitable order for the ARX model. This order serves

as an important reference for constructing the NARX network in this section.

Network Structures

NARX networks are recurrent neural networks based on multi-layer feedforward networks
with added feedback and delay mechanisms. Therefore, their non-linear mapping ability relies on
the functionality of multi-layer feedforward networks. Both UAI and VMAF are one-dimensional
data, which determines that the input/output layers of the network are also one-dimensional.
Determining the number of hidden layers and the number of neurons in each layer is the core of
network structure design. From the analysis of the back-propagation mechanism in the previous
section, it is known that the training objective of feedforward networks is to minimise the error
between the calculated output and the actual output of the sample data. The modification of
network weights is guided by this objective, while the number of layers and neurons in the
network does not directly affect the training objective from a theoretical perspective.

From practical application experience of multi-layer feedforward networks, generally, the
more hidden layers and neurons, the stronger the non-linear mapping ability. However, this also
leads to a more complex network structure, a sharp increase in weight parameters, slow training
speed, and a tendency to fall into local optima. Too many neurons can also cause overfitting.
Additionally, when it is necessary to increase the number of hidden layers or neurons in the
network, prioritising increasing the number of layers or neurons is also a tricky problem. For
example, a feedforward network with a total of 10 neurons can be designed as a single hidden
layer structure containing 10 neurons, or it can be designed as a structure with 2 hidden layers,

each containing 5 neurons, as shown in the Fig 3.12:

ny np

One layer structure Two layer structure

Fig. 3.12 10 Neuron Designed Structure

Clearly, under the same other settings, the two-layer structure increases the weight parameters

by more than 50 per cent compared to the one-layer structure.
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Practical application experience also suggests that increasing the number of hidden layers
is beneficial for achieving better training accuracy while prioritising increasing the number
of neurons, which is more advantageous for exploring the non-linear relationships hidden in
completely unknown sample data. Therefore, the design approach for the network structure in
this thesis is to first determine an upper bound for the number of neurons and hidden layers,
then start training with the simplest network structure and initial number of neurons, and if the
accuracy requirements are not met, gradually increase the number of neurons until the upper
bound is reached. Then, change the number of hidden layers in the network and evenly distribute
the number of neurons in each layer. Repeat this process until a satisfactory result is obtained.

After determining the basic structure of the NARX network, determining the delay of the
network is another important issue. The inherent patterns of the sample data are the essential
factors that determine the network delay. The original intention of designing NARX networks is
to fully consider the delay characteristics present in the sample data, and linear model theory
provides important guidance for designing the delay in NARX networks. The approach in this
thesis is to use the results of the linear model analysis from the previous section as a basis and
obtain a satisfactory network delay through continuous experimentation. It is important to note
that different cloud gaming content and different users profoundly affect the relationship between
UAI and VMAF. Especially in the cloud gaming service environment, these factors become
extremely complex for streamed videos. A NARX network trained with one or several sets of
sample data cannot be universally applicable. Extensive experimentation and improvement in the

later stages are essential for perfecting the analysis of the relationship between UAI and VMAF.

Hyper-Parameters

In addition to the network architecture, hyper-parameters play a crucial role in determining
the performance of neural networks. Hyper-parameters represent model configurations that are
external to the model’s parameters and cannot be estimated directly from sample data.

Generally, when sufficient background knowledge is available for the problem addressed
by a neural network, these hyper-parameters can often be specified by the practitioner. [21]
They may be set heuristically or adjusted based on the requirements of a specific predictive
modelling task. [129] However, the optimal values for a model’s hyper-parameters in a given
context are typically unknown. Machine learning practice offers several approaches to managing

hyper-parameters, including:

1. Applying heuristic rules of thumb
2. Adopting hyper-parameter values from similar problems
3. Searching for optimal values through trial and error

4. Employing optimisation algorithms, such as evolutionary algorithms, to fine-tune them
[116]
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Essentially, tailoring a machine learning algorithm to a specific problem involves tuning the
model’s hyper-parameters to identify the configuration that yields the most accurate predictions.
[76]

Given the multitude of hyper-parameters present in a NARX network, identifying the optimal
configuration can be a challenging, if not impossible, task. In this study, in addition to relying
on commonly used or default values, the following hyper-parameters are the primary focus of

adjustment:

net.divideMode- This parameter sets the ratio for dividing the sample dataset during network
training. By calling the divideblock() function, it separates the target set into three sets: training,
validation, and testing. The system’s setting is 0.7:0.15:0.15. To check the network’s ability to
reconstruct the sample data, in the initial stages of analysis, one can attempt to use all the sample
data for training.

net.trainParam.max_fail- This parameter sets the maximum number of validation failures
during the network training process. When the patterns in the sample data are relatively complex,
or when the network structure is set to be complex, too few validation failure attempts can lead
to premature termination of network training. Conversely, too many validation failure attempts
can lead to overfitting of the network.

net.trainParam.min_grad- This parameter sets the minimum value of the gradient during
network training. Once this minimum value is reached, training will terminate regardless of
whether the network meets the accuracy requirements. In other words, a trained network may
not necessarily meet the requirements. By analysing this parameter, one can determine whether
the training has reached the predetermined requirements.

net.trainParam.mu- This parameter, along with .mu_inc, .mu_dec, .mu_max, constitutes the
Momentum adjustment strategy during network training. Momentum is a measure that maintains
the stability of network training while accelerating network convergence. When network training
is very difficult, one can try adjusting this parameter to change the training performance.
net.trainParam.epochs- This parameter sets the maximum number of iterations for network
training. Once this maximum value is reached, training will stop regardless of whether the
network’s performance metrics are satisfactory. The .epoch parameter is also known as the
“hard condition’ for training stoppage. Usually, for a network that stops training based on this
parameter, further analysis is needed to determine whether its performance meets the target

requirements. Increasing .epoch implies that more training time is required.

In addition to adjusting the aforementioned numeric hyper-parameters, the choice of network
structure, time delay, activation functions, and training functions are also key hyper-parameters
for the model. The network structure, time delay, and activation functions have been discussed

in the preceding section; the primary training functions built into NARX are:

Gradient Descent This training function calculates the partial derivatives of the objective
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function with respect to each network parameter. It then selects the direction corresponding to
the largest partial derivative (i.e., gradient) to update the parameters, thereby gradually reducing
the error of the objective function. It is a widely used method suitable for most back-propagation
neural networks; however, its disadvantage is that it requires excessive training time. Due to the
complexity of UAI/VMAF data and based on extensive experimentation, we have selected this
training function as the initial choice for training our NARX network in the next chapter.
Momentum This training function is based on Gradient Descent; by incorporating a momentum
term (+A) into the gradient, it accelerates convergence and helps avoid local optima. When A
equals zero, this method reduces to standard Gradient Descent. Therefore, selecting the initial
value of A and its increment (_inc) and decrement (_dec) parameters is crucial for achieving
optimal performance of the NARX network. All simulations in Chapter 4 employ a combination
of these two methods, and the results presented in this thesis represent the best outcomes among
numerous experiments.

BFGS(C.G.Broyden, R.Fletcher, D.Goldfarb, D.F.Shanno) This training function is known
as the Quasi-Newton Method. Unlike the Newton Method, it does not require the computation
and storage of complete Hessian matrices, thereby accelerating convergence. Since the Hessian
matrix is often ill-conditioned, reducing its calculation enhances the robustness of the algorithm.
This method is suitable for training with massive datasets. In this study, although the characteris-
tics of the UAI/VMAF data vary greatly, the volume of data is not large; therefore, this method
is seldom used.

Building upon the aforementioned discussion and considering the characteristics of the UAI/VMAF
data analysed in this study, we will first utilise the data from CASE 1 to experiment with several
key numerical hyper-parameters to determine their approximate ranges. This preparation is
essential for the simulation research presented in the next chapter. The network architecture,
delay configurations, and activation functions will be determined through various experiments

conducted in the simulations of the subsequent chapter.

Hyper-parameters Configuration Trail

The primary principle of this experiment is that the selected set of hyper-parameters should
ensure the stable operation of the NARX model and produce simulation results. Based on this
foundation, we then aim to optimise the simulation efficiency of the NARX model. Referring
to the parameters of the MATLAB/NARX object and in conjunction with the analysis from
the previous section, we selected two sets of hyper-parameters for experimentation. The first
set employs the upper limit values of each numerical parameter, aiming to achieve the fastest
possible training speed. The second set uses the lower limit values of each numerical parameter
to enhance the stability of the training process. The training results of these two sets of hyper-
parameters are shown below:

The first set of training results:
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Results Reached maximum mu
Data Division Random (dividerand)
Training Bayesian Regularisation (trainbr)
Performance Mean Squared Error (mse)
Calculations MEX
Table 3.2 First Set Training Algorithm Table
Unit Initial Value Stopped Value Target Value
Epoch 0 165 500
Elapsed Time - 0:00:01 -
Performance 5.24 0.00746 0
Gradient 8.8 0.000218 1.00x 10710
Mu 0.001 1.25%x10'° 1.00x 10'°
Effective # Param 121 12.2 0
Sum Squared Param 248 3.67 0

Table 3.3 First Set Training Progress Table

Best Training Performance is 0.0074561 at epoch 72
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Fig. 3.13 First Set Training Performance

The simulation performance metrics for the first set of parameters are as follows:
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Fig. 3.14 First Set Training Error

Metrics Performance Value
e-mean (0.643954143397379
e-max  —3.733833876491061 x 1076
e-sum  0.400012402016974
e-fit 3.325401653467803
Table 3.4 First Set Simulation Performance Metrics

The second set of training results:

Results Reached maximum number of epochs

Data Division Random (dividerand)
Training Bayesian Regularisation (trainbr)
Performance Mean Squared Error (mse)
Calculations MEX

Table 3.5 Second Set Training Algorithm Table

Unit Initial Value Stopped Value Target Value
Epoch 0 500 500

Elapsed Time - 0:00:01 -
Performance 0.933 0.00714 0

Gradient 1,58 0.00021 1.00x 107>
Mu 0.01 0.01 1.00 x 10%
Effective # Param 121 8.76 0

Sum Squared Param 244 2.58 0

Table 3.6 Second Set Training Progress Table
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Best Training Performance is 0.0071351 at epoch 500
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Fig. 3.15 Second Set Training Performance

The simulation performance metrics for the second set of parameters are as follows:
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Fig. 3.16 Second Set Training Error

Metrics Performance Value

e-mean (0.639996587442842
e-max  0.002351972137746
e-sum  0.437261567289583
e-fit 3.399738 169998280

400 450

Table 3.7 Second Set Simulation Performance Metrics
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By comparing the results of the two sets of hyper-parameters, it can be observed that the
simulation using the first set of parameters terminated with the message "maximum mu reached"
at epoch = 165. This indicates that the network did not sufficiently learn from the sample
data and may have converged to a local optimum. In contrast, the second set of parameters
stopped at the maximum number of epochs, and there was excellent consistency between the
training performance metrics and the validation performance metrics, suggesting that the training
with this set of parameters was more thorough. We attempted to further expand the search
range; however, there was no significant change in either the training metrics or the simulation
performance indicators.

The parameters of the MATLAB/NARX object referenced in this experiment, the settings of
the search range, and the finally determined intervals for selecting hyper-parameters are shown
in Table 3.8.

Default Searching range Selected
trainParam.goal 0 0 0
{trainParam.time Inf’ Inf’ Inf’
.performFcn ‘mse’ ‘mse’ ‘mse’
trainFcn trainlm’ trainlm/traingd’ trainlm’
.divideMode "sample’ 0.7:0.3/0.8:0.2 0.7:0.3
trainParam.epochs 1000 [500 ~2 000] 1000
JrainParam.max_fail 6 [6 ~ 10] 10
trainParam.min_grad 1.00x 1077 [1.0x107 ~1.0x10719] 1.00x 10710
trainParam.mu 1.00x 1073 [0.001~0.01] 1.00x 1073
trainParam.mu_max 1.00x10'0 [1.0x10%~1.0x10']  1.00x10'
trainParam.mu_inc 10 [5 ~10] 5
trainParam.mu_dec 0.1 [0.05 ~ 0.1] 0.05

Table 3.8 NARX Hyper-parameters Searching Table

It is important to note that the two sets of parameters we selected correspond to the two
extremes of the search range and exhibit significant differences; however, their simulation
performance metrics do not vary substantially. This indicates that, for the UAI/VMAF data
examined in this study, the numerical hyper-parameters of the NARX model are not particularly
sensitive. Consequently, in the experiments conducted in Chapter 4, we will select the numerical
hyper-parameters of the NARX model based on these experimental results. Our primary focus
will be on investigating the selection of network architecture, delay configurations, and activation

functions to achieve optimal simulation performance.

Performance Index

According to the back-propagation mechanism, the main indicator for evaluating the training
effect of a NARX network is the Mean Squared Error (MSE). However, in practical applications,
it is also necessary to consider indicators such as the complexity of the network structure, the
number of training iterations, and the network’s generalisation ability. Generalisation ability

refers to the ability of a trained network to produce correct outputs for new input data. [147] Poor
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generalisation ability is an inherent defect of feedforward networks, and NARX is no exception.
This thesis uses NARX to analyse the relationship between UAI and VMAF, and special attention
needs to be paid to this defect. The quality of generalisation ability will directly affect the effect
of using the NARX network for multi-step prediction.

In addition, the network training effect indicators only reflect the performance of the network
on the training sample dataset and do not fully reflect the regression effect of UAI and VMAF.
Therefore, it is also necessary to use the trained NARX network to simulate each game dataset
and comprehensively evaluate it in combination with the indicators in the next chapter.

Based on the above analysis, the network structure and training parameter settings are all
in service of the network’s performance indicators. Moreover, these settings vary depending
on changes in sample data, usage environment, and other circumstances. This necessitates
continuous adjustment of the network structure and training parameters based on actual situations,

ultimately obtaining an effective NARX model through multiple experiments.

3.7 Summary

Through the content of this chapter, we have learned in detail that in the current research, we
collected user operation data and video quality parameter VMAF for different games through
various programs. During the collection process, in order to better quantify user operation data,
we established the User Activity Index (UAI) to measure and unify different user operation
behaviours within a unit of time. This provides a reliable data source for subsequent modelling
and analysis. Following that, based on the problems faced by cloud gaming services and their
characteristics, we proposed two modelling schemes. We conducted an in-depth analysis of the
time series analysis and NARX used and discussed them in combination with the characteristics

of cloud gaming video quality parameters.



Chapter 4

Results and Evaluations

4.1 Overview

Based on the above research content, we first introduce and discuss the data processing
procedure in this chapter. After obtaining a large amount of experimental data through the
programs and methods introduced in Chapter 3, we perform multiple pre-processing steps on
the data and conduct standardisation. Following that, according to the modelling theories and
methods proposed in Chapter 3, we model UAI and VMAF using time series analysis methods
and the NARX model, respectively. Next, we verify the reliability of our model by modelling
and analysing multiple sets of data from different types of games. At the same time, we also
perform simple predictive analysis through the model and validate the prediction results to prove
the correlation and predictability between UAI and VMAF. The simulation process is shown in

Fig 4.1 in the next page.

4.2 User Activity Index and VMAF Data Processing

During the process of collecting User Activity Index (UAI) data, we undertook the following
steps. Initially, we designed a program to ensure that the recording of the original video and the
collection of UAI commenced simultaneously. Subsequently, for different games, we applied
different weights to invoke the respective game collection programs, thus specifically capturing
each frame’s user behaviour data. We then conducted a per unit time analysis of the data obtained
from different games by the collection program, removing erroneous and invalid operation data.

For VMAF, we employed a similar approach, initiating video recording simultaneously with
the collection of user behaviour data. Moreover, we performed corresponding trimmings for the
compressed videos with the original videos. Since compressed videos may eliminate a certain
number of key-frames depending on the compression format used, during the trimming process,
we ensured the consistency of the key frame lengths to prevent discrepancies in video quality

calculations that could arise from missing key-frames.
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Fig. 4.1 Matlab Simulation Process Workflow

We also filtered and weighted the VMAF data to remove outliers that deviate from the video
quality curve and calculated the average per unit time, thus correlating it with the user behaviour
data. The codes used for these processes are provided in the appendix.

Finally, we selected the Min-Max normalisation method, which is introduced in Chapter 3.
Since the VMAF index is presented in the form of a percentage, we mapped the UAI data to
the interval [0, 1] as well. This approach dimensionality transforms the two key model input

indicators, unifying their ranges to the same scale.
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4.3 Overall Latency and White Noise

4.3.1 Overall Latency for Cloud Gaming

In Chapter 2, we discussed that cloud gaming is an application scenario centred on cloud
computing technology. In this framework, game rendering and the processing of user inputs
and graphical outputs are executed on cloud servers, with streaming technology serving as a
critical enabler. [20] The player’s control inputs are transmitted over the Internet to cloud servers
and processed there, and the resultant video stream is delivered back to the player’s screen.
Achieving high-quality video streaming and low-latency performance is essential for delivering
a seamless cloud gaming experience. [114]

The end-to-end latency in cloud gaming comprises several factors that directly affect stream-
ing quality and user experience. These components include transmission latency, instruction
latency, encoding latency, packetisation latency, packet reception latency, decoding latency, and
frame interval latency. Transmission latency refers to the time required for transmitting media
and command streams between the client and the server. Cloud providers often use edge nodes
to reduce network distances, ensuring that round-trip time (RTT) typically remains under 10
ms in optimal conditions, equivalent to 5 ms one-way latency. However, during high-demand
scenarios where centralised scheduling connects users to more distant nodes, RT'T may reach
approximately 30 ms (15 ms one-way). Low transmission latency is crucial for maintaining
synchronisation between user inputs and game visuals. [2]

Instruction latency is the delay between a user’s input and its recognition by the rendering en-
gine (e.g., Unity or Unreal Engine) on the server. Efficient inter-process communication between
the streaming layer and rendering application can bypass operating system-level interaction,
enabling virtualised operations. This approach ensures instruction latency is controlled within
1 ms. Minimising instruction latency enhances responsiveness, a key factor for maintaining
immersive gameplay in action-intensive scenarios. Encoding latency refers to the delay incurred
during the video encoding process. By leveraging GPU hardware acceleration and a zero-latency
encoding strategy, texture data can be captured and encoded within the GPU, avoiding costly
GPU-CPU data transfers. This reduces power consumption and keeps encoding latency un-
der 2 ms. Optimised encoding directly contributes to higher video stream quality, enabling
high-definition (HD) visuals without compromising performance.

Packetisation latency occurs during the encapsulation of encoded video into RTP packets
before transmission. Using advanced congestion control strategies tailored for cloud gaming,
servers can dynamically adjust network buffers to reduce packetisation delays to under 5 ms.
Effective packetisation ensures minimal buffering while maintaining smooth video playback.
Packet reception latency arises from the jitter buffer at the client side, which handles out-of-order
packets, packet loss, and network jitter. A typical configuration buffers 1-2 frames, resulting in
a latency of 20-30 ms. While this introduces minor delays, it stabilises the video stream and

minimises visual artefacts such as stuttering or freezing, thereby enhancing overall video quality.
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Decoding latency depends on the client device’s hardware and software capabilities. For
mid-range devices, software decoding of HD video typically incurs an average latency of 8
ms. While this latency is statistically consistent, further optimisations may be required for HS
platforms to improve performance. Efficient decoding ensures that high-resolution frames are
displayed with minimal delay. Frame interval latency is determined by the frame rate and video
encoding mechanisms. At 60 fps, the interval between consecutive frames is 20 ms, introducing
a delay of 0-20 ms between command response and video encoding. This inherent delay cannot
be eliminated due to the nature of the encoding process but is manageable within the overall
latency budget.

For a 1080P 60fps cloud gaming scenario, the total latency range comfortably enables a sub-
100 ms experience. Achieving this level of latency is critical for preserving high-quality video
streaming in cloud gaming. Low latency ensures that player inputs feel instantaneous, reducing
the perception of lag, which is particularly important in genres such as first-person shooters or
racing games. [63] Furthermore, advanced encoding techniques and adaptive streaming ensure
HD or even 4K visuals are delivered with minimal compression artefacts, maintaining clarity
and visual fidelity even during complex scenes.

Cloud gaming’s reliance on high-speed, low-latency streaming technologies underscores the
importance of optimising each component in the end-to-end pipeline. [31] By balancing latency
reduction and video quality enhancement, it is possible to deliver a gaming experience that is
both visually immersive and highly responsive, meeting the expectations of modern players.
Future research should focus on further reducing latency while exploring innovative streaming
strategies for delivering ultra-high-definition content with minimal network or computational

overhead.

4.3.2 White Noise in NARX

In the context of a Non-linear Autoregressive model with Exogenous inputs (NARX), "white
noise" refers to a random signal or sequence typically used to represent uncorrelated, unpre-
dictable variations or disturbances in a system. Understanding white noise in NARX involves
analysing its statistical properties, role in the model, and its effects on performance. [85]

White noise is characterised by several properties. [87] Firstly, it has a zero mean, meaning
the average value of the noise signal over time is zero, expressed mathematically as E[w(?)] =0,
where w(¢) is the noise at time 7. Secondly, white noise has a constant power spectral density,
signifying equal power across all frequency components. This characteristic gives it the analogy
to white light, which contains all visible colours (frequencies). Thirdly, the values of white noise
are uncorrelated, implying that each value is statistically independent of the others. For two
different time points 71 and 7, the correlation satisfies E[w (1) -w(t2)] =01if t; # t. Additionally,
in many cases, white noise is assumed to follow a Gaussian (normal) distribution, often referred
to as Gaussian white noise. [13]

The role of white noise in NARX models is significant. A NARX model predicts the future
output of a system based on its past outputs (e.g., y(t—1), y(t—2), ...), external inputs (e.g.,
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x(t),x(t—1),...), and a noise term, which is often represented as white noise w(¢). The general
form of the NARX model can be expressed as:

y(t)=f(y(t-1),y(t=2),...,x(t),x(t=1),...)+w(t),

Where f(-) is a non-linear function approximating the system dynamics, and w(t) accounts for
stochastic components such as measurement noise, model uncertainties, or external disturbances.

White noise serves several key purposes in NARX models. It represents measurement noise,
capturing random variations not explained by the deterministic system dynamics, such as sensor
errors or unpredictable environmental factors. Because white noise has a zero mean, it introduces
unbiased disturbances into the model. Over time, the positive and negative deviations introduced
by white noise cancel each other out, ensuring no systematic bias in the predictions.

During training or validation of NARX models, residual analysis often involves checking if
the residuals—the differences between predicted and actual outputs—behave like white noise. If
the residuals exhibit correlation or patterns, this suggests the model has failed to fully capture
the underlying dynamics. Excessive white noise in data, however, can make it difficult for the
NARX model to distinguish between true system behaviour and random disturbances. In such
cases, filtering techniques, such as low-pass filters, are applied to reduce noise while preserving
essential system dynamics.

In simulations, white noise may be artificially introduced to test the robustness of a NARX
model or simulate real-world conditions. This ensures the model’s performance remains reliable

even under stochastic disturbances.

4.3.3 Simulation Latency as White noise

Latency in cloud gaming introduces random variability into the system, stemming from
network dynamics, hardware processing times, and environmental factors. These variabilities
make precise latency measurement and modelling challenging. Instead of treating overall latency
as a deterministic or directly measurable factor, its stochastic nature allows it to be treated as
white noise in predictive models like Non-linear Autoregressive models with Exogenous inputs
(NARX). This approach leverages the inherent statistical properties of white noise to account for
latency effects without requiring granular data collection.

In a NARX model, white noise ¢; is a representation of the system’s stochastic disturbances,
which includes latency-induced variations. This random signal is defined by its zero mean,
constant variance, and lack of temporal correlation, enabling it to capture the unpredictable
fluctuations present in a cloud gaming environment. For instance, while specific components of
latency—such as transmission or decoding delays—may vary based on conditions, the aggregate
latency behaves as a random disturbance relative to the deterministic relationship between user
inputs and video quality metrics like UAI-VMAF.

The advantage of modelling overall latency as white noise lies in its abstraction. Latency

components in cloud gaming often interact in complex, non-linear ways, making direct measure-
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ment or deterministic modelling infeasible. By incorporating ¢, as part of the NARX framework,
the predictive model can effectively separate the deterministic input-output dynamics from
random disturbances. This ensures that the system can generalise across various conditions,
such as network jitter or hardware performance variability, without overfitting to specific latency
patterns.

Importantly, treating latency as white noise aligns with practical considerations in cloud
gaming. Ideal white noise does not exist in reality, but as long as the system’s bandwidth
significantly exceeds the effective spectral width of the noise, the approximation holds. This
principle enables the use of NARX networks to predict video quality with high accuracy, even
when latency variations occur across multiple dimensions of the streaming process. [25] For
example, the noise sequence ¢; in the NARX model encapsulates not only transmission delays
but also encoding and packetisation variations, providing a unified representation of latency
effects.

This abstraction avoids the need for direct measurement of latency components, simplifying
model implementation and enhancing scalability. As cloud gaming systems evolve, the diversity
of network architectures and device capabilities increases, leading to greater heterogeneity in
latency profiles. By assuming a white noise structure for these profiles, NARX models remain
robust to changes in infrastructure or usage patterns, making them highly applicable in dynamic,
real-world scenarios.

Finally, simulations using NARX networks have demonstrated their effectiveness in han-
dling stochastic disturbances while preserving predictive accuracy for video quality metrics.
By capturing the relationship between deterministic factors and video quality outputs and by
treating overall latency as a stochastic input, NARX-based approaches ensure reliable predictions
without exhaustive data collection or system-specific tuning. This methodology underscores the
adaptability and efficiency of white noise modelling in cloud gaming contexts. Therefore, in
this thesis, we reasonably treat the overall latency as white noise within the NARX model for
UAI-VMAF in cloud gaming. This approach simplifies the modelling complexity by abstracting
external interference factors, allowing for a deeper exploration of the relationship between UAI
and VMAF and their mutual influences. By eliminating the need to model external disturbances
explicitly, this method enables a more precise investigation into the determinants of video quality
in cloud gaming. Furthermore, this abstraction facilitates the development of a more accurate
predictive model for video quality improvement while significantly reducing reliance on detailed
latency data. By adopting this strategy, the proposed NARX-based framework offers enhanced

scalability and adaptability across diverse cloud gaming scenarios.

4.4 Evaluation Index

The purpose of this study is to predict the quality of cloud gaming streamed video; therefore,
using UAI as input and regressing VMAF is our research objective. To evaluate the performance

of the established models, this thesis defines the following four metrics to assess the regression
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results of the models, namely
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In the above metrics, e,,.,, reflects the mean variation of the error between the model’s
calculated output and the actual output; e, reflects the variation of the maximum value of the
error between the model’s calculated output and the actual output; e, reflects the variation of
the total error between the model’s calculated output and the actual output; and e y;; reflects the
percentage of agreement between the calculated output and the actual output. These four metrics
evaluate the regression performance of the model from different perspectives. The €,,¢4, and
e rir show the overall performance between the model’s calculated outputs and actual outputs;
they determine whether the model can be used or not. If one of them is too low, that proves the
model cannot be used to predict. The e, shows individual samples’ abnormal variation. In
other words, for a whole period prediction, a few individual abnormal points could be generally
acceptable. The ey, shows the total error for a whole period prediction, which tells the user

how much the prediction can be trusted.

4.5 Simulation of Time Series Models

Game A is a single-player action game with rapidly changing visual content and a high
user behaviour index. We collected 20 minutes of UAI and VMAF data for this game. After
processing, the sample raw data of the VMAF coefficient and UAI are shown in the following
Table 4.1:

Next, we proceed with modelling and analysis. First, we plot the time-domain graph of UAI
and VMAPF as follows: Fig. 4.2 and Fig. 4.3:
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No UAI VMAF

10 0.703805456
10 0.850330242
6  0.853323176
3 0.809064276
10 0.851081111

N B~ W N =

Table 4.1 UAI-VMAF Date Table Example
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Fig. 4.2 Time domain of UAI for Simulation of Time Series Models
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Fig. 4.3 Time domain of VMAF for Simulation of Time Series Models
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ARX Simulation

To begin with, starting from the simplest linear model, we use ARX(2,2,1) to fit the rela-
tionship between UAI and VMAF. The modelling process is as follows: data =iddata(y,u);
arx221 = arx(data,[2 2 1]); y =sim(arx221,data); The simulation results are shown in
the Fig. 4.4:

ARX221:0riginal and Simulation
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Fig. 4.4 ARX(2,2,1) Simulation Results

It is evident that the simulated data differs greatly from the original data, indicating that
the ARX(2,2,1) model cannot reflect the variation patterns of VMAF and is fundamentally
inapplicable. Further improvement of the model is necessary.

Although linear model theory provides a method to determine the order of the model by
calculating p; and ¢y, this approach is clearly not suitable for ARX and ARMAX models with
external input sources and can only serve as a reference. Therefore, we estimate the order of the
ARX model through experimental trial calculations.

Through program settings, we preset the model order to 40 (about 10 per cent of the total
number of samples) and simulate ARX and ARM AX, respectively. The simulation results of
ARX:Order=2-40 are as Fig. 4.5:
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Fig. 4.5 ARX:Order=2~40 Simulation Results

In order to conduct an in-depth analysis, the curves of various performance indicators are
plotted as Fig. 4.6, Fig. 4.7, Fig. 4.8, Fig. 4.9:
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From the above simulation results, we can see that when the order of the ARX model
increases to 10, the changes in various performance indicators tend to be stable. The four
indicators e,,¢an, €max» €sum» ande y;; are in the optimal value range when they are in the range
of 10-15. After the 15th order, the performance indicators gradually begin to deteriorate. For
the e y;; indicator, negative values appear, reflecting that the point-by-point agreement between
the model calculation value and the actual value is very poor. There are many reasons for this
phenomenon, such as, (i) The estimation algorithm failed to converge; (ii) The model was not
estimated by minimising |y — $|. Best Fit can be negative when you minimised 1-step-ahead
prediction during the estimation, but validate using the simulated output y; (ii1) The validation

data set was not pre-processed in the same way as the estimation data set; (iv) The two random
sequences being regressed are in a highly non-linear relationship.

ARMAX Simulations

ARMAX: The simulation results of Order=2-40 are shown in the Fig. 4.10:
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Fig. 4.10 ARMAX:Order=2~40 Simulation Results

Each curve is plotted separately as follows Fig. 4.11, Fig. 4.12, Fig. 4.13, Fig. 4.14:
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Based on the above simulation results, the four indicators ecan, €max> €sum, and e can
reflect the relationship between the variation patterns of keyboard inputs and VMAF sequence
data and the model order. As the order increases, the four indicators stabilise in an optimal range,
and further increasing the order will gradually worsen the indicators. The ARX model is more
valuable than the ARMAX model in reflecting the variation patterns of keyboard inputs and
VMAF sequence data. High-order ARMAX models have poor stability.

During the research process, attempts were made to further increase the model order, but
the stability of the algorithm deteriorated. When the order exceeded 50, the algorithm became
unusable. This phenomenon indicates that the parameter estimation algorithm for linear models
is based on the estimated values of the auto-correlation function and partial auto-correlation
function of the sample data, denoted as p; and ¢ix. To ensure p; — Py, the sample size N must
be sufficiently large. At the same time, to ensure that N — k is also sufficiently large, k cannot
be too large. Theory suggests that generally, k should be approximately % of the sample size,
meaning that the model order should be between (2 — k) and determined by comprehensively
considering the (4.1) indicators.

To more clearly analyse the model performance indicators, the four indicators of the ARX

and ARMAX models are plotted separately for comparison, as shown below:
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e-Mean of ARX and ARMAX
T T T

0.8

0.6 -

0.4

0.2

0 5 10 15 20 25 30 35 40

Fig. 4.15 eyean of ARX & ARMAX

From Fig 4.15, we can see that the index e;,.,, gradually stabilises after the 10th order,
the e,0q4n Of the ARX model decreases slowly, but the fluctuation is small, and the e,,.4, of
the ARMAX model decreases quickly, but the fluctuation is also large. Taking all factors into
consideration, it is more reasonable to select the order of the linear model within the range of
10~15.
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Fig. 4.16 e of ARX & ARMAX

From Fig 4.16, we can see that the decline rate of e,,; of the ARMAX model is better than
that of the ARX model, but its fluctuation is also larger. Taking all factors into consideration, it

is more reasonable to choose the order of the model within the range of 10~20.
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Fig. 4.17 egum of ARX & ARMAX

In Fig 4.17, the variation pattern of the indicator eg,,, is similar to the above two. The order

of the two models is more appropriately selected within the range of 10~15.

e-Fit of ARX and ARMAX
T T T

-0.5 -

)
T

-2.51+
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As can be seen from Fig 4.18, the indicator e;; has a negative value, indicating that the
point-by-point Fit of the two models is not high.

Based on the above analysis and the computational efficiency factors of the ARX and
ARMAX models, the 12th order can be used as the reference order of the linear model.

All the above simulations prove that ARX/ARMAX models can not complete the task of
predicting VMAF through UAI This illustrates that the relations between UAI and VMAF are

strong non-linear instead of linear, which no longer results in the failure of the linear model.
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However, it also obviously demonstrated the causality between UAI and VMAF, as well as
their dynamic auto-regressive characteristics. This provides the theoretical essentials for us to
employ the NARX to analyse the UAI and VMAF. Furthermore, it also proves that the key step
for predicting VMAF through UAI is capturing the non-linear map relation of UAI/VMAF by
utilising the output feedback and delay mechanism of RNN. In the following, we will launch the
NARX to simulate multiple cloud game datasets.

4.6 Simulation of NARX

To verify the effectiveness of NARX modelling, in this section, we conduct simulation
experiments using 5 collected game datasets. The Case 1 dataset is consistent with the one
used in the linear model simulation in the previous section. We use NARX to simulate it as a
comparison and analyse the delay parameter settings of NARX with this dataset. The Case 2 and
Case 3 datasets come from action games, where the game content changes and video features are
significantly different. These two datasets use different data compression rates to verify the wide
applicability of NARX modelling. The Case 4 and Case 5 datasets are collected from other types
of games, and their game content changes and video features are different from the previous
datasets. The presented UAI/VMATF relationship is more complex. We use data augmentation
techniques to compensate for the poor model simulation effect caused by defects in the data
samples, proving that when using NARX to model and analyse the UAI/VMAF relationship,
it is necessary to use some data augmentation techniques in a timely manner according to the

characteristics of the original dataset.

4.6.1 Matlab and NARX

This section discusses the NARX network structure and other key hyper-parameters, except

for those already covered in Chapter 3.

Structure

A NARX network object (with two layers as shown in Fig 4.19) is implemented in the
programme; it serves as an example of a two-layer feedforward network used for approximation

purposes. [75]
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Inputs Layer 1 Layer 2
N7 N7 N

n'(r)

p'(®) = u(t) a'() 2'(1)= ¥(1)

Fig. 4.19 Example NARX Network [147]

If the data relationship to be approximated is relatively simple, a single-layer network may
suffice; conversely, if the relationship is more complex, three or more layers may be constructed.
In this study, a two-layer configuration with ten neurons in each layer serves as the fundamental
setup. This configuration may be adjusted according to the specific requirements of different

game Cases.

Delay Analysis

Utilising a NARX network to model the relationship between UAI and VMAF involves
employing a feedforward network to realise the non-linear mapping from UAI to VMAF. The
dynamic feedback mechanisms inherent in the NARX network encapsulate the autoregressive
characteristics of the random sequence. Consequently, the design of delays within the NARX
network becomes a critical consideration, and analysing the time series delays is crucial for
accurately modelling the relationship between UAI and VMAF.

From the perspective of cloud gaming applications, the visual quality at a player’s current
time ¢ (expressed as the VMAF score VMAF(¢)) depends on the player’s User Activity Index
(UAI) at time ¢ and the UAI values at the preceding N time steps, namely UAI(z — 1), UAI(z —
2),...,UAI(r — N). As time ¢ progresses, these previous UAI values also shift forward, forming
a time window of width N. Therefore, the delay design can also be referred to as the sliding
window design—that is, designing a window N (7) that evolves over time to accurately reflect
changes in UAI(z).

In this process, the time-step is a critical parameter representing the number of consecutive
frames displayed on the player’s screen. It is evident that different types of games have varying
numbers of consecutive frames. For action games, the time-step should be relatively large due to
rapid changes in visuals, whereas for music games, which feature slower visual transitions, the
time-step can be smaller. In this study, Case 1 to Case 5 corresponds to an FPS game, an Action
2D Game, an Action 3D Game, an RPG Game, and a Music Game, respectively, with time-step
values ranging from O to 60.

Of course, besides being influenced by the game type, both the sliding window and time-step

are directly affected by factors such as hardware performance, network environment, and various
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forms of noise (e.g., programme response speed, image compression rate). Clearly, accurately
designing the sliding window and time-step is highly challenging and can only be determined
through simulation experiments tailored to different game types.

Based on the delay analysis of UAI and VMAF in the previous section, we first use the
correlation function analysis method to estimate the delay of the collected sample data sequence.
Then, using this estimate as a reference, we simulate the impact of delay on the regression
performance of the NARX network. The correlation analysis steps for the UAI and VMAF

sequences are illustrated in the following Fig 4.20:

UAI series —>
VMATF series —>

Y
Y

Normalization Cross-Correlation Delay Analyze |—-delays

Fig. 4.20 Cross Correlation Method

Objective Function

NARX is a type of dynamic network; however, its weight adjustments are accomplished
through an error backpropagation mechanism (as shown in Figure 3.3). All hyper-parameters of
the NARX network are configured to minimise the objective function. The objective function,
presented in Equation 3.40, is based on Equations 3.41 and 3.42.

For example, suppose we have designed a NARX network with a total of 20 neurons, and
there are 500 sample data points available for training. When the n-th sample (n =1...500) is
input, the output generated at the j-th neuron (j = 1...20) is denoted as d;(n). At this time, the
actual output of this neuron is denoted as y;(n). Thus, the error of this neuron is denoted as
e;(n), that is,

ej(n)=dj(n)—y;(n) 4.5)

Let the square error of the neuron be %e?(n), then the total square error at the output of the

network is:

1 20
E(n) =3 > e3n) (4.6)
j=1

Assuming that the total number of training samples is 500, the average total error generated after

all samples are input into the network is:

1 500
Esy=— Y E 4.
AV 500; (n) (4.7)

This constitutes the first round of training. If the average error E 4y reaches the training
target, the training is terminated, and the weights at this time are considered the optimal weights
of the network. If E 4y does not meet the target, the next round of training begins, and this cycle
continues until E 4y satisfies the requirement. However, training the network with E 4y as the

objective merely ensures the optimal fitting of the input/output relations of the training sample
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data under a specific hyper-parameter configuration. To determine whether this network is appro-
priate for modelling the UAI/VMATF relationship, it must be evaluated using the performance
metrics defined by Equations 4.4, 4.4, 4.4 and 4.4.

4.6.2 NARX Case 1 - FPS Game

For comparison with the linear model, we still use the data from Game A for NARX
modelling.

First, set up a relatively simple network structure, and select the parameters as shown in the

following table 4.2:
1 2 3 4 5
Parameter
1" layer 2'"layer Startdelay Enddelay epoch
Value 10 10 1 32 1000
Table 4.2 Parameter Table for NARX Case 1
6 7 8 9 10
Parameter
TFi BTF BLF PF others
Value tansig/purelin  trainlm learngdm mse Searched

Table 4.3 Parameter Table for NARX Case 1 Continue

The code is as follows:

Algorithm 1 Training and Simulating NARX Network Program

1: narx_net < newnarxsp(data, input_delay, output_delay, [20], TFi, BTF, BLF, PF)
2: Set max_epochs to 1000

3: narx_net « train(narx_net, data, delay, max_epochs)

4: y_sim < sim(narx_net, data, delay)

The results are shown in the following figure:
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Fig. 4.21 Network Structure for NARX Case 1
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. Best Training Performance is 0.0077207 at epoch 246
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Fig. 4.24 NARX_NET Simulation Result for NARX Case 1

The calculated results for the performance metrics of the model are: narx_net: layer=[20],
delay=1, epoch=1000, €eqn = —6.3148 X 107°, €,4x = 0.4080, e = 3.4512, e fi = 63.76%,
Analysing the simulation results above, the training of the network was terminated when the
net.trainParam.mu reached its maximum value, and the network training stopped at the 961st
epoch (with the preset maximum epoch set at 1000). At the same time, it is possible to retrain the
network by adjusting net.trainParam.mu and other training parameters, the overall performance
metrics of the model were not satisfactory. Only the e,,.,, metric was relatively ideal, while the

other three metrics were poor. Further error analysis is illustrated in the following graph:
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Error Histogram with 20 Bins
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Fig. 4.25 Histogram for NARX Case 1 Simulation
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Fig. 4.26 Error correction for NARX Case 1 Simulation
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From the error distribution histogram, it can be seen that the proportion of instances with

an absolute error greater than 0.1129 is very high. The proportion of instances that fall outside
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the confidence interval in the error autocorrelation histogram is also very high. The input-error
histogram exhibits multi-peak characteristics, indicating the presence of periodic trends between

input-error.
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Fig. 4.28 Regression for NARX Case 1 Simulation

The regression plot shows that although R=0.9364, the data points are scattered over a wide
range and are not highly concentrated. The response plot reveals that there are generally large

errors between the Outputs and Targets across the entire dataset.
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Fig. 4.29 Response for NARX Case 1 Simulation

In summary, the calculated model performance metrics are consistent with the error analysis
results, indicating that the preliminary simulation results are not acceptable. It should be noted

that the delay analysis in the previous chapter pointed out that delay settings are crucial for NARX
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networks and are key parameters affecting the capture of dynamic relationships in UAI-VMAF
sequence data. However, the correct delay settings were not used in this preliminary simulation.

Therefore, dedicated simulation experiments on delays will be conducted below.

Delay Analysis for NARX Case 1

Using the delay_estimator.m script program written in this thesis, the delay analysis of UAI
and VMAF for Game 1 yields a result of 16. Taking this delay value as a reference, we test
the impact of delay values in the range of [1~32] on the regression performance. The network

structure parameters are as follows Table 4.4 and 4.5:

1 2 3 4 5
Parameter
1" layer 2" layer Startdelay Enddelay epoch
Value 10 10 1 32 1000

Table 4.4 Parameter Table for NARX Case 1 including Delay Analysis

6 7 8 9 10
Parameter
TFi BTF BLF PF others
Value tansig/purelin  trainlm learngdm mse Searched

Table 4.5 Parameter Table for NARX Case 1 including Delay Analysis Continue

Network training and convergence indicators are detailed in Appendix 3. The table of network

regression performance for different delay values is as follows Table 4.6:

Param
€mean €max €sum Cfit
Delays

1 —3.4754x107%  4.0841x 107! 3.4499 63.77%
2 1.1489x 107 3.9689x 107! 3.3182 64.43%
3 2.9390x107%  1.8238x 107! 1.0990 79.51%
4 —-5.6526x107% 1.4566x 107! 8.7861x10"!  81.67%
5 —2.5070x 1076 1.3403x 107! 7.4965x 10!  83.05%
6 —7.4864x 107 2.1986x 107! 1.6317 74.98%
7 -8.3266%x107%  2.2296x 107! 1.4692 76.24%
8 3.1386x 107 1.9716x 107! 1.2517 78.06%
9 8.6684x107%  1.7703x 107! 1.2770 77.83%
10 5.8188x 1070  1.9699x 10! 8.2781x10"!  82.15%
11 —-1.3485x 107 1.5099x 107! 5.3732x107!  85.62%

4.4926x107%  1.1299x 107!  4.2069%x 107"  87.27%

[
[\®]
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Param
Delays €mean €max €sum €fit
13 1.2762x 107> 1.5709x 107! 5.8137x107!  85.04%
14 3.8489x 1070  1.1514x 107! 4.1035x107! 87.43%
15 1.3870x 107 1.2553x107!  3.2414x107"  88.82%
16 1.1368x 1073 6.2146x 107! 2.5949x 10!  0.00%
17 2.1781x107% 9.2710x 1072 1.5280x 107! 92.33%
18 47098x107°  8.6263x1072 1.1112x107"  93.45%
19 8.2776x1077  9.9164x 1072 8.5787x 1072  94.24%
20 4.3734x 107 1.4197x1072  4.0605x1073  98.75%
21 —-1.0706 x 1078 1.6025x 1077 4.0484x 10713 100.00%
22 —~6.9990x 10719 1.2735x 1077 4.7152x 10" 100.00%
23 1.1901x 1073 6.1731x10°!  5.413x 10! 0.00%
24 1.1980x 1073 6.1640x107!  2.5268x 10!  0.00%
25 4.9033x10710  1.5526x1077 4.1686x 10713 100.00%
26 1.2147x 1073 6.1510x 1071 2.5102x10!  0.00%
27 —2.9299x 107  4.3318x 1077 3.7180x 10712 100.00%
28 1.2326x1072  6.1387x107!  2.4969x 10!  0.00%
29 1.1980x 1073 6.1342x 107! 2.4928x10!  0.00%
30 1.2461x1073  6.1269x 107! 2.4846x 10! 0.00%
31 4.2324x107°  1.4965x107° 1.2473x10~'"  100.00%
32 1.1453x 1078 6.8302x107% 1.6592x 10713 100.00%
Table 4.6 Table of network regression performance
The performance metrics for network regression are graphed as follows:
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The data in the network training performance table shows that when the delay value is set
to 1,2,3,4,16,23,24,26,28,29,30, network training terminates due to mu reaching its maximum
value. The best network performance metric among these is only 1.9788 x 1073, which is far
from the preset target of 0.0000, indicating that the network training algorithm is unstable and
training terminates prematurely. Excessively large mu values may also cause network training to
fall into local minima.

When the delay value is set to 22,25,27, network training terminates due to the gradient
reaching its minimum value. The network performance metric reaches 8.8313 x 10~ or higher,
indicating that the network performance metric is in a relatively flat decreasing interval, and it
is difficult to achieve significant improvement. In this case, although the network performance
metric is close to optimal, the network’s generalisation performance is poor, and there is no value
in further adjusting the network.

For the remaining 18 delay value settings, network training terminates when the maximum
number of iterations is reached. When the delay value is set to 21,31,32, the network performance
metric reaches 2.9912 x 10~ or higher, and both mu and gradient indicators are within normal
ranges, indicating stable network training and optimal performance metrics. Of course, these
three delay values also result in the longest training time for the network.

The data in the network regression performance table shows that the trend of the four
regression performance metrics is the same as the trend of the network training performance
metrics.

Based on the above analysis, the following conclusions can be drawn: (i) For this game
dataset, using NARX modelling, the simulation data effect is good and can satisfy the analysis
of UAI and VMAF sequence data; (ii) The delay value calculated based on the principle of the
cross-correlation function for the UAI and VMAF sequences is only a reference. The actual
situation is much more complex and closely related to the training settings of the NARX network;
(iii) When the delay value is set below 9, the network regression performance metric e-fit is
below 80 per cent, and when the delay value is set above 17, the e-fit metric reaches above 90 per
cent; (iv) The greater the network training cost (epoch, time), the better the network regression
performance.

It is worth noting that the training performance of neural networks is affected by the initiali-
sation of network parameters. With the same parameter settings, the randomness of initialisation
parameters leads to different results for multiple training and simulation runs. Therefore, once
the network parameters are determined, multiple training and simulation runs are required to
obtain stable network objects and simulation results.

Based on the delay analysis above, setting delay = 22 and without altering other parameters,

the simulation results are as follows:
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Best Training Performance is 6.3218e-16 at epoch 374
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Fig. 4.34 Simulation

The calculated performance metrics for the NARX model are: narx_net: layer=[10 10],
delay=22, epoch=500,¢,can = —2.0242 % 107, €,0x = 1.3373x 1077, egm = 2.6931 x 10713,
e rir =99.99%

Clearly, this result is significantly better than the previous outcomes shown.

To verify the accuracy of the simulation results, further analysis of the errors is conducted:
First, a histogram of the errors between the model’s simulated output values and the actual values

is constructed.
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Fig. 4.35 Error Histogram
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The error histogram displays the distribution of errors. The graph shows a single peak centred
in the middle, with a symmetrical and even distribution on both sides and no obvious outliers at
the tails. The errors are mainly concentrated within the interval [-4.2 x 1078, 4.31 x 1078], with
a maximum absolute error value of 1.28 x 10~7 and a zero-error-bin of 4.05 x 1019, indicating a
reasonable error distribution and excellent model simulation performance.

The autocorrelation function graph of the errors is as follows:
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Fig. 4.36 Autocorrelation

Calculating the autocorrelation function is done to discover the similarity or dependence of
the error sequence with itself at different time points, as well as any potential periodic trends.
According to the graph, the autocorrelation coefficient of the error between the simulated output
and the actual value is 1073, maximised at a lag of 0 and almost always within the 95% confidence
interval in other cases. This indicates that the simulation error sequence is a random process
with no correlation.

Input-error correlation function graph as Fig. 4.37:
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Fig. 4.37 Input-error correlation
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Calculating the correlation function between the model input and error is done to analyse the
relationship between the model input and error and to determine the quality of the simulation
results. The lower the correlation, the better the results and the correlation coefficient values
should be distributed around zero. The graph shows that the correlation between the model
input and error is very low, with the maximum absolute value of the correlation coefficient not
exceeding 6 X 10710, uniformly distributed, with no abnormal peaks, and all values within the
consistency interval.

Combining the results of the above error distribution, error autocorrelation analysis, and
input-error correlation analysis indicates that the simulation of the constructed NARX model is
completely reliable.

Regression performance analysis, Regression and Response graphs are as follows:
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Fig. 4.38 Regression performance
The above graph shows the fitting effect between the simulated output and the actual values.

The error points are evenly scattered along the 45° fitting line with very small deviations, and
R=1.
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The above graph shows the correspondence between the model output and the actual VMAF
sequence. The error for the entire sequence lies within the interval [-1.5x 1077, 1.0x 1077], and

the Outputs respond very well to the Targets.

Summary

This section demonstrates that using the NARX network to study the relationship between
UAI and VMAF sequences is feasible. The non-linear mapping capabilities of feedforward
networks provide effective support for the non-linear relationship between UAI and VMAF
sequences, while the NARX network with dynamic feedback can effectively utilise the historical
effects and I/O delay characteristics of time series data. Due to the non-linear characteristics of
the relationship between UAI and VMAF sequences, linear model methods are insufficient to
capture the complexity of this relationship, and the advantages of recurrent neural networks are
thus apparent.

However, the quality of cloud gaming streaming video is influenced by various factors. Even
with the same network environment and game content, user behaviour and operations will lead
to changes in UAI and VMAF sequence data, ultimately affecting the accuracy of using UAI to
predict VMAF. A model learned and trained using a single dataset lacks universality. Therefore,

in the next section, this thesis will use another action game dataset for simulation research.

4.6.3 NARX Case 2 - Action Game 2D

In the 2D action game, the content changes periodically, and players need to make different
equipment selections, enter game levels, and defeat enemies to achieve level victories. In the
game levels, player operations are more frequent, while in the menu equipment selection, player
operations are reduced and require players to think, so the overall operation has periodicity.

The time domain diagram of the original game data is as follows Fig. 4.40 and Fig. 4.41:
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Fig. 4.41 Time Domain of VMAF

From the above time-domain graph, it can be seen that the UAI and VMAF sequence data of
Case 2 are more complex than the sequence data of Case 1. First, use the previous process to
perform delay analysis on the sequence data and set the basic parameters of the NARX network
as shown in the following Table 4.7 and 4.8:

parameter

1""layer

2" ayer

Start delay

TFi

value

10

10

39

tansig/purelin

Table 4.7 Network Parameters for Game 2

parameter

BTF

BLF

PF

othres

value

trainlm

learngdm

mse

searched

Table 4.8 Network Parameters for Game 2 Table Continue

Create a NARX network object, train it, and simulate it, with the results as follows:
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The calculated performance metrics for the NARX model are as follows:
narx_net: layer=[10 10], Delay=39, Epoch=1000, Training time=73.4458s,
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emean = —4.8241 %1072, €,,0x = 0.0901, e, = 0.5500, erir =91.17%
Further analysis of the above simulation results is conducted, and a correlation function

analysis graph is plotted:
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The graph indicates that the error distribution, the autocorrelation function of the errors, and
the correlation function between input and error all demonstrate good reliability in the simulation
output.

The regression and response effect graphs are plotted as follows Fig. 4.50 and Fig. 4.51:
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Fig. 4.51 Response

The above figure shows that the regression effect and responsiveness are good.
As a verification, take a part of the game 2 data set, and its time domain graph is as follows
Fig. 4.52 and Fig. 4.53:
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Fig. 4.53 VMAF

The simulation results using the trained NARX network are as follows Fig. 4.54 and Fig.

4.55:



4.6 Simulation of NARX 117

Simulation:Subset[501,1000]
T T T

0.5

Simulation

0.4 ’*Original
0.3
0 50 100 150 200 250 300 350 400 450 500

Fig. 4.54 Simulation

01 Error with Subset [S01,1000]
. T T T

‘*Error‘
0.08 - B

0.06 - n
0.04

0.02 n

-0.02 i N

-0.04 .

-0.06 - n

20.08 | I | | I
0 50 100 150 200 250 300 350 400 450 500

Fig. 4.55 Verify-error

The performance index calculation results of the NARX model are:

narx_net: layer=[10 10], Delay=39, Epoch=1000, Training times=73.4458s,

emean = 5.55484X 107>, €4y = 0.0901, €4, = 0.2191, ¢ 1 = 86.36%

Similarly, the error analysis diagram of the simulation results is drawn as follows Fig. 4.56,
Fig. 4.57 and Fig. 4.58:
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The error histogram indicates that the errors for the vast majority of instances fall within

the interval [-0.04258, 0.05395]. The autocorrelation function of the errors remains within the
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confidence interval, and the correlation between input and error is very small, showing no regular

pattern.
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Fig. 4.59 Regression
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The regression graph shows that Y=T coincides completely with Fit, with an R-value of
0.99066. The response graph indicates that the error in the response of Outputs to Targets lies

within the interval [-0.05, 0.05], demonstrating good responsiveness.

4.6.4 NARX Case 3 - Action Game 3D

To further verify the effectiveness of the NARX model, we collected a set of 3D Action game

data as a dataset:
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Fig. 4.62 Time Domain of VMAF

The simulation results using the trained NARX network are as follows Fig. 4.63 and Fig.
4.64:

NARX_NET Simulation:Layer=2,Neuron=20,Delay=39,Epoch=1000
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Fig. 4.63 Simulation
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The performance index calculation results of the NARX model are:

narx_net: layer=[10 10], Delay=39, Epoch=1000, €04, = —0.0075, €,,4x = 0.2907, ey =
6.1770, e iy = 76.98%

The figure above shows that the performance index calculation results of the validation data
set are lower than those of the modelling data set, but it still verifies the effectiveness of the

model well. The error analysis diagram is further drawn to illustrate this simulation result:
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The error histogram indicates that the errors for the majority of instances are concentrated

within the interval [-0.07468, 0.09815]. The autocorrelation of the errors is very small, showing

no trend-like patterns, and there is no correlation between the input and the errors.
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In the regression graph, Y=T and Fit completely overlap, with R=0.97349, but in some
regions, the data points are more concentrated, indicating that there are slightly uneven areas of
fitting error. The response graph shows that the response error of Outputs to Targets is relatively
large, and the responsiveness is slightly poor. This is consistent with the calculation results of

the model performance metrics.

4.6.5 NARX Case 4 - RPG Game

Next, we selected the RPG game, in which users need to perform continuous high-frequency

operations to complete each level.

Time Domain of UAI

—UAI
10

8

6

al

2l ]

0 , L , , ,

0 50 100 150 200 250 300 350 400 450 500

Fig. 4.70 Time Domain of UAI
- Time Domain of VMAF
—VMAF

86
84+ 1
821 4
80~ 9
78
76 Bl
74 | s
721 T
70 - Bl
68

0 50 100 150 200 250 300 350 400 450 500

Fig. 4.71 Time Domain of VMAF



124 Results and Evaluations

Input(t) Input(t)

1 1

Hidden L

Output(t)

Fig. 4.72 Network for Game 4

Gradient = 0.00081728, at epoch 500

Gradient
=
=
< 4
|

Mu = 0.5, at epoch 500

Mu

Num P_arnmeters =125.1646, at epoch 500

Sum Squared Param = 28.3929, at epoch 500

ssX.
;N
!

10°
. Validation Checks = 0, at epoch 500
E
=
=
-
1 ! ! I 1
0 50 100 150 200 250 300 350 400 450 500
500 Epochs

Fig. 4.73 Training States



4.6 Simulation of NARX

125

Best Training Performance is 0.0064334 at epoch 500
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The performance index calculation results of the NARX model of Game 4 are as follows:
narx_net: layer=[10 15 5], Delay=6, Epoch=500, e,,¢q, = —8.8855 X 107°, e,,0x = 0.3310,
esum = 3.1845, e iy = 36.33%
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The error histogram essentially exhibits an unimodal symmetric distribution, but the peak
range is relatively large, appearing across two bins. The absolute values of the errors are also
slightly higher, reflecting a significant discrepancy between the model outputs and the actual

values. This result is consistent with the calculated performance metrics.
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Fig. 4.78 Error Correction

The error autocorrelation exhibits a certain periodicity, showing the same trends within the

intervals of delays [-20, -10] and [10, 20]. This indicates that the training sample data contains
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certain periodic patterns, which have prevented the training results from achieving the expected

outcomes.
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The correlation function graph between input and error exhibits more pronounced periodicity,
displaying a bimodal shape with a certain level of symmetry. This indicates a high correlation
between errors and inputs, suggesting that the periodic variation in errors may be caused by
trend-like patterns in the input sample data or by incomplete sample data that fails to fully reflect
the characteristics and patterns of UAI and VMAF in a complete game session. Further, this also
indicates that the sample dataset is not sufficiently comprehensive and fails to adequately support
the training of the NARX model.
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The regression graph reveals that the fit line Y=T does not coincide with Fit, indicating
significant discrepancies. The data is more concentrated within the [0.4, 0.6] interval, and the
correlation coefficient, R=0.7718, is also relatively poor.
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Fig. 4.81 Response

The response graph shows that there is a significant error in the model’s output in response
to the Targets, especially within the marked areas, where most of the outputs have not adequately
responded to the Targets.

From the above content, we found that when the content of a level of this RPG game does not
change periodically, our prediction effect on this RPG game is not good. Therefore, we played
two games of the same level, and the results are as follows Fig. 4.82, Fig. 4.83, Fig. 4.84, Fig.
4.85, Fig. 4.86, Fig. 4.87 and Fig. 4.88:
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The performance index calculation results of the NARX model for this result are:

narx_net: layer=[10 15 5], Delay=6, Epoch=500, e,,eqn = 5.6715 X 1078, e,yax = 0.0750,
esum = 0.1624, e r;; = 89.93%

Further analysis of the simulation results error are as follows Fig. 4.89, Fig. 4.90, Fig. 4.91,
Fig. 4.92 and Fig. 4.93:
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Response of Output Element 1 for Time-Series 1
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Fig. 4.93 Response

The error histogram shows that the vast majority of instances are concentrated within the
error interval [-0.0290, 0.03475], indicating that the model training accuracy is very good.
The error autocorrelation coefficients are all within 1.8 x 107#, indicating no correlation. The
correlation coefficients between the input and error exhibit a certain periodicity, indicating that
the augmented dataset has increased the periodicity of UAI-VMAF sequence changes, which
is consistent with the experimental design. The regression graph shows a certain amount of
regression error, with the output points being relatively concentrated and R=0.7710. The response
graph also reflects the poor regression error and responsiveness. However, compared to the
previous single-level game results, the simulation effect has greatly improved, indicating that the
NARX model has a good predictive effect on UAI-VMAF data with obvious periodicity.

4.6.6 NARX Case 5 - Music Game

Finally, we re-selected a music game and simulated it. Similarly, we first conducted a

single-level experiment and then a double-level experiment for comparative analysis.
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The performance index calculation results of the NARX model are:

narx_net: layer=[10 15 5], Delay=6, Epoch=500, e,,;¢q, = —3.7960 X 1075, €,pax = 0.4778,
esum = 8.7270, e yi; = 25.78%

Further analysis of the simulation results error are as follows Fig. 4.101, Fig. 4.102, Fig.
4.103, Fig. 4.104 and Fig. 4.105:
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Response of Output Element 1 for Time-Series 1
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Fig. 4.105 Response

The error histogram shows that the proportion of instances with errors above -0.1388 and
0.1352 is very large, indicating that the model training accuracy is not high. The error autocorre-
lation coefficients exhibit periodic patterns, and the correlation coefficients between the output
and error also show regularity, indicating that the model’s simulation effect is not good, which is
consistent with the performance metric calculation results. In the regression graph, there is a
large error between Y=T and Fit, and the outputs are scattered over a wide range, with R=0.6702.
The response graph shows that the response error interval is [-0.5, 0.5], and the response of
outputs to targets is very poor, indicating that the model is basically unusable.

From the above, we can see that music games are similar to RPG games in that content
changes are strongly related to levels, and the simulation effect of a single level is not good, so
the following Fig. 4.106, Fig. 4.107, Fig. 4.108, Fig. 4.109, Fig. 4.110, Fig. 4.111 and Fig.
4.112 are the data for two levels:
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The performance index calculation results of the NARX model are:

narx_net: layer=[10 15 5], Delay=6, Epoch=500, e,,eqn = 1.5659 X 107°, e,qx = 0.1878,
esum = 1.1154, e iy = 81.25%

Compared with the previous section, it is obvious that the performance indicators have been
greatly improved. Further analysis of the simulation results shows that the error is as follows Fig.
4.113, Fig. 4.114, Fig. 4.115, Fig. 4.116 and Fig. 4.117:
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Response of Output Element 1 for Time-Series 1
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The error histogram, error autocorrelation coefficients, and correlation coefficients between
Input and Error all show that the model training effect has significantly improved after enhance-

ment. The regression graph and response graph also confirm this result.

4.7 Summary

Through the content of this chapter, we discovered that UAI and VMAF have a strong
non-linear relation. It is impossible to use the ARX/ARMAX model based on linear theory
to predict VMAF by UAIL. However, the simulation results of the ARX/ARMAX model fully
reveal the auto-regressive and dynamic delay features of the UAI/VMAF series. This discovery
is undoubtedly valuable for future study. In multiple sets of experimental results, we found
that as UAI changes in a complex manner, VMAF also exhibits the same trend of change. In
this study, we successfully performed NARX modelling on the UAI and VMAF of multiple
datasets and effectively evaluated the model results. Using the obtained model, we substituted
the experimental data for verification and conducted simple predictions of VMAF based on UAI
data, successfully verifying the possibility of using UAI to predict VMAF. However, because
different cloud games result in complex UAI/VMAF relations, some case simulations were
suboptimal; we employed data augmentation techniques to expand the dataset and introduced
more diverse training samples to enhance the prediction effectiveness. In summary, in this
chapter, we successfully achieved the main objectives of this study, successfully analysed the
correlation between UAI and VMAF, obtained the corresponding model, and provided a solid

theoretical and experimental foundation for future research.



Chapter 5

Conclusions

5.1 Contributions

Cloud gaming is a promising network gaming technology based on cloud computing that
allows devices with limited graphic processing and computational power to run high-quality
games. In cloud gaming, games are operated on cloud servers, and the rendered video and audio
streams are transmitted over the network to the player’s gaming terminal. The core of cloud
gaming services is built on streaming video platforms, and dynamic video compression technol-
ogy 1is critical to reducing costs and enhancing the gaming experience. However, cloud gaming
services differ from traditional streaming video platforms in terms of the content transmitted
and the interaction with users. Cloud game streaming video is rendered by cloud game servers,
and its quality can be predicted based on game content to dynamically adjust compression rates.
Additionally, cloud game services are interactive, and both streaming video content and game
data processing depend on user behavioural data.

Based on the above characteristics, this study conducted a study on cloud game streaming
video quality and user behaviour data, and in order to address the shortcomings of current cloud

game services, this study finally establishes a few outcomes as below:

5.1.1 Propose and Development of the User Activity Index (UAI)

This study introduces the User Activity Index (UAI), a novel metric designed to capture
and quantify the interactive characteristics of cloud game streaming videos. The UAI takes into
account both game content and user behaviour, providing a comprehensive measure of user
activity in cloud gaming. An in-depth analysis of user inputs via keyboard, mouse, and controller
was conducted across various game content types to understand the relationship between user
actions and game dynamics. The analysis involved examining the frequency, intensity, and
patterns of user inputs in different gaming scenarios, such as action, strategy, and puzzle games.
Based on this comprehensive analysis, a robust method to calculate the UAI was established,
considering the specific characteristics of each input device and the impact of different game

genres on user activity.
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During the experimental phase, several cloud game streaming videos were carefully selected
for analysis, ensuring a diverse representation of game types and user interaction styles. A spe-
cially designed program was developed to collect and process user input data from these videos.
The program efficiently captured and recorded the relevant input events, such as keystrokes,
mouse clicks, and controller actions, along with their corresponding timestamps. The collected
data were then processed to calculate the UAI values for each video segment, taking into account
the specific input devices used and the game content being played. The resulting UAI values
provided a quantitative measure of user activity throughout the gaming sessions, reflecting the
interactive nature of cloud gaming services and the trends of user engagement for specific game
content. This innovative approach to quantifying user activity in cloud gaming lays the foun-
dation for further analysis and optimisation of cloud gaming services based on user behaviour

patterns.

5.1.2 Modelling the UAI-VMAF Relationship using Linear Model Theory

In this study, we employed linear model theory to investigate the relationship between
the User Activity Index (UAI) and the Video Multimethod Assessment Fusion (VMAF), a
comprehensive indicator of video quality. Given that VMAF is influenced by multiple factors, we
hypothesised that its variation within a game session follows a stationary stochastic process. To
test this hypothesis and establish a predictive model, we analysed the auto-correlation properties
of VMAF values over time.

By examining the auto-correlation function (ACF) and partial auto-correlation function
(PACF) of the VMAF time series, we determined the appropriate order and parameters for
the linear model. The ACF measures the correlation between VMAF values at different time
lags, while the PACF helps identify the direct relationship between VMAF values at specific
lags, excluding the influence of intermediate values. Based on these analyses, we estimated the
coefficients of the linear model using techniques such as least squares estimation or maximum
likelihood estimation.

The resulting linear model establishes a mathematical relationship between UAI and VMAF,
allowing for the prediction of VMAF values based on the observed UAIL. However, experimental
results revealed that the relationship between UAI and VMAF exhibits strong non-linearity, indi-
cating that linear model prediction methods may not adequately capture the complex dynamics
between user activity and video quality in cloud gaming.

Despite the limitations of linear models in this context, the analysis of auto-correlation
properties and the establishment of a linear model provide valuable insights into the temporal
dependencies and overall trends in the UAI-VMAF relationship. These findings contribute to
a better understanding of the factors influencing video quality in cloud gaming and highlight
the need for more advanced modelling techniques to accurately predict VMAF based on user

activity patterns.
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5.1.3 Justification for using Recurrent Neural Networks

The objective of this study is to establish and elucidate the relationship between the User
Activity Index (UAI) during cloud gaming interactions and the VMAF (Video Multimethod
Assessment Fusion) score. This relationship provides a foundation for analysing and optimising
cloud gaming services based on user behaviour patterns during interactions. Consequently,
establishing a quantitative relationship between these two indicators, UAI and VMAF, is the
focal point of this thesis.

It is well-known that the simplest and most direct tool for investigating the relationship
between two univariate variables is the linear regression method. This was the initial rationale
for employing linear model theory to model the UAI/VMAF relationship in this study. However,
we discovered that the relationship between the UAI and VMAF sequences is highly complex
and varies significantly among different game types (refer to the UAI/VMAF time-domain
graphs). This complexity renders the linear model method ineffective in adequately addressing
the problem.

The NARX (Non-linear AutoRegressive with eXogenous inputs) model is a type of recurrent
neural network (RNN) based on linear model theory, particularly suited for handling time series
data. Through learning and training, it can achieve highly complex non-linear mappings and
is widely applied in fields such as control, communications, image processing, finance, and
healthcare. A search of the Science Citation Index Expanded revealed that over the past five
years, more than 800 research articles have utilised the NARX model, with over 200 focusing on
time series analysis, providing abundant reference resources for this research.

Moreover, researchers such as Nagabhushan Eswara, Soumen Chakraborty, and Hemanth P.
Sethuram have employed NARX to predict the subjective Quality of Experience (QoE) associated
with streamed videos, yielding valuable results. By utilising NARX to establish a video quality-
aware resource allocation algorithm in cellular networks to enhance users’ perceptual QoE, they
demonstrated that NARX holds significant potential in the prediction of video streaming quality.
[37]

In summary, the primary reason for using the Non-linear AutoRegressive with eXogenous
inputs model is its exceptional ability to model dynamic non-linear systems where the current
state is influenced by past states and external inputs. The advantages of the NARX model include
capturing non-linear relationships, considering historical dependencies, integrating external
inputs, and delivering high predictive performance in time-series forecasting tasks. Specifically
for analysing streamed video quality, the NARX model excels because video quality is affected
by multiple external factors such as network bandwidth, latency, and packet loss rate, which may
have complex non-linear relationships. [5]

Additionally, video quality changes dynamically over time, influenced not only by current
network conditions but also by previous network states and video encoding methods. At the same
time, due to the impact of user activity interference in cloud gaming, we need to model different
game scenarios for different players separately to make the model more targeted. Compared with

other models, NARX has lower resource consumption, which aligns with our ultimate goal of
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reducing cloud gaming operating costs and can also better improve the quality of cloud gaming
services for players.

Furthermore, the integration of NARX and other models is one of our future research
directions, aiming to provide an enhanced experience for cloud gaming service providers and
gamers. By leveraging historical data and external inputs, the NARX model can accurately
predict trends in video quality, helping to anticipate potential declines or improvements. This
precise modelling enables service providers to optimise streaming strategies, such as adaptive
bitrate adjustments, thereby enhancing the overall user viewing experience and improving the

quality of cloud gaming services.

5.14 Modelling the UAI-VMAF Relationship using Recurrent Neural

Networks

To address the limitations of linear models in capturing the complex relationship between
the User Activity Index (UAI) and the Video Multimethod Assessment Fusion (VMAF), we
explored the use of recurrent neural networks (RNNs) for modelling and prediction. Specifically,
we employed the Non-linear AutoRegressive with eXogenous inputs (NARX) model, a type
of RNN architecture that incorporates external input variables alongside the autoregressive
terms. The NARX model assumes that the variation of VMAF within a game session follows a
stationary stochastic process, allowing for the modelling of temporal dependencies and non-linear
relationships.

To establish the NARX models, we collected data from different types of games, ensuring a
diverse representation of user activity patterns and video quality variations. The data included
UAI values as exogenous inputs and corresponding VMAF values as the target variable. One
crucial aspect of NARX modelling is the selection of appropriate delay parameter settings. Due to
the dynamic nature of UAI and VMAF sequence data, the choice of delay parameters significantly
impacts the model’s ability to capture relevant temporal dependencies. We conducted a thorough
analysis of the design principles for time series delay selection, considering factors such as
the autocorrelation structure, cross-correlation between UAI and VMAEF, and the trade-off
between model complexity and predictive performance. Based on these principles, we developed
guidelines for selecting optimal delay settings in NARX models for UAI-VMAF prediction.
Experimental results demonstrated that the NARX model, when configured with appropriate
delay parameters, can effectively address the UAI-VMAF prediction problem.

The model’s ability to capture non-linear relationships and account for the temporal dynamics
of user activity and video quality led to improved prediction accuracy compared to linear models.
The NARX model successfully learned the underlying patterns and dependencies in the data,
enabling accurate forecasting of VMAF values based on the observed UAI The successful
application of recurrent neural networks, particularly the NARX model, in modelling the UAI-
VMATF relationship highlights the potential of advanced machine learning techniques in the
context of cloud gaming. By leveraging the power of RNNs to capture complex temporal
dependencies and non-linear relationships, we can develop more accurate and reliable models
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for predicting video quality based on user activity patterns. These findings pave the way for the
development of intelligent cloud gaming systems that can dynamically adapt to user behaviour

and optimise video quality in real-time.

5.1.5 Experimental Evaluation and Analysis of the Model and Result

In the experimental stage of this study, we conducted a comprehensive evaluation and analysis
of the proposed models to predict the relationship between the User Activity Index (UAI) and
the Video Multimethod Assessment Fusion (VMAF) in cloud gaming. To begin, we defined a
set of metrics to assess the prediction performance of the models, including the mean of errors,
the maximum absolute error, the sum of accumulated error, and the percentage of agreement
between the model’s calculated outputs and actual outputs. These metrics show not only the
model’s usability but also some details of individual abnormal samples, as well as the confidence
when it is used to make predictions.

To ensure a diverse and representative dataset, we selected multiple cloud gaming streaming
videos for analysis, covering different game genres such as action, strategy, and card games.
These videos were carefully chosen to capture a wide range of user activity patterns and video
quality variations. We developed a user input collection program based on Windows interrupt
capture technology to accurately record user interactions, including keyboard, mouse, and
controller inputs. The collected input data were then processed and converted into UAI values,
providing a quantitative measure of user activity throughout the gaming sessions.

To simulate the actual network environment of cloud gaming services, we subjected the video
samples to different compression bitrates. By comparing the compressed video data with the
original video samples, we calculated the corresponding VMAF values, which served as the
ground truth for evaluating the prediction models. This step allowed us to assess the impact
of compression on video quality and examine the relationship between UAI and VMAF under
realistic network conditions. By combining the calculated VMAF values with the corresponding
UAI data for each game segment, we successfully verified the significant impact of user behaviour
on the quality of cloud gaming streaming videos. This analysis revealed that variations in user
activity patterns, as captured by UAI, have a direct influence on the perceived video quality, as
measured by VMAF.

To evaluate the effectiveness of the proposed models, we employed the NARX model for
UAI-VMAF prediction, considering different game types and compression rates. We carefully
selected appropriate NARX parameters, such as the number of hidden layers, neurons per layer,
and delay settings, based on the specific characteristics of each game genre and compression
scenario. The NARX models were trained using the collected UAI-VMAF data, and their
prediction performance was assessed using the defined evaluation metrics.

The experimental results highlighted the challenges associated with predicting VMAF in
action games, where the dense control inputs led to relatively gradual changes in UAI Con-
sequently, the periodicity of the corresponding VMAF variation pattern was less significant,

making it more difficult for the NARX model to capture the underlying relationships accurately.
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As a result, the initial training and simulation effects of the NARX model for action games were
suboptimal. To address this issue, we employed data augmentation techniques to expand the
dataset, introduce more diverse training samples, and enhance the variability and robustness of
the training data. The augmented dataset allowed the NARX model to learn more generalisable
patterns and improve its prediction performance for action games. After incorporating data
augmentation, the NARX model’s performance improved considerably, demonstrating its ability
to capture the complex relationships between UAI and VMAF across different game genres
and compression scenarios. The experimental evaluation and analysis conducted in this study
underscore the importance of considering game-specific characteristics and video data quality
when developing predictive models for cloud gaming. The findings highlight the potential of
advanced machine learning techniques, such as recurrent neural networks, in capturing the
intricate dynamics between user behaviour and video quality. By leveraging these insights, cloud
gaming service providers can optimise their systems to deliver high-quality gaming experiences
while efficiently managing network resources.

Furthermore, the successful application of data augmentation techniques in improving the
prediction performance for action games demonstrates the significance of diverse and repre-
sentative training data. This finding emphasises the need for continuous data collection and
refinement to enhance the robustness and generalisability of predictive models in cloud gaming.
Overall, the experimental evaluation and analysis conducted in this study provide valuable
insights into the relationship between UAI and VMAF in cloud gaming and lay the foundation
for the development of intelligent and adaptive cloud gaming systems. By accurately predicting
video quality based on user activity patterns, service providers can proactively optimise their
streaming strategies, ensuring a seamless and immersive gaming experience for users across

various game genres and network conditions.

5.2 Limitations and Further Improvements

In this comprehensive study, we have successfully established and demonstrated the intricate
relationship between the User Activity Index (UAI) and the Video Multimethod Assessment
Fusion (VMAF) in the context of cloud gaming. Moreover, we have conducted preliminary pre-
dictions of VMAF using UAI, showcasing the potential of this approach. However, considering
the inherent complexity and unique characteristics of cloud gaming video content, there are
several key aspects that warrant further research and exploration to enhance the accuracy and
effectiveness of our findings.

Firstly, it is crucial to acknowledge that VMAF, a metric developed by Netflix for mainstream
streaming video, may lack the necessary specificity to accurately assess the quality of cloud
gaming video content. In cloud game streaming services, we have the ability to capture a vast
amount of game video rendering data generated by the server in real-time. This rendering data
can provide a more precise reflection of the changes in-game video content and the associated

variations in video quality. By leveraging the characteristics of the original game engine rendering
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data, we can develop a new type of video quality parameter tailored specifically for gaming,
which could potentially replace VMAF. This customised metric would more effectively and
accurately represent the changes in video content quality, taking into account the unique dynamics
and requirements of cloud gaming.

Secondly, in line with the previous point, the processing of compressed videos in our study
still relies on common codecs used by mainstream streaming video platforms. However, given
the distinct and regular characteristics of cloud gaming content, there is an opportunity to develop
a new compression format designed specifically for cloud gaming video content. By integrating
a large amount of game-rendering original data into the compression process, we can further
optimise and enhance the video compression quality. This targeted approach would allow for
more efficient and effective compression, ultimately improving the overall user experience and
reducing the bandwidth requirements for cloud gaming services.

Thirdly, this thesis represents a pioneering effort in the field of cloud gaming service research,
as it introduces the concept and definition of UAIL. While our study provides a preliminary
definition and analysis of UAI, it is important to recognise that different game contents exhibit
various characteristics that can influence user activity patterns. To further refine and improve the
calculation methods for UAI, future research should focus on conducting more in-depth analyses
based on a wider range of game characteristics. By examining user activity across diverse game
genres, gameplay mechanics, and player demographics, we can develop more robust and reliable
methods for quantifying UAI This expanded analysis will enhance the accuracy and validity of
UALI data, enabling more precise predictions and optimisations in cloud gaming services.

Lastly, it is essential to acknowledge that different game video contents exhibit distinct
patterns of change, which can pose challenges for the Non-linear AutoRegressive with eXogenous
inputs (NARX) model in accurately reflecting the complex content changes across various game
types. To address this issue, future studies should explore the application of diverse modelling
methods tailored to specific game characteristics. By employing targeted analysis techniques
and segmenting game sessions based on length and content, we can conduct detailed analyses of
streaming video for different game types. This refined approach will allow for a more nuanced
understanding of the relationship between UAI and VMAF, capturing the unique dynamics and
patterns of change within each game category. By adapting our modelling methods to the specific
requirements of different game types, we can enhance the accuracy and effectiveness of our
predictions, ultimately leading to more efficient and optimised cloud gaming services.

In conclusion, while our study has made significant strides in establishing the relationship
between UAI and VMAF in cloud gaming, there remain several avenues for further research
and refinement. By developing gaming-specific video quality metrics, optimising compression
formats, expanding UAI analysis across diverse game characteristics, and employing targeted
modelling methods, we can continue to push the boundaries of cloud gaming service optimisation.
Through ongoing research and innovation in these areas, we can unlock the full potential of

cloud gaming, delivering seamless, high-quality experiences to players worldwide.
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5.3 Summary

This study explores the dynamic landscape of cloud gaming technology and introduces
a novel predictive model for cloud game video quality. The model aims to forecast future
video quality trends by analysing data from simulated interactions of cloud game players and
video quality parameters from cloud game streaming. The research methodology involved the
collection and analysis of multiple data sets, leading to the establishment of the Linear Time
Series Analysis Model and the Recurrent Neural Networks Model. These models were compared
and tailored to suit the specific demands of different game genres based on varied user behaviours
across different gaming scenarios.

The effectiveness of these models has been confirmed through rigorous simulation experi-
ments across diverse gaming environments, demonstrating their capability to accurately predict
fluctuations in cloud game streaming video quality. The results substantiate the applicability and
precision of the model for predicting the quality of cloud game video streams, offering strategies
to dynamically optimise video quality in response to user behaviour. The potential applications
of this predictive model extend beyond cloud gaming to encompass streaming media services,
providing a theoretical foundation for the future evolution and enhancement of cloud gaming
services.

The findings of this research have practical implications for enhancing the quality and
efficiency of cloud gaming services and hold significant theoretical value, contributing to the

broader discourse on cloud gaming technology advancement.
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Appendix C

Simulation Code

Algorithm 2 NARX Network Training and Simulation

1: function NARX_NET(data,dly)

2: y « Transpose(data.outputdata)

3 u « Transpose(data.inputdata)

4 y « Convert to sequence(y)

5: u «— Convert to sequence(u)

6 p < Get sequence elements from u starting at index (dly+1) to end
7 t « Get sequence elements from y starting at index (d/y+1) to end
8 d1 « Set as integers from 1 to dly

9: d2 < Set as integers from 1 to dly
10: narx_net « Initialize NARX network(p,t,d1,d2,[10,10])

11: narx_net.trainFcn <’ trainbr’

12: narx_net.divideMode <’ none’

13: narx_net.trainParam.show « 50

14: narx_net.trainParam.epochs « 500

15: Pi < Combine sequences from the start to d/y of both # and y

16: Start Timer

17: (narx_net,tr) « Train network([p;],t, Pi)

18: last_time «— Stop Timer

19: netx < narx_net

20: yp <« Simulate network(narx_net, [p;t], Pi)

21: (a,b,c,d) « Fit ARX model(Convert to matrix(¢), Convert to matrix(yp))
22: e « Calculate error(Convert to matrix(yp) — Convert to matrix(z))
23: Plot error(e)

24: end function
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Simulation Code

Algorithm 3 Standardization VMAF

1:
2
3
4.
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

function VM AFOUTPUT(file_path)

Import pandas as pd
Import ElementTree from xml.etree
rows «— empty list
Open file_path for reading as file
for each line in file do
if line starts with "<frame " then
element < parse line as XML
Append element.attributes to rows
end if
end for
df < convert rows to DataFrame
return df
end function
vmaf_output_path «— "PATH”
df «— VMAFOutPut(vma f_output_path)
excel_file_path «—  ”PATH”
Write df to Excel at excel_file_path without index
Print "VMAF data written to excel_file_path"
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