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A B S T R A C T

The massive growth of live streaming, especially gaming-focused content, has led to an overall increase in
global bandwidth consumption. Certain services see their quality diminished at times of peak consumption,
degrading the quality of the content. This trend generates new research related to optimizing image quality
according to network and service conditions. In this work we present a gaming streaming use case optimization
on a real multisite 5G environment. The paper outlines the virtualized workflow of the use case and provides
a detailed description of the applications and resources deployed for the simulation. This simulation tests the
optimization of the service based on the addition of Artificial Intelligence (AI) algorithms, assuring the delivery
of content with good Quality of Experience (QoE) under different working conditions. The AI introduced is
based on Deep Reinforcement Learning (DRL) algorithms that can adapt, in a flexible way, to the different
conditions that the multimedia workflow could face. That is, adapt, through corrective actions, the streaming
bitrate, in order to optimize the QoE of the content on a real-time multisite scenario. The results of this work
demonstrate how we have been able to minimize content losses, as well as the fact of obtaining high audiovisual
multimedia quality results with higher bitrates, compared to a service without an optimizer integrated in the
system. In a multi-site environment, we have achieved an improvement of 20 percentage points in terms of
blockiness efficiency and also 15 percentage points in block loss.
1. Introduction

Gaming streaming services are emerging entertainment that is grow-
ing in terms of usage and resource demand. Their market is expected
to register a CAGR of 9% during the forecast period 2023–2028 [1].
It is essential to anticipate this growing demand, bearing in mind that
the end user must define the final perceived quality of application or
services. In view of this, not only services must be developed to guar-
antee the Quality of Service (QoS) of the infrastructures, meeting the
objectives of bandwidth and latency, but also guarantee a good Quality
of Experience (QoE) perceived by the end-user. Generally, multimedia
services operate at low bitrates, reflecting lower quality of content. This
bitrate level is adjusted as a trade-off for serving multimedia to a large
number of users. This kind of service is growing in popularity and their
needs could only be satisfied with the combination of new-generation
5G networks and cloud technologies [2,3].

Traditional content, such as films, music, or video, is demanding
in terms of bandwidth consumption [4], but a more challenging ex-
perience is video gaming in remote environments, where users want
to see how a specific gamer plays a video game while commenting on
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his experience through the game. This gaming streaming service has
increased the number of daily users, and new platforms have appeared
to provide this kind of service, such as Twitch [5]. This industry is con-
stantly growing [6], absorbing a large number of viewers of traditional
content, so research should focus on improving the efficiency of these
services.

Some solutions appeared in recent years where gaming experiences
are considered a key technology demonstrated in use cases and proof-
of-concept (e.g., H2020 5G PPP 5G-MEDIA project [7]). These solutions
are preliminary research to implement all the capabilities of 5G-based
cloud infrastructures. The European Commission (EC) launched, under
the H2020 framework, a call for the provision of real 5G infrastructures
to test pilots in real 5G environments. One of those projects is 5G
EVE [8].

As the latest services are demanding increasingly higher data trans-
mission capacities, planning, and operating networks lead to more
complex and critical issues. Adding intelligence to networks is one
of the most attractive ways to make management easier and more
effective in terms of OPEX and CAPEX for operators [9]. The addition
389-1286/© 2024 The Author(s). Published by Elsevier B.V. This is an open access ar
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Nomenclature

A2C Advantage Actor–Critic
A3C Asynchronous Advantage Actor–Critic
AI Artificial Intelligence
CDN Content Delivery Network
DRL Deep Reinforcement Learning
EC European Commission
GOP Group of Pictures
HFR High Frame Rate
KPI Key Performance Indicator
MAPE Monitoring, Analysis, Policy, and Execution
MEC Multi-access Edge Computing
ML Machine Learning
NFV Network Function Virtualization
PLR Packet Loss Rate
PNF Physical Network Function
QoE Quality of Experience
QoS Quality of Service
RL Reinforcement Learning
SDN Software Defined Networking
TG Traffic Generator
TM Traffic Manager
VNF Virtual Network Function
VQA Video Quality Assessment

of this kind of intelligence to manage the correct behavior of a service
is aligned with the evolution of 5G networks [10]. Early research on
Beyond 5G (B5G) and 6G topics is focusing on intelligent adaptation
of the network to possible issues that create event-driven and intent-
based smart networking, among many other improvements [11–13].
The concept of smart networks is the key to future generations of
networks. This concept assumes a combination of Smart Connectivity,
Data Analytics based on the application of Artificial Intelligence (AI)
and Machine Learning (ML), high-performance distributed computing
and Cybersecurity [14].

The workload for these services is done in large data centers.
Typically, gaming streaming platforms use their own data centers
to accommodate their service, although the demand to rent a third-
party provider of virtual resources to support the workload has grown
greatly [15,16]. This last solution brings new advantages, like the high
flexibility of the business model that allows us to host different services
in parallel with resource sharing between all of them. All the mentioned
solutions require a complex infrastructure for their perfect operation,
so the main challenge is to design a flexible configuration to obtain the
best QoE.

Finally, to provide this service for users that could be placed in dif-
ferent regions of the globe, the service uses a multisite approach, where
each site counts with Edge Cloud infrastructure, allowing performing
an in-network adaptation of the content for each user.

In this research article, we present a significant advancement in
the field of multimedia service optimization by harnessing the power
of Deep Reinforcement Learning (DRL) algorithms in the context of a
multisite scenario [17]. Our work introduces a novel approach that ad-
dresses a critical gap in the existing literature: the absence of real-time
optimization strategies tailored specifically for a multisite environment.

At the heart of our study lies the application of DRL algorithms to
optimize a multimedia service, with a specific focus on the challenging
domain of video gaming. While previous research has explored video
analysis and transmission optimization, the uniqueness of our approach
2

lies in its multisite context and real-time capabilities. By considering the
intricacies of video gaming, we address the balance between network
conditions, video quality, and transmission bitrate.

One of the key contributions of our work is the introduction of
a parallel optimization paradigm. Unlike previous methods that focus
primarily on optimizations on a single site [18], our approach takes into
account multiple sites simultaneously. This innovation is a fundamental
departure from the existing state of the art [19–21], where optimization
strategies have predominantly been designed for isolated systems. By
optimizing different sites in parallel, we enable a holistic enhancement
of the multimedia service, effectively transforming how optimization
challenges are addressed in a multisite setting.

Our proposed algorithm optimizes the transmission bitrate, account-
ing for the quality of the video content received. This approach involves
the use of transcoders that encode and distribute content to end users.
The central goal of our optimization strategy is to dynamically adjust
the bitrate of the stream, in order to maximize QoE under varying
conditions. Moreover, our approach is poised to handle extreme sce-
narios, such as network bottlenecks that may lead to content loss. By
leveraging the intelligence provided by DRL algorithms, our system
can assess real-time conditions and enact corrective measures to ensure
optimal video quality-bitrate trade-offs.

The work presented here is organized as follows. Section 2 relates
to similar work developed to establish the baseline of this research. In
Section 3 there is a description of the architecture of the work to under-
stand the different components at a high level. In Section 4 we analyze
the tools used to demonstrate this article, specifically the content of
the gaming media used to demonstrate a real-life environment. Also,
in Section 4, the theoretical part of the article to explain the algorithm
developed. Section 5 describes the analysis of the results obtained, pre-
senting the approach obtained with graphical data. Finally, Section 6,
closes the article with a conclusion about the results obtained and how
to continue future work.

2. Related work

This section of the article covers various research areas related to
Multi-access Edge Computing (MEC), general video quality assessment,
gaming streaming, and AI solutions. This section highlights the im-
portance of MEC in improving network performance and improving
low-latency communication and transmission bandwidth. Additionally,
it covers research on objective metrics for multimedia content quality
assessment, innovative approaches for game streaming, and the use
of AI solutions in various contexts. The objective of this review is to
provide an overview of the current state of research in these areas and
to highlight the most significant contributions to date.

2.1. MEC opportunities

A complete 5G platform enables several services for different pur-
poses. These platforms are usually presented as the interconnection of
MEC environments. In general, these MEC architectures allow resource
optimization that is not possible in individual environments [22,23].
They are proliferating due to their speed when it comes to deploying
new services and enabling new actors [24,25].

Our work focuses on QoE optimization on the viewer side, but there
are other works that perform optimizations through coding techniques
directly on the server hosted in the MEC. These techniques, such as
layer-caching in [26] demonstrate different scopes of optimization in
the multimedia scenario.
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2.2. General quality assessment

The field of Video Quality Assessment (VQA) has generally focused
on traditional content, such as television content. Generally, these
analyses are subjectively produced by evaluating personal results to
generate a quality scale [27–29]. Typically, these quality assessments
are performed on a subjective MOS scale [30–32]. Others instead focus
on image distortion-based assessment methods [33].

Nevertheless, many of the databases on which subjective algorithms
are trained are out of date [34] and are generally based on traditional
content. In other words, they have not considered the effects that new
video encoders add and do not fully reflect the evaluation of the video.
For this reason, certain works seek to find a model to predict the quality
of non-reference video measurement [35], even for gaming streaming
applications [36].

Some works combine the characteristics of 5G networks with the
assessment of QoE. In [37] they proposed to model QoE in a 5G
environment in streaming video. This work is similar in concept to us
in terms of what our work uses a QoE probe by estimating the quality
of the video in the streaming itself as an indicator in real-time.

2.3. Gaming streaming

Gaming content requires a more in-depth analysis given its High
Frame Rate (HFR) nature (stable 60 FPS). There is some work like [38]
in which a specific dataset for gaming known as GamingVideoSET was
developed. It can serve as an approximation to the ideas of analysis in
the field of gaming. However, the sequences analyzed do not meet the
requirements of a HFR.

Generally, video analysis is performed on the basis of certain metrics
by developing a quality scale. These metrics allow to estimate new
video sequences on this scale [39,40]. However, there are cases where
they based the scale on an analysis of the Packet Loss Rate (PLR) [41].

Another work related to architecture, and, above all, the gaming
field applied in that publication, can be seen in [42]. They analyzed the
need and use of GPUs for content that requires graphics acceleration,
but the most applicable to the work is the multimedia analysis of
gaming content compared to traditional ones such as browsing or video.

A final study [43] as a comparison between traditional TV services,
streaming services, and live video platforms. Interesting in this study
analysis is the inclusion of gaming content, which evaluates the effects
on QoE.

2.4. AI solutions

The use of intelligence algorithms applied thanks to an MEC envi-
ronment is the premise of [44], specifically the use of DRL algorithms to
optimize computing tasks and improve general load. The consumption
of bandwidth can be one of the critical points in these services. In [45]
they proposed cloud gaming techniques to compress the streaming
bitrate with few perceivable differences.

The future of networks with innovations beyond 5G will allow
services with high bandwidth consumption. 360-degree immersive con-
tent, such as the one featured in [46], where they proposed to further
push 2D content for fully immersive content. There are cases that seek
to optimize the video based on a previously generated dataset. This case
would be an AI application based on supervised training [47]. Although
it showed optimal results, since they considered additional data from
the network, these models were not redundant in the face of possible
changes in the network or additional unforeseen events that may arise.
That is, they based the training on previously collected data, but in the
face of new inconveniences, they did not have enough information to
correctly control the bitrate and so, maximize the QoE.

The applications discussed previously require high bandwidth con-
sumption. The idea is to be able to anticipate possible inconveniences
in the networks, with the utilization of the DRL algorithms necessary
3

for an active participation in the service. In [21], they tackled this
problem by addressing the concept of dynamic media adaptation using
RL algorithms with Markov decision processes. This can be seen as
an initial approach of dynamic optimization by using the first DRL
techniques. Works like [19], used DRL techniques with QoE, but in
this case approaching the multimedia traffic control. They considered
directly network characteristics such as jitter, bandwidth, and latency
to decide the optimal path for the transmission.

More recent work [48] integrated the QoE of streaming in the
algorithm, seeking to reflect this service improvement in shorter buffer
times. Finally, another point of view is observed in the work [49],
developing an adaptive video framework, both at the bitrate and the
encoding level.

Both works did not directly address the analysis of QoE, but rather
an estimation of it by measuring stalls in the video experience and the
necessary rebuffering processes. Instead, the presented article contin-
ues the work started in [18], with an optimization of the QoE on a
multimedia scenario. The great difference and advance is the inclusion
of different distant sites processed in real time, allowed due to the
asynchronous behavior of the algorithm applied in this work.

3. Methodology

The methodology section of this research article encompasses vari-
ous aspects, including the design of a virtualized platform that applies
several 5G network concepts; the utilization of specific components
at the application layer; the simulation of workflows to enable the
training; and the adoption of the DRL algorithm to optimize the entire
service.

3.1. Service virtualization platform architecture

The increasing number of users of gaming streaming services is
becoming a challenge for today’s networks to provide the required
bandwidth and latency, in terms of quality and costs for operators and
service providers [50]. In addition, traditional network services need
dedicated hardware with specific network functions. This approach is
very hardware-centric and lacks flexibility, increasing the operation
complexity and interfering with the innovation and business model of
the gaming streaming service.

The 5G networks bring highly increased bandwidth and reduced
latency, all together with higher reliability, while built upon Software
Defined Networking (SDN) and Network Function Virtualization (NFV),
they support the resource assignment and improve the overall QoS.
These two fast-moving technologies allow the location of changing
network infrastructures to be located and where they are most appro-
priate on the network. Therefore, the proposal idea is an integration
of microservices in a general multisite infrastructure, the final service
being consumed in different parts of the planet.

Service requirements fluctuate depending on demand. High band-
width is not always required, or the resources required may vary
depending on the load on the other servers in the system. To balance
the dimensioning of resource usage and the required performance,
Content Delivery Networks (CDNs) are commonly used. CDNs offer
dynamic services in a virtual way, with the concept like that exposed
in the idea of gaming streaming. In this way, all possible hardware
and adaptations to user applications will be virtualized and deployed
to provide service anywhere the user is connected. The main expected
benefits are reduced costs, improved flexibility, time, and complexity,
and the ability to transmit high-quality streaming anywhere, consume
content anytime, and adapt the quality to any device.

Powerful CDNs enable game streaming from anywhere to anywhere
without the need for dedicated infrastructure or data centers. Users
connect via a 5G network to virtual gaming streaming applications
deployed at the edge to ensure high performance levels in terms of
bandwidth and low latency, so the media application functions will
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Fig. 1. Multisite workflow architecture.
be deployed close to traffic sources and sinks. Multimedia signals are
transported between different sites and are available to all users.

The proposed architecture applies the SDN and NFV concepts to
embed workflow applications flexibly and dynamically as Virtual Net-
work Functions (VNFs) over 5G networks and cloud infrastructures. To
ensure high performance levels in terms of quality, bandwidth, and low
latency, a smart optimizer component takes advantage of the flexibility
of a cloud infrastructure, to provide optimization policies both at the
network and application levels.

3.2. Application layer

The components developed for the game streaming scenario are
open source. They are flexible, scalable, and evolve more easily than
traditional networks. Applications will be composed of different Physi-
cal Network Functions (PNFs) and VNFs. This deployment in different
services allows for better integration in the edge cloud and continuous
improvement of each service. That is, each of them is independent
and allows for scalability and ease of use without overinvesting. A
specific workflow is created that facilitates the automation of tasks,
allowing flexibility where and when it is needed, thanks to NFV. In
Fig. 1 the architecture developed for the investigation is represented,
which included the following components:

• Game Server: Core component of the service, acting as a PNF. It
supports the greatest load of resources, being a powerful physical
machine capable of handling a resource-demanding game, the
real-time multimedia transmission process, and the AI-based op-
timization service. This component hosts a third-person game to
explore a 3D environment, based on Unity [51]. This engine is one
of the most used thanks to its support in practically all platforms,
from video games to mobile platforms. Inside the PNF hardware,
it also hosts the Optimizer, which is a smart component that
optimizes the behavior of the service in a 4-step loop: Monitoring,
Analysis, Policy, and Execution (MAPE). It needs a connection to
all components of the service to collect all monitoring data from
applications and the network. The optimizer uses DRL algorithms
to analyze and provide corrective actions with the aim of ob-
taining the best QoE. Finally, an instance of the OBS studio [52]
will capture the screen of the game server and create the stream
through the network with the desired multimedia characteristics.
This PNF is hosted on a custom workstation that runs with 64
CPUs, 32 GB of RAM memory, and is equipped with a NVIDIA
2080 Ti GPU.

• vTranscoder: VNF service for multimedia handling, capable of
adapting input content and transmitting it over the network
according to the desired parameters. It is based on open-source
encoding techniques and libraries included in the FFmpeg [53]
tool suite. The encoder used for image processing was H.264.
4

Although there are new codecs that improve some features, it is
also true that they are not as widespread as H.264. Our scenario
required several integrated components under a 5G architecture,
so a fundamental requirement was to use a fully integrated codec
in all layers of the network. However, this encoding is one of
the most efficient in terms of resource consumption with re-
spect to the desired objective QoE and the encoding speed. This
step is necessary to reduce the bandwidth of multimedia signal
transmission and can be critical in some cases, so it should be
considered. Apart from codec features, deploying this VNF on the
edge gave flexibility to adapt the stream depending on the user
bandwidth or a specific device. This flexibility means that it was
not connected to the central graphics card and was processed
according to the central resources where the VNF is deployed.

• Spectator Client: Component responsible for simulating the be-
havior of an end user and observing the received content, also
deployed as a VNF. Therefore, we included a multiplatform frame-
work system, such as VLC to watch the content and a quality
probe to assess the received multimedia. This probe was a video
quality indicator service based on work by [54–56], which per-
formed an analysis to determine image characteristics. This probe
took the stream flow as input, managing to analyze different
indicators of the image based on QoE. Some of these indicators,
being used later as optimizer states, were blockiness, block loss,
temporal activity, spatial activity, and blur.

The optimizer included within the Game Server required informa-
tion in real time to assess the state of the environment. For communi-
cation between applications, an Apache Kafka system was included at
the platform level [57]. This message bus allowed the publication of
monitoring metrics from all components of the service. The optimizer
was subscribed to the bus of both the vTranscoder and the spectator,
these metrics being essential for the optimizer to analyze the current
state of the service.

3.3. Workflow simulation

The environment characterization was established by leveraging
diverse locations accessible through the 5G EVE multisite platform [58,
59]. The study involved remote settings apart from Spain, like Italy
and Greece. In Madrid (Spain), the central site hosted the PNF server,
capable with graphic power capabilities to maintain a consistent 60
fps in the game and facilitate video transmission. Streaming began
from this site to the central vTranscoder server, which, in turn, relayed
the content to distant vTranscoder sites situated in Torino (Italy) and
Athens (Greece).

The orchestration of the multisite environment was automated us-
ing the 5G EVE platform [60]. This enabled deploying and initiat-

ing components across various transcoders and client-side elements
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for streaming analysis. Multimedia metric generation began when the
gamer started generating content, allowing the algorithm to execute
bitrate corrective actions.

Training occurred with a focus on two vTranscoder locations (Italy
and Greece), aiming to streamline resource assimilation and foster
seamless integration between these sites. This integration played a
crucial role, particularly in the context of the 5G nature of the use
case, demanding a consistent bandwidth flow during transmission. By
comprehensively characterizing the scenario, we ensured that, follow-
ing the completion of training, the algorithm could seamlessly extend
its reach to any additional sites, if they met the minimum requirements
for bandwidth and resources. The developed algorithm is parallelizable,
so as long as the additional site covered the minimum requirements,
considering the actions of the model (maximum bitrate of the profiles),
this new site could be included.

A robust model requires the inclusion of network impairments
within the training plan to preemptively address potential challenges
once the model is deployed. Executing this task involved the develop-
ment of the Traffic Manager (TM), which operated on the spectator’s
network interfaces, fine-tuning network parameters. This component
served as the gateway to the spectator’s received stream. Concurrently,
alongside the TM, another component, the Traffic Generator (TG), was
introduced to impose contingencies on the video stream. Essentially,
we aimed to simulate additional users or services connected to the net-
work, consuming the available bandwidth. In this instance, it involved
another transcoder transmitting video with randomly adjusted bitrate,
introducing disruptions to the transmission.

The primary objective revolved around delivering an optimization
service within a multisite gaming scenario. The multisite environment
specifically entailed two distinct locations: the initial site responsible
for content generation and transmission, and the second site designated
for reception and evaluation. Both sites were positioned at consider-
able distances, with content transmission occurring over a 5G cloud
telecommunication network (refer to Fig. 1).

3.4. Performance evaluation metrics

In our assessment of the effectiveness of the proposed multisite
gaming streaming optimization, we employ a set of key performance
indicators (KPIs). These values are obtained to determine the state of
different characteristics of the service, such as evaluating the quality of
the video especially. Additionally, useful parameters are the streaming
configuration values such as the assigned GOP, and the video bitrate,
as well as the resources used on the infrastructure that can help
the algorithm determine possible transmission losses. The subsequent
itemized list elaborates on these performance indicators.

Video Quality Metrics:

• Blockiness [0, 1.1]. Computes the presence of block-like arti-
facts in a video, often caused by compression or lower bitrates,
negatively impacting visual quality. A blockiness value between
0.9 and 1 indicates good quality without distortion. Acceptable
quality is maintained from 0.65.

• Block loss [0, 200]. Represents the video blocks lost during
transmission or compression, affecting the overall integrity of the
video stream. Higher values imply more visible distortion, with
good quality maintained in the range of 0 to 5.

• Blur [0, 70]. Measures the degree of blurriness or lack of sharp-
ness in video frames, influenced by compression artifacts, focus
issues, or motion. Higher values correspond to more visible dis-
tortion, while good quality is upheld within the range of 0 to
5.

• Temporal Activity [0, 255]. Describes the level of motion or
activity across consecutive frames. Higher values signify greater
temporal activity, with good quality within the range of 0 to 20.
5

• Spatial Activity [0, 270]. Reflects the complexity of spatial de-
tails within a video frame. Higher values indicate greater spatial
activity, with good quality maintained within the range of 0 to
60.

Streaming Parameters:

• GOP configuration [0.5, 4]. Involves structuring GOP in a video
stream, impacting compression efficiency and overall quality.

• Bitrate [5, 50]. Represents the amount of data processed per unit
of time in a video stream, directly influencing compression levels
and video quality.

• Encoding quality. Indicates the efficiency and effectiveness of
the video encoding process, with higher quality yielding superior
visual fidelity, albeit at a potential increase in computational
demands.

Infrastructure Resource Utilization:

• CPU consumption. Measures the processing power utilized by the
system to handle specifically video streaming tasks.

• RAM usage. Quantifies the amount of memory utilized by the
streaming infrastructure.

3.5. Asynchronous advantage actor–critic (A3C)

RL algorithms learn through trial and error against a defined envi-
ronment. This concept of trial and error is evaluated through rewards,
either positive if the outputs are optimal or negative if the outcome
penalizes the sequence of actions. The goal is to maximize the total
reward in the long run. That is, at the cost of obtaining some minor
rewards for a certain option, we must choose to make decisions at
certain times so that we can find new avenues of rewards that increase
the total accumulated [61]. This means that despite seemingly very
positive decisions, there may be others that can offer us greater total
reward with successive actions.

All RL algorithms are based on the Bellman equations [62], which
by following some functions look to maximize the optimal policy (𝜋)
function. They are made up of two differentiated equations. One is
value-based, through which we try to find the best decision through
an approximation of the reward values according to the values of the
shares. This formula computes the state value function (𝑉𝜋) as the
expected return over all possible actions for a specific state. In contrast,
it is the policy-based type, which considers the set of states and actions,
to decide the action, computing the state–action value function (𝑄𝜋),
as the expected return over all possible actions in some state. Formulas
are expressed in Eq. (1). The equations involve several parameters,
including the expected value of the policy distribution (E𝜋), the current
state (𝑠) and the set of possible states (𝑆), the current action (𝑎) and the
set of possible actions (𝐴), the accumulated reward (𝑅𝑡), the returned
eward for a specific trajectory (𝐺𝑡), and the discount factor (𝛾).

𝑉𝜋 (𝑠) = E𝜋 [𝑅𝑡 + 𝛾𝐺𝑡+1|𝑆𝑡 = 𝑠]

=
∑

𝑎
𝜋(𝑎|𝑠)

∑

𝑠′ ,𝑟
𝑝(𝑠′, 𝑟|𝑠, 𝑎)[𝑟 + 𝛾𝑣𝜋 (𝑠′)]

𝜋 (𝑠, 𝑎) = E𝜋 [𝑅𝑡 + 𝛾𝐺𝑡+1|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎]

=
∑

𝑠′ ,𝑟
𝑝(𝑠′, 𝑟|𝑠, 𝑎)[𝑟 + 𝛾

∑

𝑎
𝜋(𝑎|𝑠)𝑄𝜋 (𝑠′, 𝑎′)]

(1)

ach of the RL types mentioned above has advantages and disadvan-
ages. From the speed of training to the stability and convergence of
he model. One of the ideas that emerged was to be able to merge both
deas, having the best characteristics of each one and alleviating the
roblems. In this case, one of the algorithms that emerged was based
n the concept of Actor–Critic [63].

These algorithms divided RL problems and capabilities into two
arts. The actor oversees determining the best possible action consid-
ring the states, looking for the best action policy (policy-based). The
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Fig. 2. A3C general overview.
critic evaluates the action taken by the actor, computing the value
function (value-based). As iterations progress, these two components
learn and improve their approximations.

Among all the action values, the agent must choose the best one
to obtain the most optimal consecutive actions, possibly causing high
variability in the results. The advantage function was introduced in
the A3C algorithms to estimate how much better a particular action
is compared to the expected average reward for that state, given the
current policy (see Eq. (2)). It was defined as the difference between
the 𝑄 value of taking a specific action (𝑎) in a particular state (𝑠) and
the average 𝑄 value of that state (𝑉 (𝑠)).

𝐴(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) − 𝑉 (𝑠)

= 𝑟 + 𝛾 ∗ 𝑉 (𝑠′) − 𝑉 (𝑠)
(2)

This improvement over previous algorithms helped the agent dif-
ferentiate between the effectiveness of different actions in the same
state, allowing it to take more optimal actions. In A3C algorithms,
the advantage function is used as a baseline for computing the policy
gradient, which is then used to update the value and policy function.

The A3C algorithm has many advantages over conventional RL
algorithms, due to either the combination of techniques or the use
of neural networks. The use of separate networks (actor and critic)
for the training also provides high stability, avoiding problems related
to the high dynamic gradient range. However, the specific choice of
this algorithm for the use case was due to its parallel training nature.
Its previous version, called Advantage Actor–Critic (A2C), marked the
beginning of parallelizable algorithms. However, the training occurred
synchronously. In other words, the agent feedback to the central server
was carried out in a coordinated manner, so that if there were any
interruptions in an agent or possible delays, general interruptions in
training could be experienced. The next version, called Asynchronous
Advantage Actor–Critic (A3C) (Fig. 2 and explained pseudocode in
Algorithm 1), solved this problem with the asynchronous sharing of net-
work weights. This asynchronous version allows for an AI model with
multiple sites in parallel. In other words, our multisite environment
can be fully developed without the need for synchronization between
different sites, each being independent. The limitation of parallel sites
depends on the number of resources deployed.
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Algorithm 1 Asynchronous Advantage Actor–Critic (A3C).
Input: Number of parallel workers 𝑁 = 2, learning rate 𝛼 = 0.001,
discount factor 𝛾 = 0.99, policy parameter 𝜃, value function 𝑣,
episodes per step 𝑇 = 10
Initialize global shared neural network with parameters 𝜃
for each site worker 𝑖 in 𝑁

Initialize the policy network 𝜋𝑖 with parameters 𝜃
Initialize the value network 𝑉𝑖
Initialize the random state
𝑠0 =[video quality, streaming, infrastructure]
for each episode 𝑡 in 𝑇

Execute action 𝑎𝑡 (set bitrate) following policy 𝜋𝑖
Observe discounted reward 𝑅𝑡
Compute the advantage function 𝐴𝑡 = 𝑅𝑡 − 𝑉𝑖(𝑠𝑡)
Update actor network parameters 𝜃𝑖

end for
Update the global shared neural network (critic network)

end for
Update shared parameters 𝜃
Output: Updated policy parameter 𝜃, value function 𝑣

4. Experiments

4.1. Experimental setup

The optimizer component, placed on the Game Server PNF, was
designed to consume all the monitoring data from the Kafka message
bus, analyze it, and provide an optimization policy for actions to the
Site Transcoder VNF. In the proposed case, optimization was based on
an adaptation of the bitrate of the content in the network to solve
potential quality losses due to possible network bottlenecks.

A real-time scenario requires a service capable of responding with
actions with the available information. Generally, AI models capable
of predicting values need a previous training dataset to find internal
patterns in the data. In these cases, these data were transmitted in
real time by both the vTranscoder and the vProbe, so the optimizer
depended exclusively on the data in the instantaneous time to be
carried out.



Computer Networks 244 (2024) 110334A. del Rio et al.
Fig. 3. Frame extracted from the video sequence in original quality.
Given the problem of lack of a dataset in a very heterogeneous
environment and the need for a very flexible solution capable of adapt-
ing to changes in the topology status, the choice for the optimization
algorithm was a combination of DL and RL called DRL.

The full integration of the use case covers the connection between
PNF - VNF - VNF (Game Server - vTranscoder - vProbe) so that the
validation of the complete system consists of a simultaneous execu-
tion of all the components to enable the optimization task, with the
consumption of results on the enabled Kafka bus.

4.2. Gaming streaming content

In this use case, the gamer transmitted the game content through the
network, so that the end user can enjoy the video in the best possible
quality, regardless of the network conditions. The video game on which
the transmission was to be made consisted of a 3D 1080p (1920 × 1080)
adventure game (see Fig. 3 for reference image). The concrete aspect
is cartoon, but it contained a diversity of scenarios, whether it was an
open world with contrasts of lights or caves in which the content was
complex in cases of low bitrate.

One of the mantras in the gaming world is to guarantee a minimum
of 60 stable FPS, in contrast to the 24 or 30 FPS of the traditional
TV industry. On the game server, the game runs at a higher frame
rate (variable +100 FPS); however, to ensure optimal transmission,
it was limited to 60 FPS to meet the minimum threshold for gaming
transmission. Given the increase in the rate of frames per second
compared to traditional content, an increase in bitrate was expected.
Through a previous analysis, we determined that the bitrate of the
gameplay was around 25 Mbps, with some frequent spikes at 30 Mbps.
This content was already encoded according to the H.264 codec.

The video used for the use case consisted of a video sequence
from a game developed under the Unity Engine. A 10-minute sequence
was recorded to make an estimate on the video analysis, considering
statistics to develop an optimization. Therefore, the duration of the
video (even so, the video is played in a loop) is not so important
for the validation but the overall effectiveness of the components for
generating information.

Within this analysis, five characteristics were extracted: blockiness,
block loss, blur, temporal activity, and spatial activity. Among the five
features, blockiness and block loss stood out as better indicators of
image behavior. In particular, a blockiness value of 0.65 or higher
is indicative of a desirable high QoE. On the other hand, a block
loss value greater than 5.0 signifies significant image degradation and
noticeable losses in quality. The duration of the recording was not fixed
in advance, but rather consisted of the complete flow of the video game,
venturing the character through the different areas of the scenarios to
be able to analyze most of the graphics in the game. In other words,
the 10-minute sequence contained a complete round for the completion
7

Fig. 4. Blockiness performance throughout the entire video sequence.

Fig. 5. Block loss performance throughout the entire video sequence.

of the game, from start to finish. In Figs. 4 and 5 the two main
characteristics, blockiness and block loss, are examined throughout the
training video sequence. These figures showed the oscillation values for
different bitrate profiles, both for blockiness and block loss.

Such high transmission rates may not be supported in certain envi-
ronments, so a previous content analysis was performed to evaluate the
appropriate network profiles. These network profiles were the target
bitrate at which the transcoder had to adjust the streaming bitrate.
Analyzing the content (Fig. 6), it was observed that by limiting the
gameplay to 25 Mbps, there were hardly any distortions in the image,
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Fig. 6. Blockiness analysis performed over different bitrates.

Fig. 7. Block loss analysis performed over different bitrates.

so this was considered the upper limit of what we would consider a
high-quality profile. On the other hand (Fig. 7), progressively reducing
the bitrate we observed that from 10 Mbps downward, we began to
observe artifacts in the image. At 7 Mbps the lower profile was set,
where we considered that going further, we could not guarantee decent
quality in the image. Finally, an intermediate point was established for
the medium profile, establishing at 15 Mbps.

Another aspect addressed in the image analysis before training was
the size of the Group of Pictures (GOP). The GOP is the distance
between two main frames, counting as distance the number of frames
that separate both. In the first instance, we analyzed four GOP sizes,
so due to our 60 FPS approach we had a GOP size of 30-60-120-240
frames. At the time of deployment, we observed that the transcoder,
when placed at a point where it did not have a graphics card, was not
able to maintain a smooth transmission with the largest GOP size (4).
Reducing GOP sizes, we obtained somewhat higher quality measures,
but totally negligible compared to a reduction in bitrate (Fig. 8). It
was expected that a reduction in the GOP could affect the compression
quality, so we saw a slight increase in the video bitrate but that we
adjusted according to the network profiles mentioned above. Finally,
the transmission parameters were established.

4.3. Optimization

The optimization of the streaming service was achieved by training
the A3C algorithm on a target bitrate, representing the desired flow
of streaming content. RL algorithms, such as A3C, operate through an
action policy, defining a set of possible movements or decisions. In our
case, these actions corresponded to network profiles associated with
8

Fig. 8. Comparison metrics for different GOP sizes in network profiles.

Fig. 9. Neural Network architecture.

target bitrates that the transcoder aimed to reflect in the streaming.
This set of profiles were defined for high (25 Mbps), medium (15 Mbps),
and low (7 Mbps) quality streaming.

Value Loss = (𝐴(𝑠, 𝑎))2

Policy loss = − log(𝜋(𝑎|𝑠)) ∗ 𝐴(𝑠, 𝑎)
(3)

In the A3C algorithm, a combination of RL and DL was employed to
learn the optimal policy for the streaming environment. We established
a standard architecture for the two neural networks within the A3C
algorithm (see Fig. 9). The Actor neural network, responsible for se-
lecting actions, comprised several fully connected layers (dense layers)
followed by a SoftMax function, generating a probability distribution
over possible actions. This distribution informed the action selection
process, facilitating the decision-making in the streaming optimization
task. The value loss was determined by the squared value of the
advantage function.

Simultaneously, the Critic neural network, sharing a similar archi-
tecture to the Actor network, computed the policy loss. The policy
loss served as a measure of the disparity between predicted and actual
action distributions. The total loss produced was used to update the
parameters and weights of the shared network, in order to improve the
general policy. Both policies are presented on Eq. (3).

In detail, the optimizer needed values from the current state of the
environment. On the one hand, we had the states from the vTranscoder,
which offered the transmitted bitrate values that were approximated to
the target bitrate, the encoding quality, CPU consumption, and RAM
usage. On the other hand, in the component considered as a spectator,
video analysis was carried out through the video quality probe, which
extracted measures of blockiness, block loss, blur, temporal activity,
and spatial activity. The values were consumed by the optimizer via
the REST API in the vTranscoder and via Kafka in the probe. All set of
states are summarized in Table 1.

Finally, the algorithm evaluated each action using reward functions.
These functions, positively or negatively, represented the extent to
which the actions had been taken. The main reward function was
based on the analysis of the content received in the spectator, since
the objective was to ensure that the user experience was maximized.
However, a reward function was additionally included to emphasize the
highest network profiles. This was because on certain occasions the RL
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Table 1
Set of states and actions.

Features

States Actual bitrate; Target bitrate; Encoding Quality;
CPU usage; RAM usage; Blockiness;
Spatial Activity; Block Loss; Blur;
Temporal Activity

Actions 25 (2); 15 (1); 7 (0) Mbps (Profile)

algorithms could become conservative, and despite looking for the best
quality, we also wanted to be able to transmit at the highest possible
bitrate, keeping close the bitrate to the original content.

Even though the RL algorithm generates actions quickly, effective
choices require a deeper understanding of their consequences. We
prioritized analysis over immediate reactions by implementing a 10-
second delay. This time was adopted based on the video quality probe
which required around 4–8 s to analyze the sequences. In addition, we
included additional time to ensure that the process was completed and
the environment was adapted to the new action, offering accurate data.

5. Results

The transmission of the video was carried out over UDP, since we
guarantee fluid streaming with the aim that an optimization service
guarantees the QoE of the video. Being a gaming environment, the
frame rate we guarantee was 60 FPS, so the initial analysis of the video
was carried out for different GOP sizes. We looked for standard GOP
sizes in the broadcast industry, so efforts were focused on analyzing
image measurements based on these parameters to decide the best
suitable GOP.

The conclusions drawn are that the GOP of size 2 (and, therefore,
120 frames) was the one that met our requirements. Size 4 was also con-
sidered, but with such a large frame size (240), transmission problems
were observed, as it was a long time, causing continuous disconnections
in streaming. The rest of the GOPs also met the requirements, but since
there were no great differences between them, we decided to maintain
the standard in the industry.

The UDP transmission configuration was set under ultra-fast speed
encoding. Sending via UDP could have some negative effects on the
quality of the image, but, since we have a high binary rate, we did not
perceive impacts to highlight them. However, the effects produced by
the speed of stream encoding were more notable. The important part
of the transmission was to be able to maintain a stable flow of 60 FPS.
As the output video was generated at a high bitrate, it was decided to
select a higher preset to get a fluid transmission.

The original video used had a bitrate of 376 Mbps (28.2 GB in total
size), so for a correct transmission, the bitrate was reduced by means
of coding techniques. This bitrate must not only be optimal so that the
components had support for this amount, but we had also considered
the limits imposed between network links so as not to saturate the
link with a single service. Using an ultrafast preset over UDP, the
bitrate was increased to 473 Mbps (35.4 GB). We can observe that
when transmitting with the settings mentioned above, the total size
was increased while still preserving a good level of quality. However,
in terms of quality metrics, the effects can be observed in Figs. 10
and 11. Although these effects are permissive in terms of quality, they
created differences for each network profile. They allowed us to create
a baseline for different profiles for the use case optimization.

Once the stream characteristics were defined, we focused on the
optimizer task to maximize the spectator’s QoE. One of the main incon-
veniences that can occur in a transmission is loss of packets or seeing
bad blocks in the image. An example of them can be seen in Fig. 12,
where its quality has been seriously reduced by both a reduction in
bitrate and external agents, obtaining a notable degradation in QoE. It
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Fig. 10. Comparison of blockiness between video reference and transmission.

Fig. 11. Comparison of block loss between video reference and transmission.

Fig. 12. Frame extracted from the video sequence with impairments.

is presented as an example of a bad QoE on the transmission, which
the optimizer must avoid for a proper training.

The evaluation of the training was carried out using the set of
functions developed. This set was a combination of small rewards
which defined specific parts of the use case evaluation. Due to the
previous analysis, we observed that blockiness and block loss were the
two fundamental aspects that allowed us to differentiate the reception
of high-quality content from low-quality or even lossy content. The first
two equations represented the evaluation of the video quality based
on the obtained values of blockiness and block loss. These developed
rewards were based on activations of popular neural networks functions
such as 𝑡𝑎𝑛ℎ and inverted 𝑅𝑒𝐿𝑢. In Eq. (4) the rewards used for training
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Fig. 13. Optimizer action distribution.

Fig. 14. Reward values during training.

are presented.

𝑅blockiness = 110 ⋅ tanh(blockiness − 0.55) ∈ [−46, 46]

𝑅bl = −min(max(0, bl − 4), 20) ∈ [−20, 0]

𝑅profile = 6 ⋅ action ∈ [0, 12]

𝑅total = 𝑅blockiness + 𝑅bl + 𝑅profile ∈ [−66, 58]

(4)

The third rewards equation corresponds to balance the training. In
other words, Reinforcement Learning algorithms, despite having explo-
ration patterns beyond the action considered most sensible, can become
conservative over time. Therefore, an additional reward attached to the
selected profiles was developed, with the highest value corresponding
to the profile with the highest bitrate, as opposed to no reward returned
for the lowest profile.

This exploration ability can be seen in Fig. 13, where during training
the actions were balanced throughout the set. However, with the
optimizer enabled, there was an emphasis in the action for high bitrate.
The rest of actions were also selected in cases of inadequate network
situations or if the image presented some distortions.

Rewards were defined to evaluate each of the optimizer episodes.
They represented not only the quality of audiovisual multimedia but
also a reference to balance training. In Fig. 14 we show the evolu-
tion of the reward during 185 steps. Each included step involves an
accumulation of the rewards obtained over several episodes, that is,
obtaining the current state of the environment and acting based on
the bitrate profiles. The rewards obtained during the initial training
phases were around 40. In the final steps, this reward was increased
to 240, obtaining a 500% outstanding difference increase. The total
duration of training was approximately 5:30 h, the point at which
the optimizer could start overfitting the training data and incur future
errors predictions.

A crucial aspect of training with this algorithm involved proac-
tively addressing potential challenges, such as network bottlenecks.
To simulate real-world scenarios, the background bitrate generation
was randomized throughout the training process. Table 2 represents
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Table 2
Comparison of Mean Optimizer results.

Features Training Trained

Blockiness (% ≥ 0.65) 0.68 (56%) 0.81 (76%)
Block loss (% ≤ 5.0) 15.5 (80%) 2.3 (95%)
Bitrate 12 19

the results obtained, comparing on average the value of blockiness,
block loss and bitrate obtained, in the training phase compared to
the model trained and applied to the environment. As explained in
previous sections, for a suitable high QoE, the appropriate blockiness
values are 0.65 and above. Furthermore, block loss values below 5.0
are considered optimal, while values exceeding this threshold indicate
significant losses in the image. Upon comparison of the results, there
is a noticeable enhancement of 20 percentage points in blockiness
and a concurrent improvement of 15 percentage points in block loss,
accompanied by a gain of approximately 7 Mbps in bitrate.

6. Conclusions

The result of this publication exposes the ability to simultaneously
deploy a multimedia optimization service. This deployment achieves
a great goal in cooperation for the instantiation of services in distant
sites. The application of AI and, more specifically, the A3C algorithm
has allowed this parallelization of environments to perform their ser-
vices independently. Not only that, but with the results obtained, we
demonstrated how we were able to minimize content losses (15%
reduction), as well as the fact of obtaining higher image quality results
(20% increase in blockiness) with higher bitrates (+7 Mbps), compared
to a service without an optimizer integrated in the system.

An objective to achieve in future work would be to analyze new DRL
algorithms, such as Soft Actor–Critic algorithms [64], which adds the
use of Experience Replay to the combination of algorithms, with which
to stabilize training even more. This would open doors to training in
shorter periods, but it would be necessary to test its effectiveness in
scalable environments.

Finally, the ability to optimize in parallel different streams opens
a new research field, where we can consider different privileges per
user (premium user, standard user, etc.). This consideration also opens
the door to research from a business perspective, where we can apply
different billing models depending on the consideration of the user and
the optimization of the workflow.

Another consideration is that the optimization carried out in this
work is focused on the application layer of a virtualized service. The use
of topology discovery techniques for including lower level parameters
and actions in the optimization procedures could lead to a more real
and complete scenario, where several abstraction layers are considered
for a fully optimization, not only of the service end QoE, but also other
domains such as resource consumption and energy efficiency.

All of this future work is planned to be integrated with research and
innovation within topics of B5G and 6G by adding intelligence to the
management and optimization of the network.
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