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Data transmission of Virtual Reality (VR) plays an important role in delivering a powerful VR
experience. This increasing demand on both high bandwidth and low latency. 6G emerging
technologies like Software Defined Network (SDN) and resource slicing are acting as promising
technologies for addressing the transmission requirements of VR users. Efficient resource management
becomes dominant to ensure a satisfactory user experience. The integration of Deep Reinforcement
Learning (DRL) allows for dynamic network resource balancing, minimizing communication latency
and maximizing data transmission rates wirelessly. Employing slicing techniques further aids

in managing distributed resources across the network for different services as enhanced Mobile
Broadband (eMBB) and Ultra-Reliable and Low Latency Communications (URLLC). The proposed VR-
based SDN system model for 6G cellular networks facilitates centralized administration of resources,
enhancing communication between VR users. This innovative solution seeks to contribute to the
effective and streamlined resource management essential for VR video transmission in 6G cellular
networks. The utilization of Deep Reinforcement Learning (DRL) approaches, is presented as an
alternative solution, showcasing significant performance and feature distinctions through comparative
results. Our results show that implementing strategies based on DRL leads to a considerable
improvement in the resource management process as well as in the achievable data rate and a
reduction in the necessary latency in dynamic and large scale networks.

Keywords 6G cellular networks, Virtual reality, Software defined network, Deep reinforcement learning,
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The upcoming sixth generation (6G) mobile network is promising to deliver data fast with super-efficient
transmission to keep dealing with new technologies. One major focus of 6G is improving user application
experiences like Virtual Reality (VR) and Augmented Reality (AR) which using these technologies will become
easier wherever you are without any restrictions. This support is expected to super huge growth of VR/AR
services and apps whereas in turn this will push forward the incredible development of VR/AR gadgets. In
this context, the way of interacting with media will become for users by super-realistic AR/VR immersive
experiences and even possible using holographic interactions become a commonplace. VR/AR are technologies
to become a key essential part of 6G but increase incredible demand for high data rates and very low latency,
which will push the limits of 6G networks. To meet these demands, 6G networks will need to ensure VR users
have the necessary resources, like computing power and storage, which could involve leveraging a vast network
of VR In the realm of 5G mobile networks, there are three mainly communication scenarios: enhanced Mobile
Broadband (eMBB), massive Machine-Type Communications (mnMTCs), and Ultra-Reliable and Low Latency
Communications (URLLCs). Concurrently, both academia and industry have initiated research into the realm
beyond 5G (B5G) and 6G. 6G networks will introduce more vertical application scenarios with specialized
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capabilities, such as latency and peak data rate, projected to emerge beyond 2030. These scenarios are not limited
to the three major ones in 5G whereas 6G networks are anticipated to possess robust capabilities for delivering
tailored and adaptable services. Network Slicing (NS) is widely acknowledged as a fundamental facilitator of
6G networks. Through slicing, the network functions and resources of all physical elements can be abstracted
comprehensively by enabling straightforward management, allocation, and deployment®>.

In the same manner, advancements in softwarization and virtualization technologies illustrated by software-
defined networking (SDN) and network function virtualization (NFV) are advancing the progression towards
6G NS. Despite the promising potential of 6G NS, several technical challenges arises through its seamless
implementation. One critical challenge is resource allocation in 6G NS among different slices. Consequently,
resource allocation 6G NS emerges as a pivotal technical concern deserving further research emphasis. Within
this framework, the sophisticated task of mapping sliced end-to-end services onto the underlying 6G networks
is raised with extensive access, transport, and core components. Simultaneously, the resource and functional
requirements of customized slices must be sufficiently met?. Significant efforts has been drawn in the direction
of how to better NS performance explained. Usually, optimization techniques used for formulating network
resource slicing problem. Nevertheless, this difficult problem of NS is fraught by the fact that Radio Access
Network (RAN) environment is very dynamic. In doing so, 6G NS must embrace more intelligent resource
allocation capabilities to ensure low latencies and increased data rates for all users. To this end, harnessing
machine learning/artificial intelligence capabilities such as Deep Reinforcement Learning (DRL) algorithms
may offer promising solutions®.

Literature review

In recent research, the domain of virtual environment communications has encountered a surplus of challenges
which is driven by escalating the needs for advanced and more effective communication systems. To tackle
these problems, massive research has been undertaken which focuses on the capabilities of 6G NS and SDN
within this domain. Many of the following researches used Deep Reinforcement Learning (DRL) as solvent for
optimizing network problems. Virtual environment applications are tackled by high data rates and low latency
which 6G can offer these requirements. This article® suggests using modern machine learning techniques such
as multi-armed bandits and federated learning to help solve problems in metaverse development which is one of
the virtual environments. This includes optimizing resources and improving how users experience satisfied. Two
examples are efficiently allocating VR resources and customizing content for each user’s interests and needs. In’,
it found that Rate Splitting Multiple Access couldn’t meet the demands needed for virtual reality streaming in 6G
networks due to computational and dynamic user demand challenges. The authors found a solution that came
up with a new method which is a special mix of multicast and deep reinforcement learning, thus, the system
meet the strict timing needs and rates required. This study® introduced a new way to schedule tasks for wireless
virtual reality in 6G networks. It uses cooperation between edge servers to make better the task distribution. The
authors used a method where no central control is needed and multiple agents work to optimize tasks that hac
to get offloaded successfully with less delay and balanced loads.

SDN are used to centralized management through 6G cellular networks. In°, authors studied how Machine-
to-Machine (M2M) is changing, especially in Internet of Things (IoT) surroundings. They highlighted 6G role in
meeting IoT future needs which they explained a scalable SDN in-band control protocol, using a data network for
controlling information transmission made for IoT networks. Carried out in wired and wireless networks with
Basic OpenFlow User-space Software Switch (BOFUSS), network flexibility and programmability was improved
which is important for better IoT performance in 6G. In another article!, the authors presented design for
6G networks using SDN as the main link for continuous network checks and transmission links selections.
They used SDN for tidy resource distribution and keeping an eye on data flow which manages contradicting
performance measures with a DRL guided algorithm and Soft Actor-Critic (SAC) technique. NS is a promising
technique in 6G with more flexible technologies. This study!! investigated a new way to share network resources
in 6G systems which solve the tough task of managing different types of wireless communication on limited
radio waves. By using cognitive radio and slicing network, the study built a model to suggest an idea for sharing
the radio spectrum which can improve usage of network channels. This research!? tackles 6G IoT apps by
blending Joint Connection And Sensing (JCAS) with complete NS. It used deep reward focused learning to
properly allocate resources and cut full system lag time. The simulated results prove its ability to meet service
quality standards and the needs of future wireless networks. Solving the problem of sharing messages in IoT
for social situations studied in'®. This study showed way to use Unmanned Aircraft Systems (UAS) and fog
computing. It uses a system of layers to send messages and takes advantage of the best routes using a 6G network
slice using SDN. This makes messages sent to their destination faster and covers a wider area, while also making
sure achievement of less delay.

Radio Access Network (RAN) slicing is the most critical aspect to a successful network in this sense and its
optimization entails a consideration of parameters and techniques such as Dynamic Spectrum Sharing (DSS),
load balancing, and interference management. Such basic management strategies as QoS management and
admission control are vital for fulfilling Service Level Agrement (SLA) demands along with having a minimal
negative effect on other slices. RAN slicing is categorized based on resource allocation methods: In Static Slicing
the resources are held constant once after the network planning stage in order to provide definite QoS, but in
Dynamic Slicing the resources are changed quite often according to the traffic and hence it can be effectively
implemented for applications which show variation in traffic. BS-Level Slicing divides the resources for wireless
along the different base stations, while Network-Level Slicing uses a controller to manage the resources of different
BSs thereby offering more chances of network customization'. The optimization of resource allocation in RAN
slicing to deal with the different QoS requirements and can serve users of the Mobile Virtual Network Operator
(MVNO); to deal with this, this work presents the Modulation and Coding Scheme (MCS)-aware RAN slicing
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problem as a Non-Linear Programming problem and proposes a greedy algorithm to solve it and it is contrasted
with an upper mechanism bound to support minimum data rates for all users'®. In'®, an improved network
slicing framework is proposed for 5G and beyond networks to optimize the placement of NFVs, radio access
points, data flows and compression to achieve different Key Performance Indicators (KPIs) related to reliability,
energy consumption, data quality while improving the existing approaches mainly associated with throughput
and delay. In?, a novel network architecture for 6G Fog Radio Access Networks (F-RAN) that optimizes energy
efficiency and delay using virtual slicing (VS), and introduces a low-complexity EE optimization algorithm that
improves energy efficiency by 30% while maintaining a 1 ms delay threshold. In'7, 5G RAN slicing in the next-
generation networks was discussed based on the theoretical framework with NFV mapping algorithms and slice
recovery optimization. To enrich NFV mapping and resource allocation, the authors presented four algorithms,
namely Resource-based (RBA), Connectivity-based (CBA), Group-based (GBA), and Group-Connectivity-
based (GCBA); extensive experimental results demonstrate that the proposed algorithms achieve excellent
performance in the construction of stable RAN slicing. This paper focuses on the adaptation of Edge Computing
(EC) with NS through improving the dynamic slice scaling and task offloading of the involved service providers
in 5G networks. The authors in'® involved a low-complexity algorithm to offload tasks/modules and allocate
radio and computing resources in real-time, and a Deep Q-Learning (DQL) framework for reconfiguration.
The network slicing framework is experimentally evaluated by using a network slicing testbed with Docker and
with real traffic trace and a sample augmented reality application to optimize the real-time offloading ratio and
resource allocation policy of slice requests.

SDN can be a technique that realises virtualization which is associated with resource slicing or the process
of slicing up physical network infrastructure and spectrum based resources into multiple NFV. As a result, a
number of applications can be controlled by dividing them by the necessary bandwidth and data storage onsite,
while using a single network infrastructure. This process is improved in SDN, particularly, by the utilization of
a centralized controller that determines the allocation of resources depending on collective QoS demands and
current status of the channels and improves the effectiveness and adaptability of the slicing of the network. To
meet these challenges and requirments, this paper presents a model of SDN system consisting of VR that is
intended to address the transmission requirement of the VR video in 6G cellular networks. The centralization of
SDN helps in network resource managing and NS throughout communication with VR users and base stations
and supports both low-latency and high-data rate communication for efficient resource use. The proposed
approach here is to use DRL for selecting the resources, calculating the weighting factors, and forming perfect
NS. Key contributions include:

« A new architecture of an effective VR data transmission management in 6G network with Virtual Reality SDN
system model for end-to-end (E2E) VR link between users.

« An optimization problem within the entities to achieve maximum attainable data rates given limited E2E
latency and limited resources in each slice focusing on the VR slice requirments.

o Asa solution to the VR data transmission needs, the utility of DRL tactics has been demonstrated.

o Performance and Functional Comparisons between different DRL models are demonstrated.

The paper is structured as follows: firstly, an overview of the system model is provided, then, the problem definition
is proposed. Thereafter, DRL technique for resource selection optimization with end-to-end management is
demonstrated, moreover, the results and discussion are showed, and lastly, the conclusion is written to show all
analysis of our proposed model.

System model

The third Generation Partnership Project (3GPP) has a provision for the slice designs which is an important
stage in RAN slicing and precedes the actual slice creation process during planning!. The slice design plays
a vital role, aiming to meet the communication needs of the services that each slice is intended to support. In
many traditions, slices have been distinguished based on radio resource assignments that must satisfy bandwidth
or data rate demands. However, this approach does not address the issue of latency requirements, in particular
those which are crucial when it comes to 5G powered verticals such as Industry 4.0. This study recognizes
and addresses this drawback by recommending new definitions of RAN slices which consider more than just
bandwidth or rate demands when considering communication needs.

The scenario proposed in this paper is Orthogonal Frequency Division Multiple Access (OFDMA) within
an N-cellular network Base Stations (BSs). In Fig. 1, each BS is positioned at the center of its respective cell and
M user equipment (UEs) are uniformly distributed over the network area. These distributed UEs with various
service types such as eMBB, URLLC, and VR slices, show how diversified services within this network could
be. The recommended VR slice aims at supporting high data rates with low delay. In this network, URLLC
services feature short packets while eMBB services are characterized by constant traffic having large packet sizes.
Additionally, those UEs that offer VR service support large packets which means that distribution of these large
packets across the networK’s resources must be done efficiently through network resource management to satisfy
strict low-latency demand.

The radio interface between BSs and UEs is structured into frames, with every frame having time and
frequency partitions. Frames are split into Transmission Time Intervals (TTIs) or subframes in the time domain
whereas bandwidth is divided into subcarriers in the frequency domain. The physical layer of 5G Radio Access
Networks (RANGs) offers a lot of flexibility to waveform utilization and time-frequency frame structures hence
making possible configurations of diverse TTI duration and subcarrier spacing called numerologies. The
selection of numerology depends on the deployment frequency band and service requirements for the slice?’.
For this matter, we assume a TTI length of 0.5 ms and sub-carrier spacing of 30 MHz. An essential point to note
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Figure 1. System model.

is that different network slices can exist within the same radio frame, which employ different numerologies.
Each network slice is allocated a small time-frequency resource in the radio interface, where the smallest
subdivision is called Resource Block (RB) Resource block contains 1 TTI and 12 subcarriers, which in our
typical scheme within of 1 millisecond X 180 MHz They are equivalent. Each slice executes its own scheduler,
which is responsible for distributing its resource blocks among its users on each TTI, corresponding to the type
of distributed service type (eMBB, mMTC, or VR). The number of resource blocks assigned to each slice can be
adjusted periodically known as a decision step or steps, usually spaced by several frames In each step, the control
agent selects a control action, and it only determines the number of resource blocks available for each slice until
the next decision step In between, the control agent collects each slice measurement of user data traffic, channel
quality conditions, and Service Level Agreement (SLA) compliance parameters.

The physical network is partitioned into N segments, with each RB potentially allocated to either eMBB,
URLLC, or VR network slice. These sets of slices for eMBB, URLLC, and mMTC are represented as I, J, and L,
respectively. The total count of eMBB, URLLC, and VR network slices corresponds to I, J, and L, respectively,
with the constraint that their sum equals N, (I+]J+L = N;). Additionally, a .;, o ;; and « ,; are indicators
that RB is allocated for eMBB, URLLC and mMTGC, respectively and shown as following:

1, ifRBis allocated to 1, ifRBis allocated to 1, ifRBis allocated to
Qo= i —th eM BB slice user , ;= i —th URLLC slice user |, a ,; = i —th VR slice user (1)
0 other wise 0, other wise 0, other wise

In SDN network used, the control plane is responsible for controlling the network through the northbound
interface of SDN. A standard controller is used to centralize global network resource administration and
OpenFlow (OF) protocol is employed to communicate with switches and obtain network information, resulting
in efficient network resource management and optimization. In SDN, a set of controllers C = {1,2,... ,C}
are considered physically distributed but logically centralized and connected south to OF switches mentioned
asset | = {1,2,... , I}. The importance of SDN is to control the whole link for VR users in End-to-End (E2E)
manner. Assume SDN switch i € [ either managed alone or integrated with BS n € N. Each BS has a set of
VR devices {M,,: M, C M, >, M,=M, n=12,... , N}. Let the set R = (1, ... , R) denote the
subcarriers (i.e. RBs) assigned to each BS.

For each VR user m,, € M,, in BS n, data rate for user m,, in uplink which is denoted by r,, ,; and data rate
for user m,, in downlink is denoted by 7, 4. They can be expressed by:

+ Pnul ‘hmnl din,r17< > (2)

o2

Tmu = W.logy (1
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3)

1,0 h ( dn -
Tm,dl = VV.IOgQ (1 + W)

Where h,,, is the channel information for the link between VR m,, associated to BS n, p,.u, pna is the
transmitting uplink and downlink powers, respectively, W represents the bandwidth of each uplink or downlink
subcarrier across all channels, d,,, is the distance between VR user m,, and BS n and ¢ ? is the variance of the
Additive Gaussian White Noise (AWGN). VR user data sent to its associated BS is determined by S,, ;. Data
can also be received from a virtual server in controller c or from other users within the same or different BSs,
this data is measured by S, 4. The link between two VR users is denoted as [; ;. A communication scenario
is considered for each VR user in every link such that large data amounts need to be sent with minimum
latency and with high data rates. The latencies for transmission and receiving are jointly managed and fluctuate
depending on the data volume being transmitted or received. This ensures that the E2E latency remains within
the minimum threshold for optimal VR performance. The necessary latency to enhance the performance of VR
users, whether it’s transmitting its interaction with the environment or receiving real-time changes in other VR
users environment interactions, is defined as:

Sm ul

Lnuul = - (4)
Tmul
Sm dl

Lm,dl = (5)
Tm,dl

SDN Network assigns uplink or downlink rates to VR users based on whether they’re transmitting or receiving
in a given time slot. Whereas, L; denotes the time interval for a network slice request in the backhaul. The
duration to process data sent to switch i is represented by L,. Upon reception in the backhaul controller, data
processing time is L. to be handled within its corresponding tenant application. Packets sent originated from or
requested by VR users in another BS n, or they might be served from a virtual environment hosted on a specific
server within controller c. From previous analysis the time required within the SDN network for serving packets
is defined as:

Lspy=Lj+ L; + L. (6)

Problem formulation

The main objective is to maximize the achievable rate during communication among VR users or interaction
with the environment. However, achieving minimum E2E latency is crucial for latency-sensitive VR applications.
While the rate in uplink and downlink may vary based on the data size transmitted, the latency differs while
transmitting data from a VR user to a BS or on reverse. Consequently, the E2E time for the link /; ; can be
described as:

TL// = 6 Lm,,u,l + LSDN + (1 - 6 >Lm,,d/ (7)

Where, § is a weighting parameter between uplink and downlink latency to satisfy transmitter and receiver
Quality of Service (QoS) as mentioned in both scenarios. Thus, the overall system data rate can be calculated as:

nvlf n\ R ul
Rtotal = § n=1 § § L -1 v, 1a/ IIT7 n + v La’l nrz n)
i# (8)

n('\lHIf Vlulfllc ul
+ § e,ili, nrz n+()é, i 7z7n; n + § (oz//a, nrz n +Q],(l, nr1 71)

Where a;, and a;,, are indicators of VR user m,, associated to BS n in uplink and downlink, respectively. Thus,
the optimization problem is formulated as:

N ©)
st. TLi; < Ty, @)
Qoo € {01} (ii)
(Y i n Rﬂ, m (iii)
a i, Rth m (iv)
a1 Lyt < zwtz;IHT:L(‘ul )
@i L < T " (vi)
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9 ul +0 dl

m,n m,n S N‘/R (Vii)
Constraint (i) is guaranteed E2E latency between for link [; ; not exceed a certain threshold 7}, that ensures
VR performance is in virtual environments. The sum of assigned RBs for each VR user must be in the range
of assigned RBs for each slice in BS n, this is assured in constraints (iii) and (iv). Although, constraints (v) and
(vi) ensure that latency subjected by user m,, in uRRLC slice for uplink and downlink doesn’t exceed certain

thresholds 7“;;:55"0’“[, ﬂ;lf{f]‘c’dl, respectively. Additionally, constraint (vii) limits the combined number of VR

sessions in uplink and downlink to not exceed total number of sessions Ny which this ensures that resource
allocation does not exceed the system’s capacity to handle VR traffic.

DRL based resources selection

This section explains how the proposed resource scheduling scheme works. The scheme uses dynamic resource
scheduling policies based on DRL to generate resource allocation decisions. We first describe the learning
framework and policy network, and then explain the design of the training algorithm. The learning-based slicing
scheduling scheme uses DRL to dynamically adjust resource allocation. The state representation, action space,
and reward function are designed as shown in Fig. 2. To generate efficient scheduling decisions, it is crucial for
the DRL agent to understand and observe the slicing network system. To achieve this, we first design the state
representation that serves as the input to the scheme. The states of the current time step slicing system observed
by the agent are represented as whole E2E link properties.

Q-Learning is a well-known reinforcement learning technique that aims to find the optimal strategy through
interactions with the environment that result in the highest accumulated reward 1. It is a model-free, value-
based, off-policy algorithm that finds the best series of actions based on the agent’s current state. The “Q” in
Q-Learning stands for quality, which represents how valuable the action is in maximizing future rewards.
However, Q-Learning has some drawbacks. One of the main drawbacks is its slow convergence rate due to its
iterative nature and the fact that it does not rely on any prior information when it encounters a new state. For
NS, the number of possible states and actions renders a simple Q-learning approach infeasible. To overcome
these limitations, DRL is used. DRL uses a Deep Neural Network (DNN) to approximate the state (s) — action
(a) value function ¢ (s,a, )~ Q*(s,a) where the vector contains the weights of the DNN. This DNN is
trained to minimize the prediction error given by its loss function, where the target output of the DNN is defined
by the optimal Q-value. By using DRL, the agent can learn from its experiences and make better decisions
based on the environment. When the Q-function is modeled with the help of neural networks, it is called Deep
Q-Networks (DQN). To further improve DQN for the specific context of cellular networks with diverse slices,
some techniques are chosen to use in the approach. These additional techniques are crucial to use DQN for NS.

Firstly, Q-Learning is modelled as in the following steps:

o When the agent is in state s, it chooses an action a according to a policy called epsilon-greedy. In this policy,
the agent chooses the action with the largest Q-value Q(s,a) with a probability €, and equally chooses the
other actions with a probability of (1 — €)/ (| A| — 1), where | A| denotes the size of the action space.

o After the agent chooses an action, it learns the reward R(s, a) from the environment, and the state transi-
tions to the next state s.

o Then the agent updates the Q-value function as:

Q(s,a) = Q(s,a) + o (R(s,a) +v mazT(d )Q(s",d" ) = Qls,a)) )

Besides, deep neural network has made novel progress in the following aspects:

Mini Rates fi Si?};‘; R% RA AR

Minimum Rates for e} users (R oy ) ; X

e P P T“Rétg:ul %ﬁiuc,dz ] RB alloc‘.mon f?l eMBB,

Maximum Delays for uRRLC users (T}, ., Lthm ) Reward R(t) . uRRLC and VR users
Action a(t)

Maximum end to end delays for VR users Tﬁf"‘ Next State S(t+1)
Channel state information Hypgatriz

according to the minislot
selected (o ;,0e .0ty 5)

Figure 2. DRL orchestration.
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« Experience Replay is a technique used in reinforcement learning where the agent stores the past experience
(ie., the tuple e; = (sy, ar, s/ ¢, R(st,ar))) at episode t into a dataset D; = {ey,..., e;} and uniformly se-
lects some (mini-batch) items from the dataset to update the Q-value neural network @ (s, a).

» Network Cloning is a technique used in reinforcement learning where the agent uses a separate network Q to
guide how to select an action a in state s, and the network Q is replaced by Q every C episodes.

Both experience replay and network cloning motivate to choose the off-policy Q-learning algorithm. This is
because the sampling policy is only contingent on previously trained Q-value neural networks, and the updating
policy, which relies on the information from the new episodes, is irrespective of the sampling policy. On the
other hand, the DQL agent can collect the information (i.e., state-action-reward pair) and train its policy in the
background. The learned policy is stored in the neural networks and can be conveniently transferred among
similar scenarios. In other words, the DQL can efficiently perform and timely make the resource allocation
decision according to its already learned policy. Before diving into the details of our proposed approach as
shown in Fig. 2, we start by looking at each resource slicing problem as a Markov Decision Process (MDP). Let’s
focus on a specific scenario communication resource slicing, imagine we have a bunch of gNodeB (gNB) agents.
Those are like smart communication hubs observing their surroundings. These gNB agents need to allocate radio
resources to the serving devices (URLLC, eMBB or VR users). For each gNB, we treat this resource allocation
as a single agent MDP. In other words, each gNB agent is making decisions based on what it observes aiming to
optimize resource usage for its connected devices so in a nutshell we're using this MDP framework to tackle the
resource slicing puzzle in 6G communication networks.
The State Space: The state space of a gNB-agent encompasses several key elements:

o The set of associated end-devices.

o Available RBs.

« Channel gain between the gNB and its associated devices.

« The maximum delay threshold required by the URLLC service.

o The minimum throughput for eMBB users.

« E2Elink requirements for VR users, including E2E delay and the minimum transmission rate for both uplink
and downlink users.

The Action Space: When it comes to the Action Space, a gNB-agent faces the task of determining which RBs
should be allocated to each of the associated devices. Given that an end-device may require multiple RBs to
achieve the desired QoS, we define an action as a row vector. Each element within this vector corresponds to a
specific RB-device pairing.

The Reward Function: In the context of the reward function, the gNB agent’s reward hinges on its ability to
allocate the necessary RBs successfully. An action is deemed successful if it adheres to the constraints set by the
RB allocation model in (8). Our primary objective is to minimize E2E communication delay for VR users, so the
received reward is inversely proportional to the sum of all communication delays associated by the VR users.
Conversely, if the gNB-agent fails to meet these criteria, it incurs a negative reward.

Results and discussion

To evaluate the proposed model, we conducted extensive simulations and compared it to other RL-based slicing
models. The simulation environment shows the distribution of RBs across RAN slices. Each slice serves either
enhanced eMBB, URLLC, or VR slice, has its traffic model and SLA. Defining SLA constraints for each slice is
crucial for our problem formulation to manage RBs effectively. Area of 600 m X 150 m is considered to distribute
users randomly. Some assumptions include uplink power p,, ,; and downlink power p,, 4 are set at 7 dBm and
23 dBm, respectively. Additionally, bandwidth W is 1 MHz, with o 2 at -174 dBm. File sizes for uplink L, .
and downlink L,, 4 are ranged randomly from 1 Byte to 20 Mega Byte. The network’s structure for VR slice
varies based on the number of available VR users with results showcased according to the available VR users’
links. To simplify, a VR-VR link is considered whereas one VR user is transmitting and the other is receiving.
The network scenario considered for the simulation results is 1 eMBB, 2 uRLLC, 2 VR slices. Moreover, the radio
resources R among the RAN slices is using TTI length of 0.5 ms and sub-carrier spacing of 30 MHz for each
subframe. This radio resource allocation is updated every 50 radio subframes. Therefore, the decision between
resource allocation and the other is 25 ms. We compare our results with different slicing algorithms using DQN
in?! (named in results DQN_rel) and Normalized Advantage Function (NAF)?? (named in results NAF_rel)
which is an algorithm extend to DQN to continuous space. Additionally, DQN and NAF was running on Python
3.8 [https://www.python.org/downloads/release/python-380/] as well as using stable-baseline [https://stable-
baselines3.readthedocs.io/en/master/modules/dqn.html] for DQN implementation and Keras-RL [https://
github.com/keras-rl/keras-rl] for NAF implementation.

For each algorithm in every scenario, 20 simulation runs is conducted. In each comprising two consecutive
phases: learning phase and testing phase. The learning phase spans 4000 decision stages which is equivalent
to 70 min of simulation time. During this phase, algorithms learn from system interactions without any
aforementioned knowledge of the system’s reaction. This phase is parallelizing the launch of new network
slices or updating existing SLA slices. Evaluating this phase is decisive as our proposal aims to learn how is the
effect of VR slice on the network operation whereas it can minimize any negative effects on service providing.
Subsequently, lasting 1000 steps or 8.3 min of simulated time during the testing phase, RL algorithms stop
learning and simply utilize policies acquired during the learning phase to allocate RBs at each stage.

In Fig. 3, the performance of NS using DQN and NAF are monitored by SLA violations that measures how is
the system fails to meet SLA requirements, cumulative SLA violations that attained by combining the previous
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Figure 4. Network performance.

SLA violations and amount of RBs used in each slice that ranged from 0 to maximum number of RBs in each
subframe. In Fig. 3 (a), it can be found that SLA violations for our proposed model using DQN or NAF is smaller
than those in DQN_rel in early stages. Although, evaluating using NAF increased in middle stages this is due to
more learning steps addicted. In last stages, learning for NAF relaxed as they reach it’s best solution. In contrary,
DQN is almost the same during all stages. In Fig. 1(b), It can be concluded that cumulative SLA violations for
our proposed model using DQN is much less than DQN_rel. This is because SLA violations for DQN almost
the same during learning phase but in DQN_rel the SLA can’t be reached in early stages. Although NAF_rel it
outperforms out proposed model using NAE. This means to avoid SLA violations for our proposed model, DQN
is the best solution especially not all these stages needed for running. Keep in mind that the NAF algorithm
requires approximating the discrete action space as a continuous one, which could impact its performance.
Figure 3(c) depicts how resources are used, comparing the proposed model with DQN_rel and NAF_rel. The
purpose of this figure is to show the system’s spectral efficiency. At early stages, the proposed model shows better
spectral efficiency, but as learning becomes more trained, resource allocation distinctly increases in later stages
of learning. Moreover, it can be deduced that DQN generally offers a better solution in our context compared to
NAE In comparison to other research, a similar level of efficiency is observed at middle stages, but our proposed
solution obtains significantly more resources after deep learning, which in turn affects the potential data rates,
as shown in the next figure.

In Fig. 4 (a), the achievable data rate is measured with the number of learning stages increases. Early on, the
achievable data rate is significantly lower compared to the performance of DQN and NAF (as used in references”!
and %, respectively). This discrepancy arises due to congestion during the initial learning stages when resources
are utilized in our proposed model. However, in later learning stages, DQN handles congestion more effectively
than NAF and other techniques. The system stabilizes, distributing the necessary resources to all connected users
across BSs. Moreover, as can be observed, the DQN_rel has a near constant achievable data rate from the onset,
suggesting that the agents are well trained to immediately make the best choices once the system is deployed,
while the DQN starts off with lower achievable data rates, but gradually improve with time as learning takes
place due to the many parameters addressed in the proposed model. This first drop for DQN could be due to the
early irrationality in the assets allocation that the model correct as it grows and know how to prevent congestion.
Whereas, DQN_rel and NAF_rel appear rather stable, one might assume so due to certain prerequisites that these
models are trained to solve, for example, excluding latency issue affecting of users. However, these models do not
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consider latency for the VR users and it arises in our proposed model soon than the earlier models. That is, the
proposed approach addresses these latency requirements better than the prior work, and increases the data rate
gradually as learning progresses until the performance converges to a stable state. Additionally, we analyze the
achievable data rate against changes in the time threshold for VR links which depicted in Fig. 4 (b). Increasing
the time threshold alleviates congestion in selecting the appropriate number of RBs to achieve low latency.
Consequently, the network becomes more relaxed in choosing the number of RBs for each VR user, resulting in
a relatively stable achievable data rate starting from 3 ms for our proposed model. On the other side, it can be
seen that our model is outperform other two models in all cases of time threshold adjustment. Furthermore, in
Fig. 4 (¢c), we consider another metric: the data size sent or received by VR users. As data size increases, network
congestion growths because it must accommodate larger data transfers. Consequently, the achievable data rate
decreases. Conversely, at smaller data sizes, higher achievable data rates are observed. Additionally, it can be
seen that when the size of data reached about 50 MBs, our proposed model is outperforming the other models;
DQN_rel and NAF_rel by about 45%.

Figure 5 indicates the scalability of network performance in a large network, as it displays the execution
time taken by increase number of slices. Four scenarios was created by increase 1 VR slice in each scenario. The
running environment specifications used is intel core I7 and 32 GB RAM. The figure shows that the more users
become online, the execution time become higher. But even this time is reasonable for the proposed model
by using DQN this is because compoutational complexity is well managed by a more efficient action selection
mechanism designed for the high-dimensional action spaces. Also, it can be seen that the time of NAF_rel to
execute is much higher in all scenarios due to implementation differences (NAF algorithm uses the Keras-RL
implementation instead of Stable Baselines). Finally, it can be concluded that the execution time increased from
scenatio to scenario 4 for each algorithm by percentage as follows: DQN is 78%, NAF 98%, DQN_rel is 85% and
NAF _rel is 138%. This means that the best scenario can be used for the proposed model in terms of execution
time is DQN.

Conclusion

In summary, this work directs critical needs for VR data transmission through 6G cellular networks. A VR-based
6G networks was modelled using emerging technologies like SDN and resource slicing. Thanks for SDN that
offers this centralized model makes communication between VR users more organized. By integrating DRL,
network RBs are balanced dynamically whereas maximizing data transmission and minimizing latency are
issued. Resource management is also enhanced for slicing services such as eMBB, uRLLC and the proposed slice
for VR users. Our results make comparisons that show DRL approaches achieve better results and differences
compared to some previous solutions. Overall, this work contributes to effective and streamlined resource
administration, essential for transmitting all VR data through 6G networks.

Data availability

All data supporting the findings of this study are available within the paper and its Supplementary Information.
Along with original reference describing the VR communication used in this study, all used data are described
in results and discussion section. Papers inspiring the work (knowing that they are included in the work) are:
doi: 10.1109/LCOMM.2019.2922961, doi: 10.1109/ACCESS.2018.2881964, and our research previous part: doi:
10.1109/ACCESS.2023.3326842.
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