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Abstract—Leveraging the power of deep reinforcement learn-
ing (DRL) and strategic knowledge transfer, our study introduces
PIRA-DRL-DTRL, a novel approach to optimizing resource
allocation in emerging 6G networks. Central to this research
is the innovative application of artificial intelligence (AI) at
the network’s edge, enabling efficient management of resources
across diverse timeframes while enhancing overall network per-
formance. Implemented within an Open Radio Access Network
(O-RAN) architecture, PIRA-DRL-DTRL employs a two-tiered
decision-making system to dynamically adapt to varying network
demands, ensuring optimal resource allocation for enhanced
mobile broadband (eMBB), ultra-reliable low-latency commu-
nications (URLLC), and massive machine-type communications
(mMTC). Our proposed algorithm achieves significant perfor-
mance gains, providing a 14.28% and 10.67% improvement
in throughput for eMBB slices compared to DRL-only and
state-of-the-art (SOTA) methods, respectively. Additionally, it
reduces delay by 23.57% and 7.48% compared to baseline and
SOTA approaches for eMBB slices. By predicting and adapting
to network slice demands, PIRA-DRL-DTRL ensures seamless
service delivery. This research lays the groundwork for smarter,
more efficient 6G networks capable of meeting the dynamic needs
of users and applications.

Index Terms—6G, O-RAN, Radio Access Network, Radio
Resource Management, Network Slicing, Artificial Intelligence,
Machine Learning, Deep Reinforcement Learning, Transfer
Learning, Intra- and Inter-Slice Scheduling

I. INTRODUCTION

PCOMING wireless networks are poised to facilitate
unprecedented data speeds, impeccable quality, ultra-low
latency, and unwavering reliability. Networks in the 5G era
and beyond face the challenge of dynamically and optimally
managing resources to meet these escalating demands. To
achieve the critical performance benchmarks for applications
such as augmented reality (AR), virtual reality (VR), multi-
player online gaming, vehicular communications, smart facto-
ries/cities, integrating machine learning (ML)/ artificial intelli-
gence (Al) within wireless communication becomes essential.
The surge in traffic demands driven by recent technological
advancements necessitates judicious resource utilization. Em-
ploying ML/AI for efficient resource management and alloca-
tion across various network facets, including the radio access
network (RAN), core network, and network orchestration,
presents a viable solution.
Network slicing emerges as a strategic approach to instan-
tiate bespoke virtual networks atop the physical infrastruc-
ture, catering to the distinct needs of each slice. Leveraging
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robust computational power and autonomous optimization,
cutting-edge ML models deliver ubiquitous, reliable, and near-
instantaneous wireless communication for both machines and
individuals. The integration of intelligent network elements
such as on-device distributed learning, deep learning, Al-
enhanced RAN slicing, and edge AI into various slicing
subnets is pivotal for the smooth functioning of future wireless
networks. Future research must consider these elements across
categorized use cases such as enhanced mobile broadband
(eMBB), ultra-reliable low latency communications (URLLC),
and massive machine type communication (mMTC), as delin-
eated by 3GPP, thereby informing resource allocation deci-
sions within these defined slice categories.

Advancing toward optimal resource allocation for 5G+ and
6G networks mandates the adoption of Al-driven strategies.
Reinforcement learning (RL) methodologies, particularly deep
reinforcement learning (DRL) techniques like deep Q networks
(DQN), are gaining traction for their capacity to tackle various
wireless communication challenges, including radio resource
management (RRM), through a model-free approach. DRL has
emerged as a powerful technique for resource allocation in
wireless networks due to its ability to adapt to the dynamic
environment. DRL, as a control algorithm, efficiently han-
dles complex optimization problems associated with resource
allocation by learning network dynamics over time [1[|—[4]]
and making decisions to maximize performance metrics such
as throughput, latency, and reliability [S]. However, in some
cases, ensuring the convergence of DRL algorithms under real-
time network conditions remains a significant challenge.

Transfer learning (TL) has gained interest as a solution
to this issue by leveraging pre-trained models from similar
tasks, improving the convergence speed and stability of DRL
algorithms in dynamic and unpredictable network environ-
ments [6]], [[7]. Deep transfer reinforcement learning (DTRL)
becomes a valid and effective option for RAN slice resource
management. This approach not only improves the resource
allocation process but also maintains high quality of service
(QoS) across different network slices, thus supporting the
diverse requirements of 5G and beyond networks. The advent
of 5G networks and the upcoming 6G era necessitate advanced
solutions for efficient resource management.

The Open Radio Access Network (O-RAN) architecture
supports programmable, disaggregated, and interoperable net-
work components, introducing control level loops such as
the near-real-time (near-RT) and non-real-time (non-RT) RAN
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Intelligent Controllers (RICs). These controllers play crucial
roles in radio resource management, with the non-RT RIC
operating on a time scale of seconds to minutes for optimizing
policies and configurations, and the near-RT RIC operating
on a time scale of milliseconds to seconds for rapid adjust-
ments [8]. The adoption of O-RAN architecture underpins
the seamless integration of the intelligent capabilities across
different network strata, promoting ease in adapting Al as a
service (AlaaS) with intelligent network components at the
edge [9]. The deployment of intelligent agents using DRL
ensures seamless coordination and optimization of resources
across different time scales and network slices [9].

Our proposed algorithm aims to refine resource allocation,
reconfiguration, and utilization by leveraging the intelligent
capabilities of O-RAN network components, such as near-
and non-RT RIC. Positioned across various network layers
as xAPPs and rAPPs, the algorithm enhances radio resource
management across two distinct levels and time scales. Trans-
fer learning, utilized at the inter-slice level, benefits from pre-
trained networks by extracting common knowledge learned
from several underlying intra-slice-level intelligent agents.

II. RELATED WORK

As mentioned in Section I, the 6G services demand diverse
range of KPIs with critical values. To achieve such stringent re-
quirements, the resource management, allocation and network
orchestration must be done as smoothly and as intelligently
as possible. To enable these aspects, a unique combination of
technology enablers such as O-RAN, Al and Slicing could be
utilized as proposed and discussed in detail in SOTA [[10]]. We
take this motivation and follow similar network architecture
as our earlier work [10]. The radio resource allocation at the
RAN-Edge domain in the O-RAN architecture includes non-
RT and near-RT control loops ranging from a few seconds to
millisecond time scales. In the case of resource management
decisions of longer duration, convergence and learning are
impacted due to several underlying dynamic network elements.
In this specific scenario, the use of transfer learning in DRL
presents a promising approach to enhance performance and
scalability. It addresses key challenges such as convergence
time and dynamic adaptation, making it a valuable technique
for future 5G and beyond network management. TL techniques
in DRL can utilize the knowledge learned from near-RT
agents, significantly reducing the convergence times for non-
RT agents and improving performance metrics.

The integration of transfer learning with DRL in the context
of radio resource allocation and management within the RAN-
Edge domain of the O-RAN architecture has shown signif-
icant promise in various studies. The researchers propose a
dynamic RAN slicing model using a prediction-aided weighted
DRL approach that improves resource utilization and meets
various QoS requirements, showing faster convergence [11]].
A study conducted in [12]] leverages distributed DRL with
LSTM for better decision-making in O-RAN slicing, achiev-
ing significant reductions in QoS violations. One of recent
studies addresses slow convergence and unstable performance
in DRL agents by proposing a hybrid TL approach, which

significantly enhances convergence speed and stability [6].
Researchers introduce a multi-agent DRL framework, STEP,
for 6G O-RAN slicing, which mitigates inter-slice conflicts
and enhances resource utilization through explainable proto-
cols [13]. The RL-MODE algorithm, as proposed in [14],
leverages RL integrated with multiobjective agents to optimize
QoS parameters, minimizing energy and latency in resource-
constrained, edge-enabled 6G WSN-IoT systems. Further-
more, [15] proposes a DRL architecture combined with action
factorization and LSTM for bandwidth allocation in highly
mobile RAN slice scenarios, improving QoE and resource
allocation efficiency. A study proposed a transfer learning-
accelerated DRL approach for allocation of slice resources
in 5G RAN, demonstrating notable reductions in convergence
time and significant performance improvements in handling
variations in traffic load [16]]. In practical scenarios, the use
of TL aids in addressing real-world challenges such as slow
convergence and unstable performance. A hybrid TL approach
for slicing showed improvements in initial reward value and
convergence scenarios, crucial for real-time applications [6].

The proposed method offers significant advantages over
integrating federated learning with decentralized DRL, which
introduces additional overhead due to information exchange
between local and global agents. This overhead, absent in
our approach, leads to improved efficient utilization of limited
resources [17]]. Managing multiple agents and ensuring effi-
cient knowledge transfer among them is complex. Ensuring
that agents can effectively share and apply knowledge in
varying network conditions remains a significant challenge
[18]. Although TL improves performance, its scalability to
large-scale networks with diverse requirements is still an open
question. Ensuring consistent performance across various net-
works and traffic conditions requires further exploration [19].
Networks are highly dynamic, and the ability of TL models
to adapt quickly to changing conditions without extensive
retraining is crucial. Strategies to handle sudden network
changes efficiently are still being developed [6].

The research work conducted in [20]] provides a compre-
hensive investigation of transfer learning approaches within
the context of DRL. The survey introduces TL as a crucial
technique for utilizing external expertise to enhance learning
efficiency and effectiveness in DRL. A framework for catego-
rizing state-of-the-art (SOTA) TL methods is presented, ana-
lyzing their goals, methodologies, compatible RL backbones,
and practical applications. The researchers in [21]] explore the
integration of transfer learning within reinforcement learning
(RL) frameworks to enhance the efficiency and efficacy of
learning processes. It addresses the challenge of applying
knowledge gained from past experiences to new, similar tasks,
emphasizing the critical role of transfer learning in achieving
efficient, long-term learning across different domains. The
paper proposes a method where a RL agent utilizes agent-
centric information (consistent across tasks) and environment-
centric information (variable across tasks) to predict the con-
sequences of actions.The work done in [22] introduces the Q-
TRANSFER framework designed to enhance the application
of deep learning in communication networking by addressing
the challenge of insufficient training datasets. Another study



highlighted the benefits of using transfer learning in DRL
for joint radio and cache resource allocation, achieving faster
convergence and better performance compared to traditional
methods [23]. TL can improve the scalability and flexibility
of resource management solutions. By utilizing expert agent’s
knowledge, the proposed DTRL algorithms improved delay
and throughput metrics significantly, showing better scala-
bility for dynamic environments. These algorithms leverage
knowledge transfer from expert agents to improve learning
efficiency and performance on new tasks. The application of
TL to topology management within a 5G heterogeneous aerial-
terrestrial broadband access network is explored in [24]. It
aims to enhance energy efficiency, reduce deployment costs,
and improve system capacity and QoS.

Although the aforementioned SOTA approaches tackle var-
ious challenges and enhance performance, they fall short in
addressing the resource utilization concerns. Furthermore, they
do not effectively leverage TL for DRL tasks that involve
prolonged episodic training. In such scenarios, transferring
knowledge from agents trained on shorter time scales with
a closely related scope can be highly beneficial, enabling
faster convergence and improved adaptability. Furthermore,
TL can be instrumental in aggregating knowledge across
multiple network slices and can contribute to a more holistic
understanding of the network, thereby enabling more informed
and efficient reconfiguration decisions for higher orchestration.
Additionally, TL can help mitigate inter-slice conflicts by
enabling a shared learning framework that balances competing
optimization goals, ultimately leading to improved resource
allocation and overall network efficiency.

Utilizing transfer learning in DRL for the RAN-Edge do-
main in O-RAN architecture can significantly enhance the
efficiency and adaptability of resource allocation mechanisms.
The proposed approach can better accommodate the diverse
QoS requirements and varying network conditions, ultimately
leading to more robust and efficient network management.
In our formulation, TL is mainly used to address inter-slice
resource contention and conflict, which is crucial for optimal
resource utilization and performance. It also enhances the
interpretability of DRL models to ensure their adoption in
real-world scenarios, balancing QoS requirements across di-
verse and dynamic network slices. This research provides two
control-level loops of Al-driven agents to manage resources
within different network slices at multiple time scales. The
contributions of our proposed research work are listed as
follows:

1) Our work proposes a combination of Al-driven agents
using the DRL and DTRL algorithms at intra- and
inter-slice levels, respectively, to accommodate the needs
of different network slices within the available limited
bandwidth.

2) The proposed algorithm not only relies on the number
of bits in the buffer but also utilizes several other aspects
crucial for user association and scheduling. We propose
a combination of different parameters to take smart
scheduling decisions based on intelligent agents.

3) Non-real-time agents apply the crucial insights related
to underlying dynamic network elements that are gained

from near-real-time agents through transfer learning.
Each intra-slice agent acquires knowledge pertinent and
unique to a specific slice, which is then taken into
account at the inter-slice level.

4) The radio resource allocation process incorporates the
efficient utilization of resources as a key objective in
optimizing the distribution of resources among users.

5) The state and action spaces of all agents are independent
of the number of users, which makes it scalable and
adaptable to practical scenarios.

6) The reward function considers weighted values of mul-
tiple KPIs for each slice, resulting in balanced system
performance in terms of SLA-defined QoS metrics.

7) Various TL approaches reviewed and analyzed from
state-of-the-art (SOTA) [20], [21]], and [22], are usually
applied at the same time scale. In contrast to this, our
research extracts knowledge from operations at real-
time scales and applies it at non-real-time scales in the
proposed solution, where the intelligent loop at non-RT
RIC runs over a longer duration and incorporates transfer
learning from real-time agents.

III. DEEP TRANSFER REINFORCEMENT LEARNING (DTRL)

The DRL-based agents for non-real-time control level loops
in network environments, such as 5G and beyond, involve
several significant challenges in terms of convergence time.
These algorithms often require extensive training to converge
to an optimal policy. Therefore, the KPIs and reallocation
decisions that update over longer durations in the network must
have a way to learn the undergoing dynamic changes within
lower timescales of the network environment. TL combined
with DRL improves the performance of resource management
within network slicing. It leverages the knowledge gained
from pre-trained models for near-real-time deep neural net-
works (DNNs) to enhance the learning process of new but
related tasks. This technique addresses several key challenges
associated with using DRL algorithms at a larger timescale,
particularly in dynamic and complex environments:

o Faster Convergence: TL accelerates the training process
by starting with a model that already has a baseline
understanding of similar tasks, reducing the amount of
data and time required to achieve optimal performance.

o Improved Stability: Pre-trained models provide a more
stable starting point, mitigating issues related to the
instability and variability in the initial phases of training.

o Enhanced Generalization: By using models trained on di-
verse datasets, TL improves the ability of DRL algorithms
to generalize across different network conditions and user
demands, leading to more robust and adaptable solutions.

¢ Reduced Computational Costs: TL reduces the compu-
tational resources needed for training as the pre-trained
models have already encapsulated valuable patterns and
insights that can be reused.

o Better Performance in Unseen Scenarios: TL equips
DRL agents with the ability to handle previously unseen
scenarios more effectively, as the transferred knowledge
provides a broader understanding of the problem space.



IV. PROPOSED MULTI-TIMESCALE INTELLIGENCE AT THE
EDGE OF THE NETWORK
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Fig. 1: Proposed Intelligent Algorithms

Figure [I] illustrates the hierarchical structure of resource
management and allocation in a network slicing environment,
emphasizing the roles of DTRL at the non-RT level and DRL
at the near-RT level. At the top of the hierarchy, the non-
RT RIC manages inter-slice resource reconfiguration through
rAPPs, which use DTRL. This layer collects slice-level KPIs
and resource utilization data to perform reconfiguration based
on long-term trends and slice-specific performance require-
ments. At the near-RT RIC layer, intra-slice resource allocation
is dynamically managed using DRL. This layer considers user-
specific KPIs and real-time resource utilization to make gran-
ular adjustments within each slice. xAPPs facilitate these real-
time, intra-slice resource management tasks, ensuring efficient
allocation to meet the immediate demands of various users and
services. The network is divided into multiple slices catering
to distinct services, namely eMBB, URLLC, and mMTC, with
resources allocated based on the unique requirements and user
demands of each slice.

A critical objective for future networks is accommodating
increasing traffic within limited bandwidth. While achieving
envisioned service KPIs is essential, resource limitations pose
significant challenges. Our proposal addresses this by incorpo-
rating an optimization objective that minimizes the maximum
resource utilization within each slice without compromising
service KPIs. Intra-slice agents, using DRL, contribute to
this optimization by making intelligent resource allocation
decisions within slices, which in turn aids inter-slice agents
in their reconfiguration tasks. Furthermore, transfer learning
is employed, sharing initial learned hidden layer neurons
between intra-slice and inter-slice agents. This shared infor-
mation reflects environmental details across slices, aligning
with the goal of reducing maximum resource utilization.

The non-RT RIC performs higher-level, less frequent ad-
justments across slices, leveraging the knowledge gained from
intra-slice agents to inform its decisions. These reconfigu-
ration decisions, made using DTRL, are communicated to
intra-slice agents via the Al interface. This hierarchical ap-
proach—combining high-level inter-slice management with

fine-grained intra-slice adjustments—ensures the network dy-
namically adapts to the diverse and evolving requirements of
all services. Table |I| outlines the various agents and their time
scales. The proposed framework is designed to be scalable
and adaptable for larger O-RAN deployments with heteroge-
neous network slices. Given that the number of slices within
a network is finite, the computational requirements at the
intra-slice level remain limited. Whereas, TL helps to reduce
computational requirements at the inter-slice level.

TABLE I: Summary of Agents

Control Type Agent No of Category MDP

level loop Agents

Near-RT Intra-slice ~ DQN 3 Experts  {Ss, As,7s,Ss'}
Non-RT Inter-slice ~ DTRL 1 Learner {S,A,r,S'}

Intra-slice intelligent agents use the DRL technique, specifi-
cally DQN, with a shared objective function to minimize max-
imum resource utilization while maintaining expected QoS.
These agents manage the scheduling and allocation of RBs to
end-users within each slice. Inter-slice agents, on the other
hand, reconfigure the limited resource block group (RBG)
pool across slices based on slice-level performance KPIs and
utilization data provided by intra-slice agents. Reconfiguration
decisions are then relayed to intra-slice agents for execution.
In this study, intelligent agents are designed for each slice
type—eMBB, URLLC, and mMTC—and are referred to with
subscript s, where s € {E, U, M}. Additional dedicated slices
can be integrated into the framework and trained using the
same methodologies as existing intra-slice agents.

For the intra-slice framework, resource allocation decisions
are made using DQN-based intelligent agents, where the state
S, represents the observed condition of the network environ-
ment and is fed into a DNN. The DNN processes the input
state and outputs Q-values for a set of possible actions Ag.
These Q-values represent the expected rewards for taking each
action from the given state. Actions are selected according to
the policy 7y, which is derived from the Q-values. The selected
action maximizes the expected reward, guiding the network
towards optimal resource allocation. After taking an action,
the network environment provides a reward r reflecting the
impact of the action on the network’s performance.

The reward helps in updating the Q-values to improve future
decision-making. The network environment continuously in-
teracts with the DNN, providing new states and rewards based
on the actions taken. This feedback loop enables the DNN to
learn and adapt to dynamic network conditions. The figure
also depicts the Q-learning process, where two networks are
used: a prediction network () and a target network (Q’). The
prediction network generates Q-values for the current policy,
while the target network generates Q-values for the target
policy. Parameters from the prediction network are periodically
copied to the target network to stabilize learning. The Q-values
are updated by minimizing the difference between predicted
and target Q-values. This process involves calculating the
temporal difference (TD) error and adjusting the network
weights accordingly. Parameters are updated every C iterations
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to ensure convergence and stability.The Q value, target Q
value, and loss function are calculated as given below [25].

7D~ (@} (s0,0.)’] M

Qi (s5s,a5) = Q; (8s,05) + 8 X Ly 2

Here, s € {E,U, M} and the values for learning rate €,
discount factor I'y as well as other hyper-parameters are
indicated in the simulation setup. The temporal difference, or
target Q values, is calculated as follows:

TD, =7, +T, max Q™! (s,,a,)

as€EA;

Ly

3)

Figure[2)illustrates the architecture of a hierarchical resource
allocation system in a 6G network environment, leveraging
DRL and DTRL techniques for intelligent resource manage-
ment. For DTRL, the Q-network Q% is initialized with the
weights of a previously trained source network Qgource tO
improve the learning efficiency and performance in the target
task as indicated. In this proposal, Qsource Weights refer to all
three underlying intra-slice DQN agent’s initial hidden layers.
The DTRL agent integrates these initial hidden layers from
the intra-slice DRL agents to form a comprehensive main
network. This integration helps to leverage intra-slice learning
to enhance inter-slice resource reconfiguration. The optimiza-
tion objectives at intra- and inter-slice levels differ, aiming to
minimize maximum resource utilization and maximize slice
KPIs, respectively. The newly learned characteristics of each
slice are distinct and vary across slices. In the inter-slice
reconfiguration process, only the fundamental distinguishing
features of each slice need to be learned, rather than the
objective-specific knowledge embedded within the deeper lay-
ers of the NN. Therefore, our approach enables intra-slice
agents to transfer learned slice-specific characteristics to inter-
slice agents, which are incorporated into the first hidden layer
of the NN. The main network includes multiple hidden layers

(with 256 nodes) and is trained using state-action-reward
tuples {S, A, R ,I'}. The DTRL agent updates its policy
parameters and Q-values periodically, ensuring optimal inter-
slice resource allocation. Parameters are periodically copied
from the main network to a target network, ensuring stability
and convergence in the learning process. The DTRL agent’s
learning process involves calculating temporal difference (TD)
errors and updating Q-values based on these errors.

V. SYSTEM MODEL

In this study, we explore an O-RAN network comprising
a comprehensive set of users K = {1,---, K} and O-RAN
radio units (ORUs) represented by M = {1,--- , M}, tasked
with servicing these users. Users are categorized into slices,
with each slice type designated as K, where s € {E,U, M }.
The user set K is the union of Kg, Ky, and Ky, with the
intersection of these sets being null, indicating that a user
can be served by a single slice at a time. Here each ORU
is capable of servicing all slice types. The available resource
blocks (RBs) at each ORU are denoted by N = {1,--- | N}.
Our analysis includes frequency division duplexing (FDD) for
downlink (DL) transmission. The system model uses a similar
network architecture as given in [10].

We further define a binary variable ay, 5 to represent the
assignment of RBs to users under specific ORU in the DL
where k € K,m € M and n € N, encapsulated in matrix
A. Each user k is linked with an ORU for DL transmission,
utilizing Ny, ,,, RBs at any moment. These RBs are organized
into Resource Block Groups (RBGs) according to 5G New
Radio (NR) standards, adopting a numerology of p 0
for all network users. Furthermore, each ORU is allocated a
number of RBGs for each slice category, dictating the number
of RBs available to each m-th ORU per slice category. The
network is assumed to operate under additive white Gaussian
noise (AWGN) with zero mean and o2 variance. All network



users maintain a uniform speed V' and adhere to a random
mobility pattern. The channel between ORU m and user k in
the DL is modeled as a frequency-selective flat-fading channel
with coefficient hy ,,. The Signal-to-Interference-Noise Ratio
(SINR) for the user k in connection with ORU m during DL
transmission is formulated below, assuming P, ,, represents
the total transmission power used by the m-th ORU to transmit

n-th PRB. )
Pm n |hk m n|
m,n — ’ — 4
Ve,m, Tomn + 02 4
Where the interference from the m~ ORUSs (other than the
m-th ORU) for the k-th user can be formulated as,

Z Pm*,n |hk,m*,n|2 (5)

m~eM\m

Ik,,m,n =

Every user possesses QoS demands, articulated through the
minimum data rate RP" and the maximum permissible delay
dp®*, where k € K. It is posited that users within the same
slice share identical QoS criteria. We take into account that
users associated with eMBB, URLLC, and mMTC adhere to
a periodic deterministic data traffic pattern, characterized by
consistent packet arrival intervals, which are specified for each
slice category [26].

The service management and orchestration (SMO) entity
oversees the distribution of RBGs among the ORUs. These
RBGs, symbolized by Z, where s € {E,U, M}, encompass
N resource blocks each. The allocation of RBGs across differ-
ent slice categories is determined by the inter-slice intelligent
agent, while the intra-slice intelligent agents are tasked with
the detailed assignment of RBs within these designated RBGs
to the respective end users within each slice. Operating at
every 10 Transmission Time Intervals (TTIs), intra-slice agents
engage in the continuous collection and analysis of user-
specific data, which includes insights into traffic trends, user
counts, channel conditions, and bandwidth requirements.

VI. RESOURCE ALLOCATION

Traditionally, resource allocation only considers the user de-
mands in terms of QoS and is used to prioritize the allocation.
While this ensures swift allocation of resources to users, it can
lead to exhaustive utilization of available resources in certain
scenarios. This behavior becomes a concern, especially when
future applications with high or critical QoS demands must
coexist within the limited bandwidth resources of the network.
Contrary to only considering QoS, our proposal, in addition
to that, includes a threshold that analyzes and learns optimal
allocation.

A critical aspect of resource management in network slic-
ing involves addressing the dynamic nature of traffic within
different slices. Certain services generate bursty but non-time-
sensitive traffic, allowing for more relaxed QoS requirements.
For example, in cases of constant bit rate traffic, packets are
generated with consistent intervals and delays. Even services
with strict or low-latency requirements present the unique
demands of underlying users within each slice. Hence, in our
proposal, we define a time-out threshold for each slice that is
learnt via intra-slice DRL intelligent agents. These intelligent

agents tailor the threshold based on the unique traffic patterns
and can enhance overall performance, satisfying the associated
QoS for users.

To address the exhaustive utilization of available resources
of the network, the proposed system incorporates modified
objectives at the intra-slice level, enabling agents to learn and
adapt thresholds based on underlying traffic. By redefining
these thresholds, the system can balance immediate user
demands against the overall resource constraints, ensuring
efficient and fair resource allocation across slices. The intra-
slice agents are equipped with the capability to optimize re-
source distribution policies, achieving a balance between QoS
adherence and resource utilization efficiency. This adaptive
policy ensures that critical QoS applications are accommo-
dated without overwhelming the network’s resource capacity.

Furthermore, intelligent agents with objectives concentrated
purely on satisfying QoS lack the capability to independently
assess or determine exhaustive resource utilization. To ad-
dress this limitation, additional metrics are introduced, and
a connection is established within the inter- and intra-slice
resource allocation as described in the following sections. In
the proposal, the inter-slice operation is defined to provide a
structured framework for evaluating and optimizing resource
distribution. This approach ensures a more comprehensive
assessment, allowing agents to make informed decisions based
on a broader set of criteria.

A. Intra-Slice Resource Allocation

As indicated in Section IV, intra-slice manages resource
allocation to end users. This operation alone might not be
optimal for the utilization of available network resources, as
indicated in the above section. Intra slice has its own objective
of allocating resources to end users, but somehow it is also
employed for minimization of maximum resource utilization.
In this research, two approaches have been proposed to sched-
ule RBs to the end user at the intra-slice level: TIRA and
PIRA. The TIRA approach is similar to our work conducted in
[9] with changes and extensions as indicated in the following
sections.

The proposed method associates the user with ORU and
schedules RBs to end users with informed knowledge about
buffer at ORU m and users as well as traffic requirements. A
novel metric named 7, is used related to ORU’s latency. The
T metric represents the ORU’s ability to serve users within
specific slice categories, adapting over time based on ORU
performance [[10]. It is an estimator of the queuing delay at
the ORU. This is taken into account when making decisions.
Initially, the end users are associated with ORUs based on
SINR i, and 7, [10]. Once the users are associated, the
RBs are allocated.

The required RBs N, % are calculated based on the avail-
able number of bits in buffer By, at user k, to the number of
bits that can be transmitted at user & in each RB By, ,, [10].
Further, RBs are allocated as given below. Where IV, ; is the



number of RBs available at ORU m under the slice s.

re Bk
Nk,;rzz = I—B ~|
Nk’,m (6)
Nile = min (NS, Nons )

1) Threshold Based Intra-Slice Resource Allocation: TIRA:
In this approach, we define a time-out threshold for each slice.
This threshold is optimized by DRL agents. The threshold
is defined in a way such that if packets have a delay below
this threshold, then they are held back in the buffer to be
transmitted during the next TTIs. ORU allocates resources
to each end user based on the packets in the buffer. This
controls the usage of maximum resource utilization. The
proposed approach begins with intra-slice agents prioritizing
user demands by maintaining the initial threshold at dJ, ..,
the minimum acceptable delay for the slice s. Later on, the
DRL agents learn the threshold value T} with progressing
episods. The threshold value T} helps DRL agents make
smarter decisions for resource allocation to end users within
a slice. If the user packet delay is higher than T} then
the packet is transmitted immediately by scheduling into the
buffer B,, at ORU m. However, if the packet delay is less
than T};, then the packet is sent to wait in the queue to be
scheduled during the next TTIs. A trade-off exists between
increased queuing delay and holding packets for future TTIs.
The proposed intelligent agents leverage this trade-off to
dynamically adjust thresholds and optimize decision-making
through enhanced resource allocation strategies. The detailed
procedure for TIRA is provided in Algorithm 1. This ensures

Algorithm 1: Intra-Slice Allocation: TIRA-based
Packet Scheduling

1 for tti< 1to T do

2 for episode <~ 1 to F do

3 Action a; is selected by DQN agents;
4 Update 73} according to action a;

5 Associate users based on 7, and Vi m;
6 Input given to scheduler: #UE, #ORU, dy, ,,

traffic, QoS requirements, 77 ;

7 if dy; > T35 then

8 Schedule packet [ into buffer B,,;

9 Schedule packet [ immediately;

10 end

1 else

12 Place packet [ into queue ;

13 Wait for the next TTI to schedule;
14 end

15 Receive KPIs;
16 end
17 end

timely scheduling of packets that are at risk of exceeding
the acceptable delay. While scheduling the resources, the
constraint Zk N mZr < Ny, s is checked to ensure that the
total number of RBs assigned does not exceed the available
resources. The binary variable xj, determines whether the user
k is scheduled or not, and Ny, ,,, are RBs assigned to the user

k under ORU m. The scheduling function 7 (I) is defined as
below:

if di.; > T3,

Schedule immediatel
TQ) = Yo ()
if dk,l < Tth'

B Queue for next TTI

Where d},; is the delay experienced by the packet [ under user
k, as explained in Section VI-B. The time-out threshold 73},
for each network slice s is optimally adjusted by DRL agents
to maximize the expected cumulative reward 7.

2) Priority Based Intra-Slice Resource Allocation: PIRA:
The earlier discussed approach has limitations in considering
different services within a slice, such as AR/VR, file down-
loads, social media within an eMBB slice, etc. However, in
our second approach, we propose a more sophisticated way
by considering additional metrics and different priorities for
different services within each slice category as defined in Table
The priority is calculated based on the same threshold T3,
used in the earlier method and the type of services requested
by the user under a specific slice indicated as below. Different

Priority | eMBB URLLC mMTC
Nk E U M
1 File Industrial Regular sensor,
download automation Smart meter
(non-critical)
2 Browsing Industrial Emergency sen-
automation sors
(critical)
3 AR/VR, Remote surgery, | Critical health
Real-time Autonomous ve- | monitoring
gaming hicle control sensors

TABLE II: List of Service Types and Priority Levels

services under each slice have varying latency requirements
and are assigned different priority levels. For each packet [ of
user k, define a priority wy,; as:

wiy = M X L(diy, Tyy)
1, ifdgy =T 3

where Zp i (dp,1, T) = {0 if dp; < Ty
, , th

Where 7, represents the priority level associated with the
service type requested by user k. This indicator assigns a
weighted priority to packets whose delay has reached or ex-
ceeded the time-out threshold, with higher priority levels given
to services with critical latency requirements. Incorporating
the type of service into the priority calculation enhances the
scheduling mechanism by recognizing the varying latency
and performance requirements of different applications. The
modified equations and scheduling objective ensure that high-
priority services receive the necessary resources to meet their
stringent QoS demands. The detailed procedure for PIRA is
provided in Algorithm 2.

B. Inter-Slice Resource Allocation

Given the pressing bandwidth constraints faced by 6G
networks in accommodating the demands of advanced applica-
tions, it is crucial to optimize resource utilization. As discussed
earlier, this objective is considered while defining intra-slice
agents, and the information is also utilized for inter-slice



Algorithm 2: Intra-Slice Allocation: PIRA-based

Packet Scheduling

1 Replace step 8-16 of Algorithm 1 with the following
steps;

2 Calculate priority 7Z;, ; based on ny, T}, and dy ;;

3 Input given to scheduler: #UE, #ORU, d, ;, traffic,

QoS requirements, T}, Ty 1;

if dk,l > ﬂsh then

Schedule packet [ into buffer B,,;

Arrange users based on 7 ; in Ks;

for k+ 1to K do
Assign N, " to user k;

end

e e N e

10 end

11 else

12 Place packet [ into queue;

13 Wait for the next TTI to schedule;
14 end

15 Receive KPIs;

intelligent agent decisions. With this purpose, an assessment is
conducted to gauge the maximum resource utilization, U,;,4y,
once intra-slice agents distribute the resources. Further, the
variation of this U,,4, (compared to its past values) as well as
penalties incurred by data packets as a result of breaching the
QoS maximum delay threshold are assessed. This is observed
for each slice s and these newly defined KPIs are used for
optimal radio reconfiguration decisions at the inter-slice level.
The formula for determining maximum utilization focuses on
quantifying the aggregate resources employed by all users
within a given slice, ensuring efficient and equitable resource
management throughout the network.

U L Zke}(js Zme./\/l Nk,m,tti
s,tti Ns (9)
UZ;&I = m?X{U&tti}

Where Us 4 is the utilization of resources for slice s in
TTI tti. It can be defined as the sum of all RBs allocated for
transmission of users /Cs traffic under M ORUs at a given
tti divided by the number of RBs available for that slice.
Here N, ++ is the number of RBs allocated to user £ under
ORU m at tt:. Further, Uﬁ“ is calculated as a maximum
of Ug 4 over 10 TTIs, ie. tt¢ = 0 to 9. The variation of
U is calculated and forwarded to the inter-slice agent for
better reconfiguration decisions. Here, an intra-slice intelligent
agent’s one episode is equal to 10 TTIs; hence, UJ}** is
available for each episode, and its variation is calculated to
compare the past values of UJ}** from earlier episodes. The
variation of maximum resource utilization d, is calculated as
below:

U:r;az — s 1 T
L= where, s dourer o (10)
t=0

58 = = —
[hs |T| <

The expiration penalty is defined as the number of packets
per user that are transmitted exceeding the QoS threshold for

delay.

e,y =1 if diy > dr/:ax

= 0 otherwise

(11

Here ¢ is calculated for every [-th packet of k-th user. In
addition, we accumulate penalties for all packets for all users
of the slice s to define the expiration penalty as follows:

€s = § § €kl

keks lely,

(12)

The performance of a user or a slice is evaluated with metrics
throughput and delay. The average throughput per slice R,
is calculated as the sum of the throughput for all users divided
by the number of users in that slice. The throughput of a user

k associated with ORU m at time ¢ is calculated as,

Rk:,mﬂt = Nk,m X WRB IOgZ(l + ’yk:,mﬂt)

5 Zt eTTI Rkﬂn,t

(13)
B ITTI]|

Where |-| is the set cardinality operator, Wgp is the bandwidth
of a single RB, and Nj ., is the number of resource blocks
allocated to user k£ under ORU m. Further, the average slice
throughput performance is calculated as follows:

2 _
Rp°™™ = — arctan Ry, (14)
0
< Z ' R'I’LOT‘m
R,y = SHE— (15)

[1Cs

We map the throughput and delay values of individual users
to be in a specific range of [0, 1] using arctan(-) function.
This mapping ensures fair evaluation of KPIs across various
slices, namely eMBB, URLLC, and mMTC, while defining
the average performance of a slice [23]. The total delay
experienced per user is a combination of delays experienced by
each packet in queue, transmission, and processing, as given
below, where L is the number of packets to be transmitted at
user k. The total delay per user is calculated as the average
delay experienced by all packets.

_ tx que processing
dk:J - dk,l + dk,l + dk,l

dr — Zl GLko
; L]

The transmission delay is calculated as packet size divided by
link capacity, which is considered to be equal to a single TTIL.
Whereas, the queueing delay is calculated from packet arrival
time until it is ready to transmit.

(16)

2 -
dk norm = — arctan dy a7
’ T

Hence, average user delay performance per slice is calculated
as follows:
dfwg _ ZkEICS dk,norm
s

The performance indicator for users & € Ky is defined as
the number of users achieving throughput greater than or equal
to defined QoS thresholds (RZ”'") and delay less than or equal

(18)



to defined thresholds (dj**®), given the total number of users
in DL. It is expressed as:

0 , R
PES =1if {ka’“mzm

=0 otherwise

oS
p _ ZkGICS PkQ
K|

The objective of different slices in this proposal is to minimize
the maximum utilization of resources within each slice while
achieving predefined QoS performance. It is expressed as
below:

k <1}
e = (19)

(20)

3 max
min U}

21
subjected to: P,?OS =1, ke kK, @b

VII. MDP FOR INTELLIGENT AGENTS
A. DRL-based MDP for intra-slice intelligent agents

The MDP for intelligent agents based on the above formu-
lation is defined with a tuple {S;, A5, RsT's} corresponding
to state, action, reward, and discount factor, where subscript
s indicates slice type for intelligent agents s € {E,U, M }.
The state space S of the environment includes the number
of bits in the buffer at ORUs, its metrics 7,,, and the number
of bits to be transmitted in the buffer per user Byj. The state
space definition remains the same for the different slices, as it
represents the current state of the environment based on which
the actions will be chosen by the intelligent agent.

Ss = {Bm,Tm, B} for k,m € K, M, (22)

The reward function is designed as shown below. It is a
combination of two crucial parameters: maximum utilization
of resources in the slice and the performance metric of the
slice. Both parameters are weighted with « and 3, respectively.
These weighted values are tuned differently for each slice
based on testing. The reward function can be expressed as
follows:

R.(Ss, As) = Bs - Py — ag - U™ (23)

Where i indicates the episode or run of the DQN algorithm
and s € {E,U, M}.

B. DTRL-based MDP for inter-slice intelligent agent

A tuple {S, A, R ,T'} corresponding to state, action, reward,
and discount factor represents MDP for inter-slice intelligent
agent using DQN. The state space is defined as shown below:

S ={R:

50g UL 05,65} for,s € {E,U, M} (24)

We propose and study two approaches to define action space
for inter-slice intelligent agents. The first approach defines
action space as the combination of all available RBGs dis-
tributed among slices. The number of actions varies based
on the total number of RBGs available at the SMO Z and
the number of slices s. For the proposed method, we analyze
three slices, and the combinations for RBGs are indicated with

Algorithm 3: DQN agent for intra-slice resource allo-
cation (TIRA & PIRA)

1 Initialize NW scenario:#UE, #ORU, simulation time 7'
2 Load model for DQN agents, set QoS requirements,
update databases;
3 Read the resources available for each slice (Initially,
all the resources are uniformly distributed) ;
for tti<+ 1 to T do

4
5 Update channel matrix, traffic;
6 Initialize replay memory D; to capacity Vi;
7 Initialize @) with random weights 6;
8 Initialize target Q' with weights 6~ = 6;
9 for episode < 1 to E (tti%10) do
10 Select a random action a; with probability e;
11 Otherwise select
a; = argmax, ¢ 4 Q(s¢, ar; 0);
12 Use one of the scheduling method given in
Algorithm 1 or 2;
13 Schedule the resource, transmit packets and
receive KPIs;
14 Receive r; as per equation (23), observe s;;1;
15 Store transition (s¢, ag, r¢, S¢41) in D;
16 Sample random mini-batch (s;,a;,7;,5541)
from D;
17 Calculate Q values based on equation (2);
18 Update target Q values by equation (3);
19 Train DNN using equation (1);
20 Every C} steps, reset Q' = @ by updating
0 =0,
21 end
22 end

Zcomb Therefore, the action space has D such combinations
as indicated below:

A={zgmb, 75y (25)
Where Z§™ = {Zg,Zy, Zy} shows the corresponding
number of Z, RBGs allocated to s slice.

In our second approach, we designate a single RBG as
the element to handle the changes. This RBG is designed
to be reconfigured dynamically within a specific, prearranged
set of slice combinations, allowing for efficient adaptation to
various operational requirements. This approach makes the
action space independent of the number of RBs or RBGs
available. It only depends on the number of slices, which can
be defined based on network requirements. The action space
can be defined as follows:

A ={(G D G S g Yy =01 @26)

Where ¢! € N is the variation of RBGs. We set (™% to
1 RBG. In this formulation, we consider 3 slices, E, U, M
and hence the number of actions in action space is reduced
to 7. This action space improves the performance as the
convergence is achieved sooner compared to earlier defined



action spaces. Further, the reward is defined as a combination
of slice performance metrics, as given below:

S

27)

The discussed MDPs focus on optimizing resource utilization

Algorithm 4: DTRL agent for inter-slice resource
allocation

1 Initialize NW scenario: #UE, #ORU, simulation time;
2 Load model for DQN agents, collect slice performance;
3 for t <« 1toT (T = 1000%tti) do

a | Update R, . d3,, U™ 6, €
5 Initialize replay memory D to capacity N;
6 Initialize Q with weights collected PIDRL 6g, 6,
0p; and 64 random weights 6;
7 Initialize target Q" with weights 6= = 6,
8 for episode < 1 to E do
9 Select a random action a; with probability ¢;
10 Otherwise select action from equation (26)
using a; = argmax,c 4 Q(s¢,a¢;0) ;
11 Reconfigure resources according to selected
action ay;
12 Receive r; as per equation (27), observe s;1;
13 Store transition (s;, at, r, St4+1) in D;
14 Sample random minibatch (s;, a;,7;,j+1)
from D;
15 Calculate Q values based on equation (2);
16 Update target Q values by equation (3);
17 Train DNN using equation (1);
18 Every C steps reset Q' = @ by updating
0 =0,
19 end
20 end

and allocation while resolving inter-slice conflicts arising from
throughput- or latency-sensitive applications across slices.
Both DRL and DTRL algorithms are trained by exploring
the action space within a given state space, ensuring SLA
compliance even under sudden traffic surges or variations.

VIII. SIMULATION SETUP

The simulator is compliant with 3GPP standards for wireless
communication and follows the O-RAN architecture [27]]. The
setup is based on ITU-R M recommendations and imple-
mented in Python using OpenAl-gym, Keras, and TensorFlow
for DRL-based agents, explained in depth in our previous
studies [9], [10]. The agents are tuned by testing different
hyper-parameter combinations, with the final values shown
in Table The influence of various hyperparameters has
been examined in our previous studies [9]], [10]. For each
network slice, the number of users and their QoS requirements
are stored at the near-RT RIC. The algorithms are tested
across various QoS settings based on different packet arrival
rates (PAR). Both stochastic and periodic traffic models are
used to assess performance. The results in the next section
use deterministic traffic with varying PAR for all slices, as

indicated in Table We adopt an infinite buffer queuing
model, prioritizing packets that exceed the delay threshold
within each slice category. Traffic in each slice and packet
delays are updated per TTI, with locations of UEs updated
based on a mobility model at 30 km/h.

We assume 5G NR numerology 0, where each PRB has a
bandwidth of 180 KHz and each RBG comprises 6 RBs. We
allocate a total of 14 RBGs in three network slices. Bandwidth
Wi, is allocated to each ORU, serving users, with available
PRBs listed in Table Parameters such as symbol duration
tsymby and number of symbols per slot are derived from the
numerology p = 0. The pathloss and shadowing models are
based on Table A1-2 of ITU-R M.2412-0 [28]], and Table
shows a summary of the communication parameters. ORUs
are spaced 50 meters apart, with heights of 3-3.5 meters and
a maximum power of 200 mW as per Al-16 and A1-23 of
[28], in line with O-RAN standards and ITU network slicing
guidelines [29]. The simulation time is set to 5 minutes. The
intra-slice DQN agents run every 10 TTIs, whereas the inter-
slice agents run every 200 TTTIs to obtain results. Furthermore,
the inter-slice agent can be set to run every 1 second. The
network setup includes 4 ORUs distributed across the three
slices, supporting a total of 15 users, with 5 users per slice.

TABLE III: Parameters Settings

5G settings Slicing & Propagation model

Bandwidth: 15MHz
3GPP urban macro NW
Number of RBs: 84
Number of RBGs : 14
Subcarriers in a RB: 12
Subcarrier BW: 15kHz
Tx Power: 32 dBm

Number of Slices: 3
ORU per slice : 4
128.1+37.6log(distance(km))
Log-Normal shadowing: 8 dB
Path loss exponent: 3.5
Noise variance: -146.424 dBm

Retransmission settings Traffic model

Max retransmissions: 1 Traffic generation: Periodic Deterministic

difl"““’"g = 2Xtgyms | Packet size (Bytes): E=1024, U=480, M= 32
PAR: E=0.5, U=1, M=0.5
UE and gNBs ML based Agents

5 eMBB UEs Parameter Intra-slice Inter-slice

5 URLLC UEs Learning rate 0.0001 0.001

5 mMTC UEs Network layers 3 3

Number of ORUs: 4 NW Architecture | 64*64*256 | 256*64*64

Inter-ORU distance: 200m | TN update 150 80

UE random distribution Experience 180 100
replay
Minibatch size 256 64
Discount factor 0.995 0.90
Epsilon 0.99 0.99
Activation ReLU ReLU
Optimizer Adam Adam

IX. RESULTS

The results presented in this section are based on the
simulation parameters for the environment, DQN, and DTRL
agents that were previously described. The algorithms are
simulated for 3000 iterations of DRL and 30 seconds of
simulation time. Figure [3] shows the reward convergence of
all three intra-slice DRL agents and one inter-slice DTRL
agent. Subfigure [3a shows the reward performance of each
run for eMBB intra-slice DRL agent for both proposed TIRA
and PIRA algorithms. The reward titled as sliding refers to
reward values plotted with a sliding window of 100 iterations.
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Fig. 3: Reward Performance

The reward function depends highly on KPI values such as
throughput and delay as well as on utilization of resources
within that slice over a period of 10 TTIs. The instantaneous
KPI values are calculated within each TTI, which is 1 ms
in duration, and subsequently varying; therefore, the sliding
values of reward have been plotted to analyze the performance
of both algorithms. We can see that convergence is achieved
within the first 200-300 iterations of these DRL agents, and
the PIRA method along with intra-slice DRL proves more
beneficial as it considers different KPIs for services within
the slice while taking decisions. Furthermore, Subfigure [3b]
shows the performance of all three intra-slice DRL agents,
respectively. Here we utilize trained DQN models over a set
time period, which are then loaded, and hence the conver-
gence value is achieved sooner, verifying the convergence of
all agents within initial iterations. The Subfigure shows
convergence for reward values of the inter-slice DTRL agent.
One iteration of an inter-slice agent is over 0.2 sec, i.e., over
200 TTIs, and hence we have a smaller number of iterations
leading to longer simulation duration. Here, subfigures [3a] [3b]
represents the same duration. Using the DTRL method,
inter-slice agents are able to achieve convergence within the
first 100 iterations, i.e., 2 seconds, exactly the same duration
as of intra-slice agents.

For intra-slice agents, 5, = 1 — ag, these parameters
weigh the importance between resource utilization U*** and
the QoS requirement metric P,. The eMBB reward function
rg uses ap = 0.6, the URLLC reward function ry uses
ay = 0.4 and the mMTC reward function 7, uses a; = 0.7.
Different values of o, have been tested for all slices. The
configured values generate optimal results based on testing.
The intra-slice DRL agents use the reward function defined in
equation (24) where earlier indicated «; values are utilized.
Figure [4] indicates the performance of different ap values
in terms of reward for the eMBB intra-slice DRL agent
using PIRA and TIRA. Similar testing has been done for
URLLC and mMTC slices. Figure [5] provides insight into
the performance of different combinations of proposed intra-
slice scheduling (TIRa, PIRA), combinations of algorithms
used at intra-Isice and interslice (DRL-DRL, DRL-DTRL),
and between SOTA methods onward referred to as SOTA-
DTRL [23]]. Here the baseline approach utilizes proposed
intra-slice scheduling without any DRL-based intelligence.
It is interesting to observe and compare the performance

Reward Performance for TIRA and PIRA DRL eMBB Agent
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Fig. 4: Reward performance based on o parameter for
eMBB slice where s = E

specific to different combinations of TIRA and PIRA, which
shows the PIRA performs better. The PIRA method considers
SINR as well as metrics 7, for associating users to ORU,
along with considering different QoS requirements varying for
underlying services. This benefits the method to schedule the
resources towards users that have urgency to fulfil specific
QoS criterias and assign priorities to critical services. All
these considerations clearly lead to better slice performance.
We have analysed it for critical KPIs such as delay for
URLLC slice as shown in Figure [5] Hence further detailed
KPI comparison for each slice is present by considering PIRA-
DRL-DTRL as our proposed solution. Here the comparison is
provided with baseline SOTA-DRL and using DRL at both
intra- and inter-slice with PIRA, now onward referred to as
PIRA-DRL-DRL.

Figure [f] shows the comparison for system performance
between different methods as explained earlier for all three
slices. The baseline approach uses a simple maxSNR method
for user-ORU association and PIRA for scheduling, whereas
SOTA-DRL is indicated in [23]. Subfigure [6a] [6b] and [6c| show
the Empirical Cumulative Distribution Function (ECDF) for
throughput over DRL iterations for each slice individually.
The throughput is summation for all user throughputs within a
slice. The proposed PIRA-DRL-DTRL outperforms all other
approaches. The resource allocation to end users is performed
separately for each slice category. Subfigure [6d [6¢| and [6f]
show the ECDF for delay for all four approaches in the
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simulation.

In simulation runs, we observe that the users are associated
with ORUs by giving more importance to the quantity of
available resources for transmission, considering the allowed
delay threshold for eMBB is larger, up to 10 ms. Whereas
for URLLC, the delay thresholds are more strict up to 2 ms.
The algorithms allocate more resources to the users based on
the QoS thresholds, availability of resources, and state of the
network, including the current traffic load. It prioritizes and
balances the decisions for scheduling. The proposed algorithm
has been tested with a number of traffic load variations and
traffic models. This study not only captures the impact of
performance under varying traffic volumes but also verifies
that the proposed algorithms perform better compared to base-
line and SOTA-DTRL even under varying traffic loads. The
comparison is indicated in Figure [/l The computational cost
of the proposed approach remains unaffected by the number of
users, ensuring seamless scalability for larger deployments. An
increase in network components, such as O-RUs, introduces
computational complexity only at the intra-slice level, while
the inter-slice approach remains unaffected by these changes.

X. CONCLUSION

From the results presented in the above section, we can
conclude that the designed intelligent agents and proposed
multi-time scale DRL and DTRL-based hierarchical algo-
rithms improved the performance of intra-slice resource allo-
cation compared to baseline and SOTA-DTRL techniques. The
proposed approach can be efficiently deployed at the edge in
resource-constrained environments. The intelligent agent im-
proves performance with better resource utilization as well as
management for each slice by taking intelligent scheduling and
association decisions. From the comparison, we can see the
proposed PIRA-DRL-DTRL algorithm provides 14.28% and
10.67% improvement in throughput for eMBB slices compared
to DRL-DRL and SOTA-DTRL, respectively. It also provides
23.57% and 7.48% improvement in delay compared to baseline

and SOTA-DTRL approaches for eMBB slices, respectively.
The proposed method improves latency by achieving a min-
imum latency value of 38.46% less than compared to the
baseline approach. It also improves system throughput for
eMBB slices by 14.4%. Whereas, it improves throughput by
achieving an increment in maximum throughput value up to
18.89% and 26.01% compared to the baseline approach for
URLLC and mMTC slices, respectively. In all three slices,
the proposed method provides significant improvements along
with minimizing the maximum resource utilization. TL can
also be exploited in the intra-slice agents by creating a catalog
of general models for each slice, thus transferring the models
to the specific sites and re-training the last layers to capture
the local particularities of each specific site.
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