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Abstract—The escalating demands of next-generation, beyond-
5G services necessitate innovative approaches to dynamic re-
source management, critical for satisfying end-user expecta-
tions and maintaining quality of service (QoS). This study
leverages the Open Radio Access Network (O-RAN) architec-
ture’s flexibility and programmability to introduce a novel deep
reinforcement learning (DRL) strategy for QoS-aware intra-
slice resource allocation. By employing intelligent agents and
a Deep Q-Network (DQN)-based framework, our approach
precisely tailors resource distribution within O-RAN, optimizing
for enhanced mobile broadband (eMBB) and ultra-reliable low-
latency communications (URLLC) slices. The proposed method,
featuring intelligent QoS-aware resource allocation (IQRA) and
its low-complexity variant (LIQRA), demonstrates significant
throughput improvements for eMBB by 11.5% compared to
state-of-the-art (SOTA) methods and reduces URLLC latency by
19.94% and 16.54%, achieving up to 45.5% lower latency than
baseline. A streamlined algorithm effectively reduces computa-
tional complexity, ensuring robust performance under resource
constraints. Simulation results underscore the algorithm’s ability
to substantially enhance 5G network slice performance, offering
a parameterized solution for user association in O-RAN networks
using DRL. This research not only meets high key performance
indicators (KPIs) but also advances edge intelligence, fostering a
more responsive network ecosystem.

Index Terms—Slicing, DRL, QoS, Resource allocation and
management, URLLC, eMBB, KPI

I. INTRODUCTION

EYOND 5th generation (5G) envisioned vertical applica-

tions and use cases, ranging from Industry 4.0 and smart
cities to vehicular communication (V2X), video streaming and
immersive experiences like augmented reality (AR) and virtual
reality (VR), have set forth a diverse spectrum of requirements
to satisfy the quality of service (QoS) of end users. These
requirements are encapsulated within the 3rd Generation Part-
nership Project (3GPP) defined use cases: enhanced mobile
broadband (eMBB), ultra-reliable low latency communica-
tions (URLLC), and massive machine-type communication
(mMTC), each with varying key performance indicators (KPIs)
depending on the application. To address the complexities and
dynamic nature of these requirements, this research introduces
a sophisticated programmable architecture inspired by the
Open Radio Access Network (O-RAN) alliance. O-RAN is
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an architecture designed to achieve an open, intelligent, vir-
tualized, and fully interoperable radio access network (RAN).
Consequently, virtualization and intelligence are two of the
main pillars of O-RAN. This work delves into these two
concepts. O-RAN not only facilitates an infrastructure-based
abstraction for both networks and applications but also enables
closed-loop control for RAN and radio resource management
(RRM). In this context, network slicing emerges as a pivotal
technology enabler. It allows for the customization of services
to meet specific demands [1], thereby adapting the network to
fluctuating traffic requirements [2], [3].

This adaptability is particularly critical for managing the di-
versity and complexity of criteria for future applications under
the eMBB and URLLC use cases, prompting a focused investi-
gation into these areas by establishing distinct slice categories
for each. The integration of artificial intelligence (AI) within
this O-RAN-based architecture has attracted significant atten-
tion due to its potential to surmount the challenges inherent to
wireless communications [4]. These challenges stem from the
unpredictable, stochastic and complex nature of the models
and parameters involved in RRM. Al, particularly through the
application of model-free techniques such as reinforcement
learning (RL) and its more sophisticated counterpart, deep
reinforcement learning (DRL), offers a promising solution
[4]. The DRL algorithms, including deep Q networks (DQN)
and deep deterministic policy gradient (DDPG), have shown
success in optimizing resource allocation within RANs, even
before the advent of O-RAN, in architectures such as cloud
RAN [5]. Since slicing leverages the virtualization potential
to instantiate slices based on the traffic needs, intelligence
must fuel the operation and management/orchestration of
the resources for the slices. In that sense, given that DRL
algorithms are intelligent control mechanisms, we couple these
three crucial technology enablers and propose a novel method
for slice-level resource management. Handling resources at
the RAN edge domain presents challenges, notably traffic
load variations that impact optimal resource allocation, thereby
reducing resource utilization and causing system-level agree-
ment (SLA) violations, which degrades end-user QoS.

Furthermore, fine-grained resource reconfiguration within
network slices entails substantial computational complexity
and presents a sequential challenge in resource management
[4], [6]. This complexity is compounded by the need to
preserve connectivity, manage rates, and facilitate offloading,
among other RAN management tasks. This research work



proposes a framework utilizing the synergies between O-
RAN, network slicing, and Al to overcome these challenges
in resource management. O-RAN enables the deployment of
Al at the edge of the network, where intelligent agents can
be applied to learn specific strategies tailored to the unique
QoS requirements of different slices. The study investigates
a novel dynamic resource allocation technique that operates
at the intra-slice level, implementing a parameterized user
association (UA) method that addresses gaps left by state-of-
the-art (SOTA) approaches. This method functions within a
1-20 ms time frame, aligning with near-real-time (near-RT)
control loops, and can be implemented as xAPPs within the
near-RT RAN intelligent controller (RIC). This approach not
only demonstrates the effective utilization of Al in optimizing
RRM and O-RAN architecture along with slicing, but also
integrates these technologies with the unique contributions
to support dynamic, efficient, and QoS-compliant resource
allocation strategies. This strategic confluence aims to provide
end users across various slice categories with an enhanced
quality of experience (QoE) and superior QoS, setting a
new benchmark for resource management in 5G and beyond
networks.

II. RELATED WORK

The O-RAN Alliance is actively introducing a non-
proprietary version of the RAN system that allows interop-
eration between network components by different vendors.
In the past, intelligent solutions have also been proposed
with proprietary architectures, as given in [5], [7], [8] but
O-RAN architecture introduces a sophisticated programmable
approach with RIC that enables the application of intelligence
at different levels of infrastructure. In the O-RAN architecture,
there are two separate components: the non-real-time RAN
intelligent controller (non-RT RIC) and the near-real-time RIC
(near-RT RIC), which reinforces the importance of the two
control levels with different time granularities [9]. The O-
RAN report and specification include a comprehensive review
of a number of use cases that are expected to be integrated
with architectural elements to exchange data between various
network components. One of the use cases describes how to
integrate intelligence at the network’s edge in regards to RRM
[10]. The components of the O-RAN framework enable the
integration of dynamic changes at almost real-time levels for
radio resource allocation to end users. RAN resource allocation
across different slices is optimized at both intra- and inter-slice
levels, engaging with the O-RAN architecture’s near-RT and
non-RT RIC components for shorter and longer timescales,
respectively.

The research in [11] addresses joint power and physical re-
source block (PRB) allocation with a user association scheme.
Although it aligns with the O-RAN architecture, it does not
incorporate Al techniques to deliver various KPIs. The authors
in [8] define an optimization problem that aims to maximize
user perceived throughput while minimizing packet delay
violations by modifying the medicum access control (MAC)
scheduling algorithm’s parameters. It comes under the intra-
slice resource allocation category. This specific work is limited

to the traditional network architecture, proposing optimization
for individual base stations and their underlying users. Such
proprietary solutions can be used with O-RAN architecture,
but they lack the adaptation to utilize programmable O-RAN-
based infrastructure, which facilitates access to the information
available at a centralized entity from other base stations or O-
RAN radio units (ORUs), which plays a crucial role in RRM
decisions. The state-of-the-art intra-slice allocation discussed
in [12], introduces a team learning algorithm to enhance O-
RAN network performance by fostering XAPP collaboration,
primarily focusing on throughput maximization. On the other
hand, [13] explores inter-slice allocation through a correlated
Q-learning strategy, aiming for improved throughput and re-
duced queueing delay.

However, these approaches require significant computa-
tional resources. Our method advances these concepts by
efficiently managing user service based on slice-specific traffic,
bandwidth allocation, KPIs, and channel conditions, offering
a more nuanced understanding of resource distribution. Tra-
ditional table-based RL techniques are infeasible to handle
large state and action spaces, as concluded in [6]. Whereas,
deep reinforcement learning overcomes these limitations, like
DQN and some of its variations, such as dueling deep Q-
learning (DDQN) and DDPG. In the case of large and mul-
tidimensional discrete action spaces, branching architecture
can be introduced in dueling Q networks, as presented in
[14]. The researchers in [6] extend the given neural network
(NN) for inherently discrete multidimensional and large action
spaces to solve the network slice reconfiguration problem.
More computational resources are required to support such
solutions.

In state-of-the-art work such as [15], researchers opt for the
approach of using parallel and multiple deep neural networks
(DNN) to make optimal decisions for user association with
the base station. The solution proposed in [15] builds multiple
DNNs and a number of additional DNNs with random input
to increase exploitation. It has K’ DNN, N random decisions,
and K + N functions to calculate the Q value for a network
with a certain number of users. Here, the DRL goes through all
the layers in every run. Furthermore, each DNN is trained to
learn the optimal decision for the entire UA matrix. It requires
higher computational capabilities. Instead of this heuristic-
style approach, the association decision can be parameterized
to learn useful information about the network, such as base
station or ORU-based parameters. RL is a very effective tool
to achieve optimal decisions in complex environments, such as
non-deterministic wireless networks, similar to several aspects
discussed in Section I.

A network-slicing 5G architecture and framework to enable
efficient robotics operation while improving QoS are discussed
in [16]. It provides insight into a user-centric paradigm for
integrating vertical knowledge into existing 5G solutions.
Different types of slicing framework considerations, edge
computing aspects, and orchestration options are evaluated
as part of the architecture. It is possible to establish vari-
ous resource allocation strategies for network slice utilizing
a variety of RL approaches [17], [18]. Dynamic network
slice distribution techniques to improve performance for 5G-



based bandwidth offerings are evaluated in [17]. It compares
different algorithms for the distribution of slice resources. One
of the research works uses an approximation of resources and
explores subchannel allocation that is different with changes
in multiplexing techniques [18]. Future solutions need to be
formulated in such a way that they work efficiently and provide
the intended result, regardless of variations in techniques used
in the wireless communication network underneath.

Although both our work and [19], [20] studies utilize DRL,
specifically DQN, our Markov Decision Process (MDP) design
diverges significantly. The cited research adopts an approach to
managing activities and accessibility within virtualized RAN
(VRAN) environments, focusing on QoS utility satisfaction
and resource adjustment dynamics. Recent advancements in
architecture envision these decisions as inter-slice or non-RT
operations. In contrast, our investigation introduces intelligent
agents at the intra-slice or near-RT level that assess key
parameters for user association, with decisions informed by
experienced KPIs as well as other metrics. A notable innova-
tion in our model is the UA parameterization and the MDP
design, which form the cornerstone of our decision-making
process.

The study in [21] presents a DRL-based framework for
dynamic resource allocation in 5G network slicing, emphasiz-
ing the autonomous partitioning of resources across various
logical networks, each catering to unique requirements under
varied management. It leverages transfer learning to extend
its applicability across different network topologies, offering
a scalable and flexible solution for managing the complexities
of 5G networks. The research in [22] delves into multi-agent
reinforcement learning (MARL) for optimizing RAN slicing
within vehicular networks, addressing the dynamic allocation
of spectrum and computing resources amidst varying QoS
requirements. A deep deterministic policy gradient-based al-
gorithm underpins the proposed MARL framework, enabling
base stations to act as independent but cooperative agents for
resource allocation, achieving a notable QoS satisfaction rate.

The MARL approach described in [22] involves substan-
tial information exchange and cooperation among small and
macro base station agents, increasing overhead and network
complexity, which contrasts with our methodology. Our pro-
posed solution utilizes xAPPs within the O-RAN architecture,
promoting network openness without the need for inter-agent
communication, thereby simplifying the system and reducing
costs. Whereas, in [23], an energy-efficient DRL-assisted strat-
egy (EE-DRL-RA) is introduced, combining DRL and deep
learning to enhance energy efficiency and ensure performance
isolation among slices, showcasing superior performance in
energy efficiency and inter-slice isolation. Lastly, [24], [25]
proposes SARA and DSARA, RL and DRL-based solutions
for admission control and resource allocation in 5G core
network slicing, aiming to maximize service provider profit
and network resource utilization, offering a significant ad-
vancement in intelligent and efficient network slice request
management.

Unlike the metrics taken into account in [7], [26], [27], [28]
and other papers, the various slices in the network have dif-
ferent KPI thresholds to fulfill the defined QoS requirements.

This poses a challenge in terms of achieving optimal system
performance that is tackled in this paper by considering the
variation in metrics or KPIs for different types of services
that come under various RAN slice categories. Hence, the
network should support distinct slice KPI-based reward def-
initions for individual end users to evaluate different service
metrics. For instance, previous research [29], [30] considered
different types of services based on varying bit rate and delay
requirements, each of which took into account a distinct set
of metrics for its requirements. Motivated by this work, the
research presented in this paper considers the variation of
QoS thresholds and KPI metrics as well as their impact while
allocating resources to various slices in the formulation.

This work does not prioritize only a specific service cat-
egory, as discussed in the above papers, such as constant
bit rate. Instead, it defines weights to evaluate metrics of
different slice categories included in the reward function
design of intelligent agents. Furthermore, each slice category
has a separate intelligent agent that learns the importance of
parameters and receives rewards based on weighted metrics
and QoS thresholds for different slice categories. The proposed
work discusses a system model based on O-RAN architecture
to deal with intra-slice RAN RRM decisions taken in real time
for eMBB and URLLC slices. The problem is formulated to
achieve optimal system performance and KPIs while satisfying
the QoS of individual end users. In contrast to the work
talked about in [8], the proposed work intends to learn the
importance of UA parameters with a unique approach for slice-
based beyond 5G networks with multiple ORUs. The presented
research work considers resource availability at all ORUs to
serve the buffered traffic at users under specific categories and
allocates the resources to achieve a high QoS.

As indicated in the introduction, traffic uncertainty affects
RAN edge domain resource allocation [4], [6]. Hence, the
formulation in this paper considers parameters reflecting net-
work traffic load that have a significant impact on resource
management. It takes into consideration the most crucial
aspects of a wireless communication network in terms of
end users and ORUs present in the network, as indicated
in the problem formulation section. A resource allocation or
reconfiguration problem can be written in such a way that the
action space is constrained to a limited number of actions to
which DQN can converge. It is also vital for intra-slice RRM
in terms of time granularity of 1-10 ms for the near-RT RIC
component of O-RAN.

The contributions of this paper are as follows:

1) Our algorithms innovatively address the user-ORU as-
sociation and manage traffic loads for different slices
specifically tailored for the demanding KPIs of beyond-
5G applications. Unlike SOTA methods, our approach,
including the algorithm and its intelligent agent, operates
from the near-RT RIC component at the remote edge
within the O-RAN architecture. It is uniquely designed
for O-RAN, enabling dynamic resource configurations
on a rapid timescale of 1-20 ms and leveraging central-
ized data on end-users and ORUs for decision-making.
Our technique stands out for its ability to dynamically



2)

3)

4)

5)

manage resources within small time scales by employing
synergy between Al, O-RAN, and slicing.

An informed decision for user association is taken based
on not only user performance but also the ability of
ORU to serve users, defined as a novel metric 7 (See
Section V for detail definition). While SOTA in the
field often focuses primarily on learning from channel
conditions, or KPIs [12], [13], our work sets itself
apart by introducing metric, 7. This metric encapsulates
the ORU’s capacity to support users in specific slice
categories, evolving based on past experiences and ORU
performance which is considered while taking decisions
in addition to channel conditions and KPIs. The distinct
approach to include 7 aligns with O-RAN standards as
well as advances beyond conventional methodologies
by offering a comprehensive and informed as well as
dynamic resource allocation.

The proposed formulation ensures limited action spaces
that improve performance, reducing convergence time.
Usually, the DQN approach iterates through all actions,
and hence it can be computationally complex with a
large number of actions. In addition to this, as it avoids
large action spaces, the desired results are achieved
without additional NN architectures or DQN variants,
unlike [6], [14]. The computation capabilities required
at the edge server, processing time, and training time
are reduced compared to other approaches. This is vital
in the case of smaller time scales for near-real-time
decisions. Furthermore, the action space defined in the
proposed MDP is independent of the number of users
in the network.

Instead of learning the whole user association matrix
as done in the state of the art, the proposed work dis-
tinguishes itself by parameterizing the user association.
The agents learn the weights for each of the parameters
crucial for the UA decision. With this, the computational
and memory requirements can be reduced, as can the
convergence time. A problem formulation is proposed
that utilizes the intelligently selected weights and con-
cludes the actual decision. It avoids the parallel and
multiple DNN approaches used in several state-of-the
art works for UA.

Our study introduces an innovative solution that merges
DRL with a targeted analysis of key associations, syn-
ergizing these methods to optimize UA parameter pri-
oritization. Distinct from the majority of SOTA meth-
ods, our strategy employs a reward function attuned to
variations from the QoS benchmarks, thereby refining
user performance adjustments. Additionally, we cus-
tomize KPI weights to align with specific network slices,
significantly improving essential performance indicators
such as throughput, delay, bit error rate (BER), and
overall system efficiency. Our methodology outperforms
traditional baseline strategies and conventional DQN
MDPs, showcasing its superior efficacy.

III. NETWORK ARCHITECTURE

In our study, we explore a RAN architecture as shown in
figure 1, that adheres to the O-RAN specifications outlined by
the O-RAN Alliance [31]. This RAN setup serves a multitude
of users across various network slices, each designed to fulfill
distinct QoS needs. Users are linked to an ORU, essentially
a radio transceiver equipped with antennas and low physical
layer (PHY). This component is connected to both the O-
RAN Distributed Unit (ODU) and the O-RAN Centralized
Unit (OCU), which include higher protocol layers.

Within this architectural framework, every user is served
by an ORU within a specific ietwork slice subnet instance
(NSSI), as per O-RAN specifications. Each NSSI is aligned
with particular service requests and associated KPIs, ensuring
end-to-end connectivity through the ODU, OCU, the service
management and orchestration (SMO) system, and ultimately,
the core network. At the edge of the network, the RIC is
instrumental in guiding decisions related to resource allocation
and management, leveraging the system’s openness to enhance
decision-making with comprehensive network parameter in-
sights.

The ORU is positioned at the local edge, whereas the ODU,
OCU, and near-RT RIC are incorporated into the server at
the remote edge setup. Communication between the ORU
and user equipment (UE) occurs via wireless channels, with
open fronthaul interfaces facilitating the connection to the
remote edge for both uplink and downlink transmissions. Our
proposed algorithm’s practical implementation assumes the
availability of perfect channel state information (CSI) and UE
positions, gathered from the near-RT RIC’s database at the
edge server, as conveyed by the E2 node through the E2-CP
interface.

Connections between each ODU and OCU at the remote
edge server and the SMO are established via Ol and Al in-
terfaces. The RAN’s link to core network entities is maintained
through a fronthaul connection, employing mediums like Eth-
ernet or optical fronthaul, each with a specific maximum
transmission capacity and constrained by the core network
resources allocated to each slice or network subnet at the edge
or cloud level, including computational resources.

RAN NSSI resource management operates across two con-
trol loop levels—non-RT and near-RT—consistent with O-
RAN guidelines [31]. The SMO sets a baseline RAN resource
configuration for each ORU through the O1 interface, covering
radio and computational resources earmarked for various slice
types as part of the non-RT resource management process.
This ensures that each RAN NSSI receives a predetermined
bandwidth allocation for serving its users. The performance
of each network slice is evaluated against the requested QoS
settings to meet SLAs.

To enact our dynamic RAN resource management strategy,
intelligent agents are deployed, specializing in allocating radio
resources across slices efficiently to satisfy the QoS criteria
specified by the slicing manager and orchestrator. Each slice
benefits from a dedicated intelligent agent tasked with mas-
tering decision-making parameters to optimize slice-specific
KPIs, thereby enhancing individual slice performance through
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informed RRM decisions at the near-real-time RIC level.
Aligned with 3GPP, O-RAN, and international telecommuni-
cation unit (ITU) specifications for next-generation wireless
networks, O-RAN access points are strategically integrated
within infrastructure. This ensures that network simulations
reflect practical scenarios, facilitating optimization at various
network elements for enhanced efficiency.

IV. SYSTEM MODEL

As shown in the figure 2, consider the O-RAN network
with a general set of users L = {1,---, K'}. The users can
request services under any of the two slice categories eMBB
and URLLC, represented by the set of users denoted as g
and Ky respectively, where K = KUKy and KgNKy = 0.
Each user has QoS requirements to be fulfilled based on the
type of slice requested. These QoS requirements are expressed
in terms of the minimum data rate to be achieved per user
RY" and the maximum allowed delay per user d"™ where
k € K. We assume that all users from the same slice have the
same minimum data rate and maximum delay requirements.
The packet arrival rates for eMBB and URLLC slices follow
periodic deterministic traffic model with specific packet arrival
intervals. The size of packets and number of packets for each
user vary based on the slice category. We assume it is the
same for all users under the same slice category indicated for
each user k as Sy and Ly, where k € K. The slice type as
well as service requirements are mentioned for each UE in the
UE database available at the remote edge. The set of ORUs
denoted by M = {1,--- , M} serves these users.

To make the best use of resources within a slice, there
is a separate intelligent agent for each RAN slice at the
near-RT RIC. These agents learn how to better manage and
assign radio resources within the ORU’s available bandwidth.
Its objective is to associate users with ORU and schedule
resources in an optimal way to achieve the required QoS
performance. We consider downlink (DL) frequency division
duplexing (FDD) transmission. Let the binary variable ay_ ,,
indicate the association between ORU and users in DL and
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can be expressed as matrix A. Each user will be associated
with one of the ORUs for transmission at a given time for DL.

1, If k is associated with m
ak,m = . ey
0, otherwise
Where, m € M,k € K
ari aim
A= 2)
aK1 aK M

As discussed earlier, there are two types of slices: URLLC
and eMBB. These slices can be instantiated in any ORU.
Hence, the subset of ORUs serving s slice users can be
expressed as:

Msg={meM|arm=1}, ke K,
se€{E,U}

Each slice has a separate association matrix A, with corre-
sponding ORUs and users. The W bandwidth is divided into
PRB ={1,---, PRB} sub-channels. It is also assumed that
a user can only be connected to one ORU at a time, and
a user may be assigned one or multiple PRBs based on the
traffic at each user. The bandwidth allocated to each ORU
is divided among the slices instantiated in the ORU. Hence,
ORU has a specific number of resources PRB,, available,
and the corresponding slice has a total PRB,, ; number of
PRBs available where s € {E,U}. We assume additive white
guassian noise for all users of independent circular symmetric
natured complex random variables with a zero mean and o2
variance. All users in the network follow a random mobility
model with speed V. As per 5G new radio (NR), we only
consider numerology p = 0.

Here, all the parameters indicated are with respect to a
single transmit time interval (TTI) t; hence, for simplicity, the
notation t is omitted from all variables unless the time duration
is other than 1 TTI or a reference to a future or past TTI
value is required. In DL, we use hy ., to denote the channel
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coefficient (including pathloss and shadowing effect) from
ORU m to user k. The frequency-selective flat fading channel
passes through Rayleigh fading in the wireless medium. Let
us assume that P, is the total transmit power of ORU. The
signal-to-interference-noise ratio (SINR) of the k-th user for
the wireless link with the m-th ORU for DL can be expressed
as,

P, m |hk,m|2
1 k,m + o2

Where the interference from the ¢ ORUs (other than the
associated m-th ORU) for the k-th user can be formulated

as,
Lim= Y Pilhgil?
€M, iF#m

“)

Yk,m =

®)

V. PROBLEM FORMULATION

The proposed formulation aims to allocate and manage radio
resources within each slice in a dynamic and optimal way

such that all users satisfy the QoS requirements of requested
services. The majority of existing proprietary and SOTA-based
solutions address the importance of including intelligence
at the inter-slice level. But it is equally crucial to include
such intelligence in the intra-slice resource allocation to adapt
to the diverse KPIs of future envisioned applications. The
proposed work tries to fill these gaps while achieving optimal
system performance. The proposed algorithms deal with near-
RT RIC-level time granularity and are available as xAPPs at
the remote edge of the network architecture. The algorithms
are implemented in O-RAN architectures (in the direction
of cell-less), enabling dynamic radio resource allocation de-
cisions towards end users within the available resources of
each slice. It focuses on the optimal and intelligent way to
learn the importance of various decision-making parameters.
The formulated solutions tend to rely on parameters such as
SINR, estimation of PRBs assigned to each user, and ORU
capabilities to serve the traffic load in the current network at



any given time.

The SINR values vy, ,,, are calculated as per equation (4) and
they include effects such as path loss and shadowing based on
the distance as well as the wireless channel quality between
the user and ORU. Furthermore, it considers other interfering
components in the network that affect the signal strength of
the actual signal. The estimation of assigned PRBs is included
in one of the proposed algorithms, as prior knowledge of this
parameter increases the KPI performance observed through
several tests. The ability of ORU to serve traffic in a network is
evaluated with a performance metric for ORU, 7, ; defined as
time required to transmit the bits which are currently in buffer
at ORU m. It is ratio of total number of bits for transmission
in the buffer at ORU m to the total number of bits actually
transmitted per TTI at ORU m, as given in Equation (7). This
metric is related to delay. It gives measure of the ability of
ORU to transmit packets in the buffer.

Cmt
Tm,t = : (6)
* Jm,t
Cm,t = Z Bk:,t
ke (7)
Jmi= Y TBy,
ke

where K, is a set of users associated with m-th ORU, By, ; is
number of bits in buffer for each associated user and T'By, ; is
number of bits transmitted for each associated user under ORU
m at TTI ¢. The equation (8) provide details on how to update
this metric during the simulation over time ¢. Depending on
MAC-level scheduler, different bits transmitted per TTI per
user can be observed. Over simulation time we can calculate
Tm,t- We store the global value as T;'im and update it by taking
average of the last TTI global value, T,'Zm_l, and current value,
Tm,t- This consider the balanced importance for immediate
value based on current association decision equally compared
to past experienced 7 values.
Tm,t + Tgl t—1

The = T ®)

These parameters represent crucial aspects to be considered in
the decision-making process of associating users with ORUs.
The proposed formulation computes the indicated parameters
to evaluate their importance and learn optimal decisions for
the given state of the network environment.

A. Intelligent QoS aware Resource Allocation (IQRA)

The IQRA focuses on selecting the optimal association
decision based on a combination of the above-discussed pa-
rameters calculated in current TTIL. It sits at near-RT RIC as an
xAPP. Initially, a database is generated that stores all possible
combinations of associations between the available users and
ORUEs of a specific slice. With this database as a reference, the
algorithm can calculate and estimate the required parameters
that contribute to association and scheduling decisions within
the available slice resources. As discussed in the earlier sec-
tion, we indicate association with matrix A defined in equation
(2). For a simplified approach in IQRA, the association is

expressed in a vector form deducted from the same matrix A.
Each vector element is the value of the associated ORU m,
where the index of the vector element indicates the UE k. It
is defined as given below. This definition reduces the number
of possible combinations for associating UEs with ORUs.

A ={mq, ma....... M 9)

For given X and M, there are I such combinations available.
Each i-th combination represents a unique A matrix with
values of ay m,,; for k,m € K, M as per equation (2). For
each of these combinations, SINR 7y ., ; is calculated as per
equation (4). Based on the range of calculated 7y ., ; value
in dBm, the modulation and coding scheme (MCS) such as
QPSK, 16 QAM, 64 QAM, etc. is selected for each user from
the look-up table (LUT). The MCS scheme determines the
modulation order Oy, ; for each user in every i-th combination
and the number of bits to be transmitted per resource element
BREM-

As per 5G NR configurations, the number of symbols
per slot, number of slots per subframe and total number of
subcarriers can be determined. Hence, we can calculate bits
per PRB for each user as Bprg, ;. The estimate of required
number of PRBs at user k is calculated based on discussed
parameters. It is defined as fraction of available number of
bits in buffer at user k, Bj, to the number of bits that can be
transmitted at user k£ in each PRB BPRB]W“

By,

_ 10)
Bprg,, ; (

PRB;:?uired _ |—

With reference to the required number of PRBs, and available
bandwidth resources, an estimate of assigned resources is
evaluated as PRB;"} igned - correspondingly, the buffer size
in bits, C;, ; along with the number of bits transmitted, J,, ;
is evaluated as given in equation (7), providing us the metric
Tm,; at each ORU as given in equation (6). The global value
for each ¢ is updated as follows:

Cm.i g
Jm,i + Tm,tfl

m,i 9

Y

. . iened .
The estimation of PRB;>"*"*" and 77 , for each i-th asso-
ciation contributes to the association decision AD as given

below:

_ 2 : 2 : assigned 2 : g
ADS’Z' = Wg1 Ak m,i * PRBkJ — Ws2 vai
k

12)
The values for wg;, wyo are learned and updated as described
in Section VI by intelligent agent for each slice where s &
{E,U}. The optimal association decision is selected from
all the available ¢ combinations in the set with the following
equation:

ADg ot = arg max (ADs ;) (13)



subjected to:
Cl:d, < d"™", kek
C2: Ry >RM keck

C3: Z Z Rk,m < Nfr(mthaul
meM kel

C4 . Ak.m € {0, ].}, vk,m € IC7M
C5:Y PRB;™" < PRB,, ke K,, s€{E,U}
k

(14)

Once AD; op: is selected, we calculate Tfim using equation
(8) where T, ¢ = Tp,0pt- The constraints C1-C5 mentioned
in equation (14) provide different checkpoints. Such as, C1
and C2 check if expected user KPI is within defined threshold
ranges. C3 ensures that the summation of all assigned and
scheduled resources does not exceed fronthaul capacity link.
Constraint 4 checks that the association variable ay, ,, is either
1 or O that means the user is only associated with single ORU
at a time. Constraint 5 ensures that the PRBs allocated under
each slice are less than or equal to the resources available
to each slice. Once the association decision is known, MAC-
level scheduling is executed. The proposed user association
selection scheme is independent of the selected scheduler. In
Section VIII, the proportional fair (PF) scheduler is simulated.

B. Low Complexity Intelligent QoS-Aware Resource Alloca-
tion (LIQRA)

LIQRA is proposed for the same objective in intra-slice
RAN RRM but with reduced computational complexity, which
is crucial for some applications. This algorithm concludes
association decisions in a different way. The UA decision is
evaluated individually for each user k£ by iterating through
all ORUs to find optimal choice m* to serve the user. This
reduces the computation complexity at every iteration of DQN.
The algorithm aims to make an intelligent association decision
based on a combination of signal-to-noise ratio (SNR) and
the global ORU metric 74,. At the stage of msx* selection,
information about other user associations is not available,
hence SNR is included instead of SINR. The SNR (., for
user k with each ORU m for the given frequency flat fading
channel Ay, is calculated as follows:

Py X el
G = 2kl

o
The global ORU metric 74, is calculated as discussed earlier
according to equation (8). For each individual user k, the
combination of SNR (, ,, and metric 77;777” with every available
ORU m is calculated. The algorithm evaluates the optimal
association decision with the help of the following equation,
where for each k, we check,

5)

msk = arg max(wsi - Cem
m

The values for w1, wso are selected by an intelligent agent for
each slice. Once mx* for each corresponding k is estimated,
we can write the association matrix A as,

A= [ak,m,]

— w2 T} ) (16)

1, If m=mx a7

Where, ap.., = .
" {0, otherwise

Here, the association matrix A is same as defined in equation
(2). Once the association decision is taken and matrix A
is estimated, SINR is calculated based on equation (4) and
hence, MCS is selected. Further, the required PRBs and other
parameters for each user k are calculated as indicated in the
earlier algorithm to schedule radio resources for end users.

Algorithm 1: IQRA and LIQRA using DQN for intra-
slice resource allocation

1 Initiate network scenarios, intelligent agents, set QoS
requirements, update databases, and load models: set
number of UE, ORU, and simulation time;

2 for tti<« 1to T do

3 Update UE position, databases, traffic;

4 Initialize replay memory D to capacity N;

5 Initialize action-value function ) with random
weights 6;

6 Initialize target action-value function Q with
weights 0~ = 6,

7 for episode < 1 to R do
Select a random action a; with probability ¢;
Otherwise select

ay = argmax, e 4 Q(s¢, ar; 0);
10 Update wg;,wso according to action a; and
associate users with ORUs based on equation
(13) for IQRA and equation (16) for LIQRA;
11 Schedule the resource, transmit packets and
receive KPIs as per Section V-C;
12 Receive reward r, as per equation (24) and
observe next state s;41;
13 Store transition (s;, at, rt, S¢+1) in D;
14 Sample random minibatch of transitions
(Sj, aj,Tj, 5j+1) from D;
15 Calculate output Q values based on equation
(26);
16 Update target Q values by equation (27);
17 Train DNN using loss function given in
equation (25);
18 Every C (target network update frequency
given in Table I) steps reset Q =@ by
updating 6~ = 0,

19 end
20 end

C. Key Performance Indicators

Once the resources are allocated, the transmission takes
place, and experienced key performance indicators such as
achieved throughput, delay, and BER are collected. These
KPIs are stored, and the mean performance of TTIs for each
user is forwarded to DRL. Additional KPIs, such as successful
packet transmissions and packet drop rate, for each UE are
also evaluated over the defined time interval. The throughput
of user k is calculated by multiplying the assigned number
of PRBs with bits per PRB selected for transmission in that
TTI. The total delay experienced per user is a combination
of delays experienced by each packet in queue, transmission,



and processing, as given below, where sub-index [ is the packet
index for the user.

dk,l — d l+d4ue+dp7095551ng (18)

We consider the processing delay for each packet to be
2 X teymp and the symbol duration t,,,p is calculated based
on the selected numerology, which is ¢ = 0 and therefore
tsymp = T1.37usec. The transmission delay d;”; for every
packet per user can be calculated as the time required to
transmit the number of bits in the packet, which can be a
multiple of TTI based on how many TTIs the packet requires
to transmit successfully. The queuing delay d)" is defined
as the wait time in the queue or buffer at the ORU before
transmission. It is calculated as the difference between the
transmission time stamp t?f[’”e"t and packet arrival time stamp
tgfl””“l for each packet per user. Further, the total delay per
user k, dj, is calculated as the averaged delay experienced by
each packets [ from total number of packets per user Ly given

as,
CZk _ Zl €Ly dkal
| L|

The BER 4 for each user k associated with m-th ORU in
every t TTI for frequency selective channel is calculated as

(32],
3 Brm
(/5

Where Oy 1, Bi,m are modulation order and number of bits
between k-th user and m-th ORU, respectively. The packet
loss rate for every 1" TTIs is calculated as the ratio of packets
discarded in given time interval to the total number of packets
transmitted for each user. The packet is discarded if it exceeds
the threshold for the maximum delay limit d;'** mentioned
in the QoS requirement for each user k. The successful
transmission rate for each user for 7" TTIs is calculated as
the ratio of successfully transmitted packets in a given time
interval to the total transmitted packet for each user in the
same time interval.

19)

(1 — w/Ok,m) .

Q/Jlam = Bk7m

vk, m) (20)

V1. PROPOSED DRL-BASED INTELLIGENT AGENTS

In this study, distinct intelligent agents for the slice types
eMBB and URLLC, are proposed. The UA decision is param-
eterized as discussed in the above section. The DRL technique,
namely DQN, is used by the intelligent agent to discover
the significance of either the assigned PRB estimate or the
SNR metric v and the ORU metric 7 for suggested strategies.
Based on the state of the network environment at any given
time, the DNN determines the weights for each of these
parameters and evaluates the optimum course of action. The
DNN trains and learns the weight values for various network
environment states. IQRA and LIQRA are then given with
these values for wy; and wge separately for each slice. The
formulated solutions in the earlier section take into account
the weights and evaluate a decision for ORU selection to serve
the corresponding end user. This results in better performance
for the KPIs compared to baseline and SOTA solutions. The
proposed MDP establishes the significance of the weights

for UA parameters using DQN-based intelligent agents. Each
intelligent agent learns different values based on the impact of
individual experienced user KPIs under each slice category.

A. Markov Decision Process

The MDP for the intelligent agents based on the above
formulation is defined with a tuple of {Sg, As, Rs ,T's}
corresponding to state, action, reward, and discount factor,
where subscript s indicates slice type for intelligent agents
s € {E,U}. The state space Sy of the environment includes
the current log normalized channel matrix H s« i, number
of packets to be transmitted in the buffer per user P, and
the distance between each user and ORU in the current TTI
t Dyrxx. 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. Different intelligent agents learn the
importance of the UA parameters, which are specific and valid
to the varying traffic flow for the services and user-specific to
each slice.

Ss = {HMxK,pk,DMxK} for k,m e Ky, M,

s€{E,U} @1

The action space is combination of weights w,; and wgs,
where wy; and wgy are defined as discrete spaces as follows:

c 1 2 N 22)
w517w82 N7N"""7 N
Hence, the action space is given as:
As = (ws y Ws
(Wi, ws2) (23)

[As| = |ws1| X |wsel

As defined above, the number of actions is limited, and the
agent learns the importance of each parameter to make an
optimal decision for each slice separately. Convergence with a
large action space is challenging for a number of deep learning
methods and MDP designs. Our proposed algorithms in the
given formulation use N = 20 which resolves this issues.

The intelligent agents will learn the optimal way to associate
user-ORU and eventually schedule the resources based on
the observation at a given point of time in an environment
of wireless communication. The reward function is designed
in such a way that the agent receives the reward for the
user with a positive value equal to a fraction of exceeding
QoS thresholds. Whereas, if any user fails to reach the QoS
threshold, it is awarded a negative value equal to the amount
of KPI that failed to reach the threshold. This reward is
further normalized by the threshold values themselves. The
total reward is the accumulated reward of each individual user
divided by the total number of users. Both IQRA and LIQRA
can use this definition of reward function. The reward function
can be expressed as follows:

Ry, ;—R™in dre® _dy
(Oés ° Zk kRmz'n’,C + Bs Zk d'maack )
K

Ri (Ss, AS) =

kekK,, se{EU}
24)



Where ¢ indicates the episode or run of the DRL algorithm and
as = 1 — 8. The values of a and B, are used to prioritize
a specific KPI value according to slice type. Users receive
rewards for each agent according to a KPI reward function that
is prioritized. For instance, minimum data rate requirements
are relatively stricter or given priority over experienced delays
for eMBB slice services like social media, messaging, large
file downloading, web browsing, etc. Whereas for URLLC
slice services, the latency or delay is prioritized as a KPL
We can define slices dedicated to specific service and set
the priorities of KPIs in the reward function according to
the requirements of that service. This ensures that algorithms
achieve optimal system performance by keeping the service
requirements in check and the QoS of each user is maintained.
The slices achieve the intended and improved system and
user performance when the agent learns the ideal weights for
various conditions.

The conducted research has analyzed various designs of
reward functions to get better convergence and KPIs. We use
deep Q-learning methods from DRL algorithms. Here, the Q
value, target Q value, and loss function are calculated as given
below.

i 2
L, = {TDS - (Qq (ss,as)) }
st (83, as) + Q,
[RiJrl + I mé’f‘( Qi+1 (s8s,as) — Qli (55, as):l

ie. Qi (8s,a5) = Qi (8s,as) + Qs x Ly

(25)

st (85, as)

(26)

Here, s € {E, U} and the values for learning rate €2, discount
factor I' as well as other hyperparameters are indicated in the
simulation setup. The temporal difference, or target Q values,
is calculated as follows:

TD, = 7'si+1 +T maﬁ( QZ;H (85, as)

as€As

27)

B. Discussion on Complexity Analysis

In this study, the proposed algorithms strategically de-
termine weights of the parameter within the UA decision
process, as delineated by equations (12) and (16), respectively.
The IQRA evaluates I unique combinations of the matrix
A, with each i — th combination undergoing assessment
through equation (12) alongside constraints C1-C5 to identify
the optimal UA decision (AD; p) in each iteration of the
DQN. Conversely, LIQRA identifies the optimal matrix A
for each DQN iteration by applying equations (16) and (17).
The complexity of the DQN model inherently increases with
an expanded action and state space. However, our proposed
methodologies maintain a stable action space, enhancing both
reusability and scalability. This adaptability is achieved by
enabling the algorithms to discern the significance of global
parameters in UA decisions across different slices. Therefore,
despite an increase in the number of users—which inherently
enlarges the state space and, by extension, the computational
and storage demands of the DQN—the acquired knowledge
remains applicable for UA decision-making. To mitigate the
escalated complexity due to the growing number of users, one

approach is to eliminate the users count dependency in the
state space configuration. Alternatively, employing separate
instances of the same intelligent agent, each powered by a
similar DNN, to independently evaluate Q-values presents a
viable solution.

VII. SIMULATION SETUP

The designed simulator is 3GPP-standard-compliant for
wireless communication models. The network elements are
defined and implemented in line with the O-RAN architecture.
The simulation set-up is based on ITU Report M (ITU-R
M) recommendations for testing and verification. It is imple-
mented in a Python environment. It uses OpenAl-gym, Keras,
and Tensorflow modules to implement DQN-based agents. The
intelligent DQN agents for both slices are tested and tuned by
running multiple combinations of hyperparameters. The final
selected values are mentioned in Table I. For each network

TABLE I: DQN Agent Hyperparameter

Parameter Value
Network Architecture 256 X 256
Learning Rate le—3
Batch Size 64

Epsilon minimum 0.01
Epsilon decrement 0.99
Target network update frequency 100
Discount factor 0.995
Activation ReLU
Optimizer Adam

slice, the number of users requested to be served and their QoS
requirements are available in the database at near-RT RIC. We
have tested the proposed algorithms for a number of settings of
QoS values based on different packet arrival rate (PAR). The
simulation set-up includes packet arrival based on stochastic
distribution models as well as periodic deterministic models.
The variation in traffic volume (high, medium, and low) as
well as different traffic generation models are considered to
analyze the impact and verify the performance of algorithms.
The results presented in next section utilize periodic deter-
ministic traffic for both slices with differing PAR, as listed in
Table II. We utilize an infinite buffer queuing model, where
packets that reach the maximum delay threshold defined in
QoS are prioritized for scheduling within each slice category.
The number of packets available to transmit for each user
is determined per TTI. Each of these packets has a different
time of arrival. For all UEs, the location is updated every TTI
based on the mobility model, with a fixed 30 kmph speed for
all users.

As we have discussed in the system model, we assume
5G NR numerology O for all users, which corresponds to
subcarrier spacing of 15 KHz and 12 subcarriers per PRB,
hence the bandwidth of a single PRB Wprp is 180 KHz.
Here, W, s bandwidth is allocated to each ORU under each
slice category and a ORU can serve users under both eMBB
and URLLC slices. The number of PRBs available at each
ORU is given with PRB, as shown in Table II. The sym-
bol duration #y,,,, number of symbols per slot, and other
parameters are calculated based on a selected numerology,



1 = 0 and the corresponding values are indicated in earlier
Section V-C. The pathloss and shadowing models are taken
as it is given in table Al-2 of ITU-R M.2412-0 [33] and
other communication model parameters are listed in Table II.
The ITU-R M specification [33] specifies the guidelines for
the evaluation of radio interface technologies, specifically for
simulation and testing purposes. The ORUs are placed around
50 meters away from each other, with their heights of 3-3.5
meters and maximum power levels of 200 mW (linear power
of the ORU for 24.25-27.5 GHz) according to A1-16 and Al-
23 of [33] compliant with O-RAN standardization and the ITU
framework to support network slicing [34].

TABLE II: Simulation Parameters

Parameter Value
Transmit power of ORU Py, 200mW
Noise variance o2 -146.424 dBm
Noise Figure 5

Boltzmann constant k 1.38e-23 J/K

Temperature in Kelvin (K) 290
Path Loss Exponent 35

PRB bandwidth 180 KHz
5G Numerology nw=0
Subcarrier Spacing 15KHz

No. of PRBs

No. of ORUs

No. of users: eMBB
No. of users: URLLC
R (Mbps)

dp™ (ms)

Packet Size (Bytes)
Traffic Model

PRBg=32, PRBy=15

3.8

2

1024, U = 480

= periodic deterministic with packet
arrival interval 0.5 ms

U = periodic deterministic with packet
arrival interval 1 ms

16, U
10, U

mmmm o s

VIII. RESULTS AND ANALYSIS

The results presented in this section are based on the
simulation parameters for the environment and DQN agents
that were previously described. The eMBB reward function,
Rg uses ap = 0.7. Whereas the URLLC reward function,
Ry uses ay = 0.4. Different values of a, have been tested
for both slices. The configured values generate optimal results
based on testing. The DRL agents use the reward function
defined in equation (23). The algorithms are simulated for
3000 iterations of DRL and 30 seconds of simulation time.
The figure 3 shows the reward values of eMBB and URLLC
slices for both the IQRA and LIQRA algorithms. Subfigure 3a
and 3b show the value for reward for each run, where LIQRA
and IQRA refer to reward values plotted with a sliding window
of 100 iterations, and mean refers to the mean reward value.
The reward function depends highly on KPI values such
as throughput and delay. The instantaneous KPI values are
calculated within each TTI, which is 1 ms in duration, and
subsequently, individual reward values vary frequently. There-
fore, the mean and 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 DQN. As seen in Subfigure 3a and 3b, IQRA performs
better for eMBB, and LIQRA has better reward values with
URLLC slice. LIQRA has SNR and 7 as UA parameters,
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Fig. 3: Reward Performance

whereas IQRA has an estimate of PRB assignment instead of
SNR. This is weighted by ws; and wso for both algorithms.
In IQRA, the number of PRBs towards end users is given as
one of the parameters to take an UA decision. This associates
users with ORUs who can assign more PRBs, achieving higher
throughput. The eMBB slice has more stringent throughput
thresholds; hence, the more PRBs assigned to end users, the
better throughput is achieved, resulting in better reward values.
Whereas, for URLLC, latency requirements are more strict,
with the first parameter being only SNR helps the algorithm
assign users to ORU with better signal quality, giving more
importance to the 7 metric.

Figure 4 shows the comparison for system performance
between the baseline approach, state-of-the-art, referred to as
DRLUA now onward, and the proposed algorithms for both
slices. The baseline approach uses a simple maxSNR method
for user-ORU association, whereas DRLUA uses a number
of parallel DNNs along with DQN as proposed in [15]. All
of them are implemented on top of proportional fair sched-
ulers. Subfigure 4a and 4b show the Empirical Cumulative
Distribution Function (ECCDF) for system throughput over
DRL iterations for baseline, IQRA, LIQRA, and DRLUA.
Both the proposed algorithms outperform the baseline and
DRLUA approaches. The resource allocation to end users is
performed separately for each slice category. Subfigure 4c and



4d show the ECCDF for latency for all four approaches in the
simulation.

The algorithm makes decisions based on weighted values
of UA parameters learned from intelligent agents. This allows
the proposed methods to customize the importance of decision-
making parameters specific to the current state of the wireless
environment. For the eMBB slice, IQRA works better among
the 4 approaches, as it considers estimates of PRBs and the
T metric as explained earlier in reward convergence results.
In simulation runs, we observe that IQRA selects higher
values for ws; compared to wge in the majority of cases for
the eMBB slice. Hence, 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, based
on the network state, the importance lies with 7 as 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 UA. Both algorithms have been tested with a number
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Fig. 4: System Performance Comparison

of traffic load variations and traffic models. This study not
only captures the impact of proposed IQRA and LIQRA
performance under varying traffic volumes but also verifies
that the proposed algorithms perform better compared to
baseline and DRLUA even under varying traffic loads.
Figure 5 shows KPI performances, namely, throughput,
delay, packet drop rate, and bit error rate for each user under
both eMBB and URLLC slices, respectively, using the LIQRA
algorithm. Subfigure 5a and 5b show experienced throughput
for individual users under eMBB and URLLC slices. All users
achieve throughput greater than the set QoS thresholds, which
are 16 Mbps and 3.8 Mbps for E and U, respectively. Where
subfigure Sc shows the delay values for users in eMBB slice.
Here, all users experience a delay of less than 4 ms on average
for all successfully transmitted packets. Subfigure Se shows
that all users in the eMBB slice have less than 0.5% packet

drop rate. The User 3 experienced a 0.9% packet drop rate
at the start of simulation, which is reduced to 0.7% as DRL
agents make better association decisions. The reason for this
relatively high packet drop rate (PDR) compared to other users
throughout the simulation is the user’s location and movement
around the cell edge during the simulation time frame. Every
user experiences a PDR below 1%, surpassing the acceptable
performance standards for eMBB services as per standards
[35], [36]. Subfigure 5d shows all users under URLLC slice
experience an average delay less than 1 ms. The QoS threshold
for URLLC, d;***, is 2 ms; hence, users are associated with
the respective ORU by giving more weight to 7,,, which
ensures the available buffer traffic at each UE can be served
within the delay budget. Subfigure 5f shows that the majority
of users experience PDR less than 1e~*. Subfigure 5g and 5h
give insights about BER performance for users, which is less
than 1e~% acceptable for all services considered under both
slices.

IX. CONCLUSION

From the results presented in the above section, we can
conclude that the designed intelligent agents and proposed
algorithms improved the performance of intra-slice resource
allocation compared to baseline and DRLUA techniques. The
intelligence agent learns different weights wy; and wge for
each slice for the respective parameters affecting association
decisions. From the comparison, we can see the proposed
IQRA algorithm is more suitable for eMBB, whereas LIQRA
performs better for URLLC slices. IQRA provides 11.5% and
7.42% improvement in throughput for eMBB slices compared
to DRLUA and LIQRA, respectively. While LIQRA provides
19.94% and 16.54% improvement in latency compared to
baseline and DRLUA approaches, respectively. LIQRA im-
proves latency by achieving a minimum latency value of
45.5% less than compared to the baseline approach. It also im-
proves system throughput for eMBB slices by 6.7%. Whereas,
IQRA improves throughput by achieving an increment in
maximum throughput value up to 26.7% compared to the
baseline approach. It also improves the minimum latency value
to less than 8.2% compared to baseline.
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