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Semi-Contention-Free Access in IoT NOMA
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Abstract—The unprecedented surge of massive Internet of
things (mIoT) traffic in beyond fifth generation (B5G) communi-
cation systems calls for transformative approaches for multiple
access and data transmission. While classical model-based tools
have been proven to be powerful and precise, an imminent trend
for resource management in B5G networks is promoting solutions
towards data-driven design. Considering an IoT network with
devices spread in clusters covered by a base station, we present in
this paper a novel model-free multiple access and data transmis-
sion framework empowered by reinforcement learning, designed
for power-domain non-orthogonal multiple access networks to
facilitate uplink traffic of small data packets. The framework
supports two access modes referred to as contention-based and
semi-contention-free, with its core component being a policy
gradient algorithm executed at the base station. The base station
performs access control and optimal radio resource allocation
by periodically broadcasting two control parameters to each
cluster of devices that considerably reduce data detection failures
with a minimum computation requirement on devices. Numerical
results, in terms of system and cluster throughput, throughput
fairness, access delay, and energy consumption, demonstrate the
efficiency and scalability of the framework as network size and
traffic load vary.

Index Terms—Massive Internet of things, uplink small data
packet, semi-contention-free and contention-based, reinforcement
learning and policy gradient, performance evaluation.

I. INTRODUCTION

ALONG with the intensive deployment of fifth generation
(5G) mobile networks worldwide focusing on enhanced

mobile broadband (eMBB) services, ubiquitous connectivity
in the form of massive Internet of things (mIoT) heralds a
transformative evolution towards sixth generation (6G) [1].
According to ITU [2], the research target of connection density
could reach 106∼108 devices per square kilometer in 2030.

Although a huge amount of IoT devices may be deployed
across a cell, most of them are battery-powered devices
and require typically infrequent data reporting or data col-
lection [3]. Indeed, IoT traffic exhibits a characteristic of
small data in terms of short packet size and sporadic data
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transmissions. In the presence of overlapping transmissions
based on the same radio resource, network performance may
be degraded due to the reception of multiple signals that make
the correct detection of individual signals impossible. Among
various mechanisms to diminish data detection failures, non-
orthogonal multiple access (NOMA) and clustering are proba-
bly the two most eminent techniques. Through power-domain
NOMA, concurrent transmissions from multiple users on the
same radio resource can be disentangled and one or multiple
transmissions may be successfully detected through successive
interference cancellation (SIC). On the other hand, clustering
which may be facilitated by multiple-input–multiple-output
(MIMO)-based beamforming and beam steering can mitigate
interference generated by users from other clusters [4]. By
jointly performing NOMA and clustering, the number of
devices covered by the same beam could be greatly reduced
and the benefit of SIC would be more significant.

However, dealing with a substantial number of simultaneous
competing transmissions in clustered NOMA networks is not
an easy task as both intra-cluster and inter-cluster interference1

exists and no exact information on instantaneous access de-
mands for uplink IoT traffic is known to a base station (BS).
Furthermore, how to assess the behavior of such networks
analytically and to design access schemes to optimize network
performance in a real-time manner call for further research
endeavors, especially when network size grows.

To assess the performance of a network, analytical models
for example those that are built based on Markov chains have
been proven to be a powerful tool, as they lead to closed-form
expressions for various performance metrics [5] [6]. However,
such analytical solutions may face scalability difficulties with
respect to network size and complexity. On the other hand,
the recent advances in artificial intelligence (AI) and machine
learning (ML) enable numerous data-driven approaches that
envisage great potential to both providing real-time adaptation
to dynamic network conditions and solving the scalability
problem. In addition to the surge of interests in academia, the
3rd generation partnership project (3GPP) is also promoting
ML applications in 6G radio access networks [7]. Among
a catalog of various ML approaches, reinforcement learning
(RL) [8] appears as a promising category to address the
network scenario envisaged in this study.

In the paper, we study a communication network where IoT
devices perform uplink random access and data transmission
in a hybrid semi-contention-free (SCF) or/and contention-
based (CB) manner without requiring pre-allocated radio re-

1While intra-cluster interference indicates the interference generated by
concurrent transmissions from other devices in the same cluster, inter-cluster
interference is caused by the transmissions from any other cluster(s) [6].
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TABLE I: Transposed comparison of learning-based clustering, access, and transmission schemes for uplink traffic in NOMA networks

Category Our schemes [18] [19] [20] [21] [23]
Approach PG-based model-

free access con-
trol and transmis-
sion for small data

ANN trained
on heuristic
clustering

Hybrid SARSA
and DRL
framework using
3D state actions

EM-based proba-
bilistic clustering
with online update

Optimization-
based power and
user allocation

LSTM-based DRL
for sub-channel
and power level
selection

Clustering
Strategy

Location-based
clustering and
probabilistic user
pairing

SIC capability-
aware user
partitioning

Joint user, BS,
and sub-channel
mapping via state
learning

Location-aware
Gaussian mixture
via unsupervised
learning

Clustered access
for hybrid
spectrum sharing

Device sub-
channel clustering
to reduce
collisions

Learning Al-
gorithm

Reinforcement
learning (policy
gradient)

Offline supervised
ANN

SARSA (light) +
DQN (dense)

Statistical model-
based (EM + on-
line EM)

Non-learning
(convex
optimization)

DQN with LSTM

System Type Uplink mIoT-
NOMA

mmWave-NOMA NOMA-IoT
uplink

Downlink
mmWave NOMA

Cognitive IoT up-
link NOMA

Grant-free NOMA
uplink

Key Contri-
butions

RL-driven unified
access control
for CB and SCF
modes; low device
complexity

Heuristics for la-
bel generation and
inference in real-
time

Traffic-aware
switching between
RL types

Fixed & dynamic
user clustering;
reduced re-
clustering
complexity

Support of both
PU-first and PU-
last decoding or-
ders

Learning-based
contention
patterns for
access success

Performance
Highlights

Scalable system/
cell throughput;
low delay; and
efficient energy
consumption

Heuristic
performance with
faster decision
latency

Effective handling
of dynamic traffic
while maintaining
fairness

Full EM perfor-
mance while re-
ducing runtime for
dynamic scenarios

Balanced primary
user protection
and system
throughput under
hybrid access

Effective access
policy and reduced
contention over
time

sources. From this perspective, the proposed access modes can
be considered as a class of grant-free (GF) random access. We
regard the SCF access mode as an enhanced access mode that
substantially improves the performance of conventional CB
access by reducing both intra- and inter-cluster interference.

As described latter, an RL-agent located at the BS per-
forms access control and determines radio resource allocation
policies, based solely on its observation of the number of
successful small data packet (SDP) detections in the uplink
traffic. As an additional advantage, the proposed SCF access
mode requires minimal computation capability on devices. The
access schemes proposed in this study resemble the principle
of random access small data transmission described in [10],
however, with much more advanced features facilitated by RL-
driven access control and radio resource allocation.

A. Related Work

1) NOMA, clustering, GF/semi-GF (SGF): Among various
access and data transmission schemes, many studies con-
sidered NOMA and clustering as promising bases for their
scheme design. While NOMA can facilitate concurrent trans-
missions, clustering can further exploit the benefits of NOMA
through device pairing [11]. In [12], a priority access NOMA-
based slotted ALOHA scheme was proposed, supporting mul-
tiple power levels and priority levels. However, their proposed
traffic estimator relays on the existence of certain degree of
symmetry between uplink and downlink traffic which might
not be realistic for IoT traffic.

Considering both intra- and inter-cluster interference in
NOMA transmission, joint user clustering and power control
for uplink traffic were studied in [13]. Recently, a contention-
based coded random access scheme for heterogeneous traffic
that allows both time and frequency domain resource sharing
was proposed in [14]. Although these two studies investigated

important physical layer aspects, they did not consider a
dynamic traffic scenario where random traffic is generated by
devices, nor did they evaluate performance parameters such
as throughput, delay, or fairness. Furthermore, we clarify that
investigating such physical layer techniques is beyond the
scope of this paper.

In [15], an access mode referred to as SGF was proposed,
allowing GF devices share the dedicated radio resources allo-
cated to grant-based (GB) devices by exploiting NOMA and
SIC. In an additional study, the authors proposed an enhanced
SGF scheme to guarantee certain degree of quality of service
(QoS) to GB devices [16]. Another recent paper proposed
a novel SGF access scheme for short packet transmission
by improving device-to-slot allocations based on the partial
information observed by a BS [17]. These proposals were
developed based on an assumption that either the BS or
the GF users can acquire perfect knowledge of the channel
state information (CSI). However, such an assumption seems
to be unrealistic in real-life scenarios, particularly when a
massive number of IoT devices contend for access and when
considering the randomness of IoT data traffic [14].

2) Data-driven learning-based access schemes: To design
access and transmission schemes and analyze the performance
of NOMA-enabled concurrent data transmissions require novel
techniques. As a trend beyond various conventional model-
based methods, there is a surge of endeavors in recent years to
explore data-driven learning-based approaches including RL-
enabled access to uplink data transmissions as well as their
potential benefits.

In [18], two artificial neural network (ANN) algorithms that
assign users to clusters in millimeter wave-NOMA (mmWave-
NOMA) networks in a real-time manner were proposed.
In [19], an RL-based resource allocation scheme was de-
veloped for uplink data transmissions in clustered NOMA
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IoT networks using deep reinforcement learning (DRL)
and state–action–reward–state–action (SARSA)-learning algo-
rithms based on three-dimensional (3D) state and action asso-
ciations. In [20], an expectation maximization (EM)-based on-
line clustering algorithm which is able to update user clusters
through unsupervised learning based on location-awareness
was developed. Furthermore, [21] proposed a NOMA-based
hybrid spectrum access scheme for uplink cognitive IoT
traffic, supporting both decoding-primary-user(PU)-last and
decoding-PU-first optimization.

In [22], a Q-learning (QL)-based random access method for
NOMA IoT networks was proposed. A deep RL algorithm for
throughput enhancement in GF NOMA systems was proposed
in [23] and two distributed QL algorithms for GF uplink trans-
missions in the presence of bursty IoT traffic were proposed
in [24]. Moreover, a deep RL-based learning access scheme
for signature-based GF transmissions was developed in [25],
targeting at maximizing long-term successful transmissions in
NOMA-enabled beyond 5G (B5G) networks. Similarly, [26]
introduced a double deep QL algorithm for efficient resource
allocation in NOMA networks that handles dynamic traffic
patterns. Another study in [27] explored multi-agent RL tech-
niques for enhancing uplink GF NOMA performance, resulting
in improved throughput and fairness. Moreover, [28] presented
a novel RL-based power control mechanism combined with
GF access to minimize energy consumption and maximize
system reliability in clustered IoT networks. In a preliminary
phase of this study, we proposed an RL-based random access
scheme for IoT traffic where actions for access control were
performed through QL [29]. The aforementioned efforts to a
certain extent unveil the promising role that RL may play in
overcoming the complexities of medium access and data trans-
missions in B5G networks. In Table I, we provide a transposed
comparison of our schemes with five representative schemes
related to learning-based clustering, access, and transmissions
in NOMA-enabled networks for IoT uplink traffic.

However, a number of research questions need to be an-
swered before an RL-based approach can be applied to real-life
B5G/6G networks. Among those, the following four questions
triggered our motivation to perform the study reported in
this paper. 1) What are the performance benefits that can be
obtained by allowing multiple devices that perform concurrent
SDP transmissions based on SCF and CB access share uplink
radio resources? 2) How can a BS determine high performance
access control policies given that it can only observe the
number of successful SDP transmissions and it does not know
the number of devices simultaneously attempting to access
common uplink radio resources? 3) How close is the system
performance achieved by the access control policies computed
by an RL algorithm fed with partial system information
from the ideal system performance? and 4) How does the
complexity and performance of an RL-based access scheme
scale with network size and traffic load?

B. Contributions

When concurrent transmissions of two or more devices from
one or multiple clusters occur on the same radio resource,

the intricacies of SIC detection surge, as SIC alone may not
resolve a collision when the obtained signal-to-interference-
and-noise ratio (SINR) is not large enough [6]. To minimize
SDP detection failures, a BS may impose access control to
devices in order to limit the number of concurrent access to
uplink radio resources.

Among various existing studies on NOMA-enabled IoT
data transmissions, both saturated and non-saturated traffic
conditions have been considered [14] [23]. In the saturated
case, the BS knows that all devices always have a packet to
transmit [23]. In the non-saturated case, where traffic state
is unknown to the BS, packet arrival prediction or estima-
tion serves as the basis for the design of an access control
scheme [5]. However, such prediction schemes often rely on
assumptions like Poisson arrivals or traffic models that may
not hold in reality.

In this paper, we introduce a random access and SDP
transmission framework for uplink IoT traffic, referred to
as RL for semi-contention-free (RL4SCF), and propose a
data-driven model-free RL-enabled access control and radio
resource allocation mechanism that supports both the SCF and
the CB random access modes. The operation of RL4SCF is
observation-based, without the need to assume any specific
patterns of packet arrivals, nor is it necessary for the BS to
know the instantaneous traffic load within the cell. In addition,
no specific signaling is required between the BS and the
covered devices. Nor is it needed to perform any coordination
among devices within a cluster or across different clusters.

More specifically, we propose an RL-based policy gradient
(PG)-driven access control and resource allocation algorithm,
that allows the BS to compute and periodically broadcast an
access probability to each cluster and a hash seed [8]. In
this way, access congestion is significantly reduced, as well
as inter- and intra-cluster interference. In addition, the PG
algorithm can be configured to improve throughput fairness
among clusters located at different distances from the BS. As
described later, the PG algorithm also computes hash seeds to
dynamically support the SCF access mode [3]. The hash seeds
are computed to minimize the probability that the same uplink
radio resource is simultaneously selected by multiple devices
from the same cluster, significantly providing an additional
reduction of both inter- and intra-cluster interference. Clearly,
SDP detection failures have been substantially reduced through
both access control and hash-based radio resource allocation,
leading to significant improvement on throughput, access
delay, and energy consumption.

In brief, the novelty and main contributions of this paper
are summarized as follows:

• A novel data-driven framework for clustered NOMA-
enabled IoT that supports two uplink SDP access modes
(SCF and CB) and an RL-enabled uplink access control
and data transmission mechanism executed at the BS has
been introduced.

• To support the SCF access mode, we devise a hash
function-based slot selection algorithm. Contending de-
vices compute a hash function based on two parameters,
namely, the latest hash seed broadcasted by the BS and
the device identity (ID). The result identifies the time slot
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in a frame that the device shall use to transmit its SDP.
No specific handshake between devices and the BS on
channel condition or traffic state is needed.

• Relying on the partial system state observed by the BS,
a PG-driven algorithm has been proposed to dynamically
adjust access probabilities and hash seed. The PG algo-
rithm intends to maximize system throughput or cluster
throughput fairness, relying only on its observation on
the number of successfully detected SDP transmissions.

• The framework has been implemented in a simulation
platform. Through extensive simulations, we validate the
applicability and scalability of the developed framework
with different network configurations and traffic load
conditions, demonstrating that quasi-optimal system per-
formance can be achieved.

• Our performance assessment is pursued from the traffic
perspective. We aim at evaluating the impact that different
network operation objectives have on four performance
metrics: throughput, throughput fairness, access delay,
and energy consumption. We also explore and shed light
on the effectiveness and scalability of the proposed PG-
enabled access control mechanism.

In a nutshell, the uniqueness of this paper is represented by a
combination of clustered NOMA-facilitated SDP transmission,
the support of two access modes without bearing additional
signaling overhead, and RL-enabled access control through
online learning. The novelty of our proposal is represented by
the coordinated operation of access control and radio resource
allocation in a real-time manner supporting both CB and SCF
access modes. The designed and implemented PG algorithm
demonstrates that the RL-agent is able to efficiently and
simultaneously learn, for each cluster, both an access control
policy and a seed selection policy to minimize both intra- and
inter-cluster interference. To the best of our knowledge, the
random access and data transmission framework developed in
this paper, that is empowered by RL-enabled access control
with multi-dimensional decision-making, is the first effort that
tackles resource allocation for uplink IoT SDP transmission
with a scalable RL-enabled solution that achieves quasi-
optimal performance.

The remainder of this paper is organized as follows. After
presenting the envisaged network scenario and the physical
layer transmission principle in Section II, the RL-enabled
framework for uplink IoT data transmission consisting of two
access modes is introduced in Section III. Then the core
component of the framework, a PG-driven access control
mechanism is proposed in Section IV with its implementation
overview outlined in Section V. Section VI is dedicated to
assess the performance of the developed framework with
multiple network configurations and under various traffic load
conditions. Furthermore, we discuss a few aspects that are
related to the feasibility and operability of our framework in
SectionVII. Finally, the paper is concluded in Section VIII.

II. NETWORK SCENARIO AND TRANSMISSION PRINCIPLE

In this section, we briefly present the network scenario and
the data transmission principle adopted in this study.

Fig. 1: Overview of the RL4SCF framework: Network scenario, frame
structure, data transmission, and RL-enabled access control.

A. Network Scenario

Consider a NOMA-enabled IoT network composed of a
single cell with a beamforming-assisted BS, connecting nu-
merous devices which are uniformly distributed across the
cell. Devices in the studied network are battery-powered and
equipped with a single antenna. An identical transmit power
level applies to all SDP transmissions and no power control
is introduced [30]. For presentation simplicity, we show that
a radio resource is perceived as structured in a framed slotted
manner to facilitate random access and SDP transmission.

In addition, the BS is assisted by a MIMO antenna connect-
ing numerous devices across the cell. Through beamforming
and beam steering, a group of devices with an (almost)
identical angle toward the BS can be covered by the same
beam, leading to a less number of devices covered by one
beam [4]. To cover a whole cell across multiple directions,
distinct beams can be assigned. However, how to perform
beamforming is beyond the scope of this paper.

Furthermore, we consider that devices are static, i.e., they
do not move, and assume that no device hardware or software
failure occurs during the operation of the framework. Devices
are distributed into multiple clusters, where each cluster con-
fines a number of devices that are located in the vicinity of
each other. As depicted in Fig. 1, Cluster i (Ci), i = 1, . . . , C,
is composed of Ni devices and its center is located di meters
apart from the BS. The locations of these devices may vary
within the radius from the cluster center. A cluster with a
lower cluster index is located closer to the BS, e.g., di < dj
if i < j. A summary of the main notations used in this paper
can be found in the Appendix.

B. Frame Structure and Physical Layer Principles

1) Frame structure: To facilitate flexible and efficient radio
resource allocation, multiple time slots are grouped into one
frame. All time slots have the same duration and a device can
select at most one of the time slots in a frame to transmit its
SDP. Two phases, namely, SDP transmission and acknowledg-
ment (ACK) after a short interval upon a successful reception,
occur inside one time slot. SIC is performed at the end of the
data transmission phase and the ACK message is sent at the
end of the time slot.

As concurrent transmissions from various devices located
in the same or different clusters are allowed, one or multiple
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TABLE II: Successful data detection probabilities [6]

State Cluster C1 Cluster C2

(n1, n2) S0 S1 S2 S3 S0 S1 S2 S3

(0,0) 1 0 0 0 1 0 0 0
(0,1) 1 0 0 0 0.567 0.433 0 0
(0,2) 1 0 0 0 0.477 0.490 0.033 0
(0,3) 1 0 0 0 0.521 0.424 0.055 0
(1,0) 0.163 0.837 0 0 1 0 0 0
(1,1) 0.401 0.599 0 0 0.804 0.196 0 0
(1,2) 0.564 0.436 0 0 0.766 0.227 0.007 0
(1,3) 0.675 0.325 0 0 0.788 0.200 0.012 0
(2,0) 0.606 0.274 0.120 0 1 0 0 0
(2,1) 0.677 0.249 0.074 0 0.941 0.059 0 0
(2,2) 0.734 0.220 0.046 0 0.929 0.070 0.001 0
(2,3) 0.780 0.191 0.029 0 0.935 0.062 0.003 0
(3,0) 0.741 0.167 0.079 0.013 1 0 0 0
(3,1) 0.779 0.164 0.049 0.008 0.984 0.016 0 0
(3,2) 0.810 0.155 0.031 0.004 0.980 0.020 0 0
(3,3) 0.836 0.143 0.019 0.002 0.981 0.019 0 0

SDP transmissions from different devices may occur within
one time slot.

2) Signal reception and channel gain: The total received
signal at the BS in the k-th time slot, yk, which is accumulated
based on the individual signals from those devices that transmit
concurrently within the same time slot, can be expressed as,

yk =

C∑
i=1

Ni∑
j=1

I (i, j, k)Hi
jx

i
j + η , (1)

where I (i, j, k) is an indicator function that is 1 when the j-
th device in cluster Ci transmits in the k-th time slot, and
0 otherwise. In (1), Hi

j , xi
j , and η represent the complex

channel gain vector between device Di
j (the j-th device

in the i-th cluster) and the BS, the transmitted signal by
that device, and the additive noise which follows a complex
Gaussian distribution with zero mean and variance ρ2, i.e.,
η ∼ CN

(
0, ρ2

)
, respectively.

The channel gain between devices and the BS, which is
located g meters above the ground, Hi

j ∼ CN (0M , IM ),
follows a Rayleigh fading model with a zero mean complex
Gaussian distribution, where M ≥ 1 is the number of antennas
mounted at the BS. Moreover, the signal transmitted by device
Di

j is expressed as xi
j =
√
Psij , where P is the transmit power

and sij is the transmitted signal with unit variance. The path
loss is determined by 128 + 37.6 log10 d, with d being the
distance (in kilometers) between a device and the BS in a
Euclidean 3D space.

3) Interference and data detection: The success or failure
of an SDP transmission depends on the SINR level of the
SDP signal relative to the other interfering signals in the
same time slot and the noise level. To potentially detect one
SDP, the signals from all other concurrent transmissions within
the same slot are treated as interference to the signal that
has the strongest signal strength. Applying the SIC principle
for power-domain NOMA, one or more SDP transmissions
received by the BS in the same time slot may be detected
successfully when their SINR is greater than a given threshold,
SINR = 10 dB, which is a realistic threshold obtained from
the real-life experiments performed in [31]. Upon a successful
detection, the decoded packet is subtracted from the received
signals and the detection procedure proceeds successively with

one less signal until all signals are processed.
Considering a cell with two clusters, we have determined the

probability distributions for successful detection when multiple
packets from two clusters are transmitted in the same time slot.
Table II illustrates these distributions when Ni = {0, 1, 2, 3},
i = 1, 2 , respectively. These results are reproduced from
our earlier work [6], which applied the same distance and
cluster radius configuration. Note that the table content for row
(n1, n2) and column Su is the probability that u successful
packet detections occur from the corresponding cluster, when
the number of packets transmitted in the same time slot are n1

and n2 from C1 and C2, respectively. Take state (n1, n2) =
(2, 2) as an example. When concurrent transmissions from four
devices, two from each cluster, occur, there is a probability of
22% of detecting one packet from C1 and of 7% of detecting
one packet from C2. Furthermore, the probabilities of two
packets from the same cluster being detected successfully are
4.6% and 0.1% for C1 and C2 devices respectively. Without
NOMA, these probabilities would be a zero. Based on this
observed benefit, we apply NOMA also in this study and reuse
the probability distributions of successful detection shown in
Table II.

III. RL4SCF: AN RL-ENABLED FRAMEWORK

In this section, we present the developed framework as a
whole and the constituent elements including access control,
random access modes, hash function, and SDP transmission
schemes. The RL algorithm that serves as the core for the op-
eration of the framework will be presented later in Section IV.
Four performance metrics are defined at the end of this section.

A. Framework Overview

An overview of the RL4SCF framework including the
constituent elements and the operation of the framework is
illustrated in Fig. 1. From a system composition perspective,
the framework contains: 1) a BS that performs not only
conventional 5G functions but also the new mechanism and
algorithm proposed in this study; and 2) numerous IoT devices
confined in two (or multiple) clusters spread randomly across
the cell coverage. From a network functionality perspective,
the framework 1) enhances the 5G functions by enabling RL
at the BS for the purpose of achieving best possible net-
work performance (system throughput and cluster throughput
fairness); and 2) enables devices with CB or SCF access
modes, supported through access control parameters period-
ically broadcasted by the BS.

1) RL4SCF–BS operation: The BS functions as an RL-
agent. Based on its observation on the number of successful
SDP transmissions, the BS performs RL-based optimization,
takes actions on the access probability for each cluster and the
hash seed that supports the SCF access mode, and broadcasts
the decisions periodically to all clusters.

2) RL4SCF–device operation: Devices have a micro-
controller unit (MCU) with simple computation capability.
Each device operates independently from the operation of the
other devices in the same cluster. No RL capability is required
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TABLE III: Framework overview: Components, principles, & features
Component I: RL-enabled access control and resource allocation
Principle and
features

Executed by the BS periodically and applies to access control and slot
selection for devices in both clusters that have different access probabilities

Component II: Random access and SDP transmission schemes
Principle and
features

Scheme A CB mode for C1 devices (slots
selected with equal probability)

CB mode for C2 devices (slots
selected with equal probability)

Principle and
features

Scheme B SCF mode for C1 devices
(hash-based slot selection)

CB mode for C2 devices (slots
selected with equal probability)

for the operation of devices. Nor is it needed to perform
specific signaling prior to an SDP transmission by a device.

In brief, the RL4SCF framework includes two major com-
ponents: 1) One access control and resource allocation mech-
anism that is enabled by an RL algorithm, executed at the BS;
and 2) Two SDP transmission schemes enabled by two random
access modes, executed by devices through the instructions by
the BS. In Table III, we summarize how these components
are integrated into the framework and the key features. The
main elements of the framework are presented in the following
subsections.

B. Access Control

Let W be the number of devices that transmit in a frame
which contains L time slots. Clearly, the number of successful
transmissions within the frame could be higher than L, thanks
to the enhanced data detection capability provided by NOMA.
Nevertheless, for a given frame length L, there exists an
optimum number of devices W ∗ ≥ L that can transmit in
that frame. When W > W ∗, the likelihood of occurring
data detection failure increases, then the number of successful
transmissions decreases. On the other hand, radio resources
are underutilized when W < W ∗. As a measure, imposing
access control leads to optimal network performance.

As a vital component of the RL4SCF framework, we pro-
pose a probabilistic access control mechanism that determines
W ∗ per frame and per cluster. The access control mechanism
is facilitated by an RL algorithm that runs at the BS. As the
RL-agent, the BS dynamically adapts its actions based on its
observation on system state and periodically broadcasts an
access probability ai

2 to Ci. The aim of the RL algorithm
is to make W as close to W ∗ as possible, while maximizing
a given performance objective as defined later in Section IV.

Devices with a non-empty queue are referred to as active
devices. An active device in Ci generates a random variate α,
uniformly distributed in [0, 1], and compares it with the latest
received access probability ai from the BS. If α ≤ ai , it will
transmit in the current frame and we refer to it as an active
device that transmits (ADT). Otherwise, we refer to it as an
active device forced to defer (ADD) its transmission.

Within each frame, one active device may transmit a maxi-
mum of one packet. Active devices follow the same procedure
in every frame in a memory-less manner, regardless of whether
the next packet in the buffer is a newly arrived or a backlogged
one. On the other hand, an ADD will attempt to transmit in the
next frame with the corresponding access probability received
from the BS. If a device transmits a packet but does not receive
an ACK message, it will continue the same procedure until an
ACK confirming the successful detection by the BS.

2Note that ai represents the fraction of active devices in Ci that will
transmit in the current frame.

C. Random Access Modes

Once an active device has got access permission, it must
select a single time slot in the frame to proceed with data
transmission. As explained below, two access modes are
defined in our framework and they constitute the basis for the
SDP transmission schemes presented in the next subsection.

1) CB mode: ADT devices perform simple random selec-
tion so that a single time slot is selected with equal probability
from the set of L slots in a frame. This mode offers basic
access. However, a slot selection collision occurs if the same
time slot in a frame is selected by multiple devices.

Depending on whether the devices that select the same time
slot are from different clusters or the same cluster, a slot
selection collision could lead to more serious inter- or intra-
cluster interference. From our previous studies on a similar
network scenario [6] [29], with one representative result shown
in Table II, we conclude that intra-cluster interference appears
as the most detrimental factor for NOMA-based data detection.
The table also shows that avoiding slot selection collision from
C1 devices may improve C2 SDP detections as well.

2) SCF mode: In order to diminish data detection failures,
the SCF access mode is proposed. This mode is enabled by
the execution of a hash function at the SCF devices. The hash
function aims to distribute the time slots selected by different
devices using the SCF mode as widely as possible across the
frame. As such, the number of slot selection collisions caused
from the SCF devices is dramatically reduced. Clearly, the
SCF mode provides an access service superior to the one
provided by the CB mode, leading to improved throughput,
shorter delay, and reduced energy consumption.

The SCF mode is supported by an RL algorithm that runs at
the BS and that periodically broadcasts a hash seed per cluster,
e.g., seed bi to Ci. An ADT determines the transmission time
slot by executing a hash function that requires a hash seed bi
as input, as described next.

D. Hash-based Slot Selection

This element aims at avoiding or minimizing slot selection
collision and reducing intra- and inter-cluster interference.
Clearly, under heavy traffic conditions, this function cannot
completely eliminate collisions, neither slot selection colli-
sions nor data detection failures. Then, running hash-based
function slot selection achieves the best performance when
deployed together with an effective access control mechanism.

For each cluster, the RL-agent at the BS keeps a set of
candidate seeds and finds which are the best seeds in the set,
given the current state of the network. To do this, the RL
algorithm learns the expected performance obtained by each
seed at each system state. Note that the BS does not know the
IDs of the ADTs. At a given frame, the best seed for each
cluster will be the one that leads to the greatest number of
successful transmissions.

The hash function fhash is executed by each ADT. As the
input, it takes the latest hash seed broadcasted by the BS plus
the unique ID of the ADT. As the output, it returns the slot
number for SDP transmission in the corresponding frame:

slot = fhash(bi, ID) , (2)
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where bi is the seed broadcasted to cluster Ci. As such, the
slot chosen by each ADT is jointly determined by its ID and
the hash seed. Then, each seed bi represents a mapping of the
ADTs in cluster Ci to the available slots.

For a given set of ADTs in Ci, the BS intends to find and
broadcast a seed bi that results in more favorable mapping
of devices to slots, i.e., with fewer slot selection collisions.
Note that this set of ADTs is unknown to the BS and must be
estimated by the RL algorithm. The only required property of
the hash function is that it must uniformly map the inputs over
the output range {1 . . . L}, in order to minimize slot selection
collision. This can be achieved by means of simple functions
that are well suited for execution at IoT devices with low
computation power through the built-in MCU at each device.

E. SDP Transmission Schemes

To facilitate random access and SDP data transmission in the
envisaged network scenario, two schemes have been defined in
our framework, as presented below. While Scheme A spreads
the transmissions of SDPs across slots in a frame with equal
probability, Scheme B focuses on diminishing slot selection
collisions among C1 devices.

1) Scheme A: Devices in both clusters, C1 and C2, deploy
the CB mode. However, different access probabilities might
be assigned to each of them by the PG-driven access control
algorithm. As C2 devices are located farther away from the
BS, a higher access probability is typically assigned to C2

devices to improve cluster throughput fairness among C1 and
C2 devices.

2) Scheme B: While devices from C2 still follow the CB
mode, C1 devices deploy the SCF mode. With the SCF mode,
C1 devices perceive much lower intra-cluster interference,
leading to a higher successful SDP detection rate for C1

transmissions. Devices from C2 may also perceive a reduction
in inter-cluster interference.

F. Performance Metrics

The following four performance metrics are defined.
• Cluster throughput (γi for cluster Ci) and system

throughput (γs). They are defined as the average num-
ber of packets successfully transmitted per frame by a
cluster and by the entire network including all clusters,
respectively.

• Access delay (D). It is defined as the average number
of frames it takes for a device to transmit a packet suc-
cessfully. This metric encompasses not only the frames
during which an ADD defers its transmission but also
those frames where an SDP was transmitted but the BS
failed to detect it.

• Device energy consumption (E). It is defined as the
average energy consumed by a device per successfully
transmitted SDP. It aggregates the energy consumed by
an active device: i) to transmit an SDP; ii) during re-
transmission(s); iii) for an ACK message reception upon
a successful transmission; and iv) while it defers its
transmission.

Fig. 2: PG-driven online learning: Access control and seed generation.

• Throughput fairness index Ĵ(γ1, . . . , γC). It is the
Jain’s fairness index computed as Ĵ(γ1, . . . , γC) =
(
∑C

i=1 γi)
2/(C ×

∑C
i=1 γ

2
i ), i.e., computed using the av-

erage throughput, instead of the instantaneous throughput
as defined in (13). Ĵ(γ1, . . . , γC) ∈ [1/C, 1]. Then, the
closer the Ĵ(γ1, . . . , γC) to 1, the fairer the throughput
distribution among clusters.

IV. POLICY GRADIENT SUPPORTING THE FRAMEWORK
PG algorithms learn parametrized policies that can select

actions without consulting an action-value function [8]. The
policies learned through PG are parametrized functions defin-
ing the probability of each action. In the RL4SCF framework,
the PG algorithm learns two action policies for each cluster Ci:
one for access probability ai, and the other for seed bi. Both
policies are learned simultaneously by the same RL-agent.

A. States and Actions
We define the system state s as the total number of success-

ful transmissions observed by the BS in the preceding frame,
including the successful transmissions from all clusters. Let si
denote the number of successful transmissions in cluster Ci

in the previous frame. Then s =
∑C

i=1 si. The state space is
discrete, s ∈ {0, . . . ,

∑C
i=1 Ni}.

The action is a combination of a vector of access probabil-
ities with an element ai for every cluster i, and a vector of
seeds, with an element bi for every cluster operating in the
SCF mode. The access probabilities are continuous within the
interval of [0.1, 1], while the seeds are taken from a discrete
set of candidate seeds.

B. Policy Learning
Let πi(·|s, θ⃗i), with parameters vector θ⃗i, be the access

probability policy for cluster Ci, with πi(ai|s, θ⃗i) being the
probability of access probability ai when the system state is
s. Analogously, let τi(·|s, ϕ⃗i) be the seed policy for cluster
Ci, with parameters ϕ⃗i. These policies are learned through
updating, at every step, the parameters vectors:

θ⃗i ←− θ⃗i + αθ δ ∇ log πi(ai|s, θ⃗i) , (3)

ϕ⃗i ←− ϕ⃗i + αϕ δ ∇ log τi(bi|s, ϕ⃗i) , (4)
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where αθ and αϕ are learning steps. The error δ is computed
from a learned state-value function V (s, ω⃗),

δ = r + ϵ V (snext, ω⃗)− V (s, ω⃗) , (5)

where s is the current state, snext the next state, r the reward
and ϵ a discount rate. The state-value function is linearly
approximated by V (s, ω⃗) = ω(s), where ω(s) is the s-th
element of the n-dimension vector ω⃗, and is updated by
stochastic gradient descent optimization. As all the elements
of the gradient are 0 except the s-th element, which is 1, at
state s only the s-th element of ω⃗ is updated:

ω(s) ←− ω(s) + αω δ , (6)

where αω is a learning step. Policies πi(·|s, θ⃗i) are continu-
ous probability distributions within the range of [0.1, 1]. For
them, we use log-normal distributions log a′i ∽ N (µi, σ

2)
transformed as

ai =
0.1 + a′i
1 + a′i

. (7)

A single value of the variance σ2 is fixed to tune the dispersion
of the distributions, while each mean µi is linearly approxi-
mated by µi(s, θ⃗i) = θ

(s)
i , where θ

(s)
i is the s-th element of

the n-dimension vector θ⃗i. From (3), it follows that, for state
s and action ai, only the s-th element of θ⃗i is updated:

θ
(s)
i ←− θ

(s)
i + αθ δ

log ai−0.1
1−ai

− θ
(s)
i

σ2
. (8)

Policies τi(·|s, ϕ⃗i) are discrete probability distributions with a
value at state s for each candidate seed. We apply soft-max
distributions,

τi(b
(j)|s, ϕ⃗i) =

ehi(s,b
(j),ϕ⃗i)∑

b e
hi(s,b,ϕ⃗i)

, (9)

where hi(s, b
(j), ϕ⃗i) = ϕ

(s,j)
i are parameterized with n × q-

dimension vectors ϕ⃗i, with q equal to the number of candidate
seeds. For state s and seed bi, every element (s, j) of ϕ⃗i, for
j = 1 . . . q, is updated as

ϕ
(s,j)
i ←−

{
ϕ
(s,j)
i + αϕ δ − τi(b

(j)|s, ϕ⃗i) if b(j) = bi

ϕ
(s,j)
i − τi(b

(j)|s, ϕ⃗i) if b(j) ̸= bi .
(10)

C. Rewards

Two reward functions are defined. While the goal of the first
reward function is to maximize the number of packets that can
be successfully transmitted per frame, the second one intends
to achieve certain degree of fairness among clusters.

Reward function r(1) is the total number of successful
transmissions in the previous frame:

r(1)(s1, . . . , sC) =

C∑
i=1

si = s . (11)

As an alternative to promote fairness in terms of throughput
among clusters, we define reward function r(2) as

r(2)(s1, . . . , sC) = r(1)(s1, ..., sC) J(s1, . . . , sC) , (12)

Algorithm 1: Implementation of the PG Algorithm
1 Set learning steps αθ, αϕ, αω

2 for each cluster i do
3 Initialize access probability policy πi: θ⃗i ← 0⃗

4 Initialize seed policy τi: ϕ⃗i ← 0⃗

5 Initialize state-value function V : ω⃗ ← 0⃗
6 Initialize state: s← 0
7 for each step do
8 for each cluster i do
9 Choose access probability ai ∽ πi(·|s, θ⃗i)

10 Choose seed bi ∽ τi(·|s, ϕ⃗i)
11 Broadcast ai and bi

12 Transmit and observe successes
13 Set next state: snext= successes
14 Compute reward: r = reward(successes)
15 Compute error: δ = r + ϵ V (snext, ω⃗)− V (s, ω⃗)
16 for each cluster i do
17 Update πi: θ⃗i ← θ⃗i + αθ δ ∇ log πi(ai|s, θ⃗i)
18 Update τi: ϕ⃗i ← ϕ⃗i + αϕ δ ∇ log τi(bi|s, ϕ⃗i)

19 Update V : ω⃗ ← ω⃗ + αω δ V (s, ω⃗)
20 s← snext

TABLE IV: PG hyper-parameters

Parameter Symbol Value

Learning step for state-value function αω 0.001
Learning step for ai policy αθ 0.001
Learning step for bi policy αϕ 0.01
Number of states n number of total devices +1
Number of candidate seeds q 10
ai policy standard deviation σ 0.1
Discount rate ϵ 0.5

where J(s1, . . . , sC) is the instantaneous Jain’s fairness index
obtained solely based on the observed number of successes in
the preceding frame,

J(s1, . . . , sC) =
(
∑C

i=1 si)
2

C
∑C

i=1 s
2
i

. (13)

V. IMPLEMENTATION OVERVIEW

In this section, we first summarize the implementation of
the RL-enabled access control mechanism at the BS and slot
selection through hashing by devices and then explain how
energy consumption for a device is calculated.

A. Implementation of the PG Algorithm

Alg. 1 illustrates how PG-based access control is imple-
mented. This algorithm is continuously running at the BS and
taking actions in real-time, in a frame-by-frame manner or at
a configurable update interval that may cover multiple frames.
In Table IV, we present a list of hyper-parameters and their
values that are adopted in our implementation.

B. Implementation of the Hash Function

The hash function (2) adopted by the devices has been
implemented using the random number generator rand(),
which is a function that generates pseudo-random integers
with minimal computational cost and this function is available
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TABLE V: Parameters for energy consumption calculation [32]

Parameter Value Unit Parameter Value Unit

Slot duration 20 ms Transmit power 200 mW
Packet size 128 bytes Reception current 35 mA
ACK size 16 bytes Idle current 2.7 µA
Data rate 60 kbps Voltage 3.7 volt

in any programming language. Each device at cluster Ci

calculates the slot as

srand(bi + ID) , (14)
slot = rand(L), (15)

where, as previously defined, bi is the hash seed broadcasted
by the BS to cluster Ci, ID is a unique identifier of the device,
and L is the number of time slots in one frame.

To compute the time slot assignment for a device, its initial
state is set to be (bi + ID) and the slot assigned to the device
is obtained by rand() mod L. This time slot assignment
procedure does not lead to random mapping but achieves
ultimately a hash table that maps devices to time slots within
the interval of [1, L], with the lowest number of collisions for
the current set of transmitting devices.

C. Device Energy Consumption Calculation

We consider that a device may transmit several times across
multiple frames before its transmission is acknowledged by the
BS as successful through an ACK message. For a successful
transmission, both SDP transmission and ACK reception occur
inside one slot [4].

Denote respectively by Ptx and Prx the transmission and
the reception power for a device, Ttx the transmission time
for one SDP, Trx the reception time for ACK, Tslot the slot
duration, Ntot the total number of attempts for one successful
transmission among which Ntot−1 failed and one succeeded,
and Nidle the number of frames that an ADD defers its
transmission. Then the total energy consumed by a device per
successfully transmitted SDP, Etot, is calculated as follows.

Etot = PtxTtxNtot + PrxTrx + PidleTslotLNidle. (16)

In the above expression, which does not rely on any specific
type of IoT devices, we assume that the energy consumed
during the interval between a successful data packet trans-
mission and its ACK message reception inside the same time
slot is negligible. Furthermore, the power consumed by a
device in the idle state, Pidle, is typically three orders of
magnitude lower than the power consumed while transmitting
and receiving.

As a realistic example, we provide in Table V a list of
parameters and values that are adopted in our energy con-
sumption calculations [32]. In this example, the slot duration is
configured as 20 ms as it requires (128 + 16) bytes×8/60 kbps
= 19.2 ms to transmit an SDP and receive its corresponding
ACK message upon a successful transmission. Note however
that these parameters are configurable and the operation of
our schemes is irrelevant to the slot or frame duration. The
numerical results reported in Section VI are the mean values of
per device energy consumption averaged over all successfully
transmitted SDPs.

TABLE VI: Physical layer and network configuration

Parameter Value Parameter Value

Number of clusters (C) 2 Standard deviation for
shadow fading

8 dB

C1 to BS distance (d1) 450 m Receiver sensitivity -104 dBm
C2 to BS distance (d2) 900 m No. of devices/cluster (N ) {8; 16; 32}
Cluster radius 25 m No. of slots/frame (L) {4; 8; 16}
SIC SINR threshold (β) 10 dB Arrival probability (λ) [0.1,...,1]
Antenna height (g) 30 m Noise power spectral den-

sity (η2)
-174
dBm/Hz

VI. NUMERICAL RESULTS AND DISCUSSIONS

In this section, we first explain the different network config-
urations that have been designed to assess the benefits that the
RL4SCF framework can bring on network performance. Then,
we present and discuss the performance evaluation results that
are obtained through extensive simulations.

A. Network Configuration

The RL4SCF framework illustrated in Fig. 1 has been
implemented based on a custom-built simulator we have
developed using Java. The implemented network supports a
single-cell network with a number of static devices uniformly
distributed across two distinct clusters.

To evaluate the performance of the framework, we assume
that packet arrivals to devices follow a Bernoulli distribution
with an arrival probability per frame λ ∈ [0.1, 1]. Note that
any other arrival distribution or arrival pattern may also be
applied for performance evaluation.

We define different network configurations, where the num-
ber of devices per cluster, N1 or N2, increases as the number
of time slots per frame L becomes larger. For the numerical
results reported in this paper, the following configuration
parameters have been adopted, namely, L = {4, 8, 16} and
N1 = N2 = {8, 16, 32} respectively. For simplicity, we refer
to a specific network configuration by a tuple {L;N1 +N2}.
For a complete definition of the physical layer and network
configuration parameters adopted along the performance eval-
uation process, please refer to Table VI.

B. System and Cluster Throughput in Scheme A

In Scheme A, with both clusters operated in the CB mode,
we evaluate: 1) the benefit of introducing access control;
2) how close our access control mechanism can approach
an upper-bound throughput benchmark; 3) scalability of the
framework; and 4) the impact that the reward function has on
the pursued performance objectives.

1) System throughput with and without access control: For
comparison purposes, we illustrate in Fig. 3 the throughput
achieved both by Scheme A and another reference scheme,
referred to as without access control (wac), in which the access
control mechanism in RL4SCF is disabled. For wac, neither
access control nor CB or/and SCF modes are introduced.

Fig. 3 depicts the variation of the obtained system through-
put (γs) and cluster throughput (γi) with the traffic load (λ).
For the purpose of comparison, a curve (in violet) representing
the system throughput under the same network configuration
obtained from our earlier work [29] which performed a QL-
based access scheme is also kept in this figure.
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(a) {4; 8 + 8}. (b) {8; 16 + 16}. (c) {16; 32 + 32}.

Fig. 3: Throughput in Scheme A when reward function r(1) is adopted.

(a) {4; 8 + 8}. (b) {8; 16 + 16}. (c) {16; 32 + 32}.
Fig. 4: Throughput in Scheme A when reward function r(2) is adopted.

Before the saturation point, the achieved throughput in-
creases with the traffic load for all the evaluated schemes.
Without access control, a significant decline in system and
cluster throughput is observed when λ > 0.3. Clearly, the
benefit of applying access control becomes evident when the
traffic load grows to a certain level (λ > 0.3), as observed in
Fig. 3 for all the three network configurations.

2) System throughput versus upper-bound benchmark:
The throughput upper-bound benchmark (the green curve in
Fig. 3) is obtained through exhaustive search of the access
probabilities that lead to the maximum system throughput for
each load level.

Despite the fact that the access probability policies deter-
mined by the PG and QL algorithms are computed based on
the partially observed system state information, both of them
lead to superb performance. In terms of system throughput, the
ones achieved by the PG algorithm proposed in this work and
the QL algorithm that was obtained from [29] are quite close
to the system throughput benchmark which is the performance
upper-bound.

3) Throughput fairness: In Fig. 4, we focus on the through-
put achieved by each cluster for the same network config-
urations studied above. In this figure, we also include the
system throughput as a reference and refer to the cluster
throughput achieved by RL4SCF as PG. As it is evident, the
difference between the cluster throughput of the two clusters
becomes much smaller when reward function r(2) is adopted,
compared to the difference between the ones shown in Fig. 3a),
where function r(1) was used. Correspondingly, the fairness
indexes Ĵ(γ1, γ2) for λ = 1.0 achieved in Fig. 4 are 0.998,

0.996, and 0.996 for the three studied network configurations,
{4; 8+8}, {8; 16+16}, and {16; 32+32}, respectively. These
values indicate that with r(2) near-perfect throughput fairness
between the two clusters has been achieved, demonstrating the
effectiveness of the proposed PG algorithm.

In contrast, the fairness indexes3 shown in Fig. 3 that are
obtained for the same network configurations when λ = 1.0
are 0.545, 0.559, and 0.560, respectively. Clearly, when the
goal of the PG algorithm is to maximize system throughput,
the throughput fairness is considerably penalized.

However, when the PG algorithm intends to maximize
cluster throughput fairness using r(2), the system throughput
in the three studied network configurations when λ = 1.0 are,
respectively, 8.26%, 6.01%, and 6.78% lower than the ones
obtained based on reward function r(1) under the same traffic
load. In other words, cluster throughput fairness is achieved
at the cost of merely a minor system throughput decrement.

C. System and Cluster Throughput in Scheme B

Having investigated the performance of the PG-driven ac-
cess control mechanism in terms of throughput and fairness
in Scheme A, we focus in this subsection on evaluating the
impact that hashing has on system performance in Scheme B,
with cluster C2 in the CB mode and cluster C1 in the SCF
mode. As above, the metrics used to evaluate this impact are
throughput and throughput fairness. The results are displayed
in Fig. 5 and Fig. 6, respectively.

3For illustration clarity, we do not depict the cluster throughput in Fig.3b)
and Fig.3c). Nor in Fig.5b) and Fig.5c).
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Fig. 5: Throughput in Scheme B when using reward function r(1).
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Fig. 6: Throughput in Scheme B when using reward functions r(1) and r(2).

1) The benefit of hashing on system throughput: Let us
first assess the benefit brought by the hash function when
employing the radio resource allocation algorithm supported
by the execution of a hash function at the devices, with the
system throughput for all the three network configurations
illustrated in Fig. 5. In this figure, by PG(SA) (in red) and
PG(SB) (in blue) we refer to the system throughput achieved
by Scheme A and B, respectively, when reward function
r(1) is deployed. As in Scheme A, the green curve in this
figure represents a system throughput benchmark in Scheme
B when r(1) is adopted. Here, the throughput upper-bound
benchmark has been obtained by exhaustive search of the
access probabilities and the hash seeds, assuming that the BS
has complete knowledge of the system state and the IDs of all
ADTs in the cell. This knowledge allows the BS to configure
the access probability and seed values in a way that maximize
system throughput. However, it is noteworthy to clarify that
this benchmark represents an ideal upper-bound on system
performance rather than an optimal solution, as it cannot be
achieved in a real-life deployment scenario.

In Fig. 5a), we still keep the curve labeled as wac to show
that the proposed PG-driven access control mechanism brings
a huge benefit. Clearly, the system throughput in Scheme
B is substantially higher then the one in Scheme A. In
particular, it is 28.70%, 26.65%, and 24.30% higher for the
three network configurations when λ = 1.0, respectively,
contributing significantly to improved total system throughput.

2) Throughput fairness: In Fig. 6, we compare the cluster
throughput fairness achieved in Scheme B when deploying
reward functions r(1) and r(2). We denote by PG

r(n)
γm , n =

1, 2 , m = s, 1, 2 , the corresponding throughput achieved for
the whole system, by cluster C1 or C2, respectively.

Clearly, with r(1), higher system throughput and C1 cluster
throughput are achieved. On the other hand, when r(2) is
adopted, we obtain much better throughput fairness. More
specifically, the achieved fairness index values with r(2) are
0.98, 0.97, and 0.99 for the three network configurations when
λ = 1.0, respectively.

However, the improved throughput fairness is obtained at
the cost of lower system throughput. When deploying reward
functions r(2), the observed system throughput reductions
when λ = 1.0 are 20.90%, 19.78%, and 19.64% , respectively,
in comparison with the ones obtained when deploying r(1).
Note, however, that the system throughput with r(2) is higher
in Scheme B than in Scheme A. In general, which reward
function to adopt depends on the service requirements.
D. Access Delay

1) Access delay when reward function r(1) is adopted:
As defined in (11), the main goal of reward function r(1) is
to maximize system throughput, regardless of the achieved
throughput fairness index. In pursuit of this goal, the PG
algorithm assigns a higher access probability to C1 devices
than to C2 devices, as the first ones are closer to the BS than
the second ones. Then, C1 devices achieve lower and more
stable delays under all traffic load conditions and across all
network configurations, as shown in the pink and green bars
in all three sub-figures in Fig. 7. On the other hand, devices
in C2, with a lower access probability, perceive longer delays
per successfully SDP transmission.

When comparing the access delay achieved in Schemes A
and B, it is clear that C2 devices achieve comparatively longer
delays in Scheme B than in Scheme A. As explained above,
the RL algorithm assigns an even higher access probability to
C1 devices in Scheme B than in Scheme A, as C1 devices in
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Fig. 7: Access delay when using reward function r(1) under light, medium, and heavy traffic load.
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Fig. 8: Access delay when using reward function r(2) under light, medium, and heavy traffic load.

Scheme B adopt the SCF access mode, resulting in substan-
tially improved successful detection rate. This leads to a small
delay reduction for packets from C1 devices in Scheme B than
in Scheme A. However, packets from C2 devices in Scheme
B experience a substantially longer delay than in Scheme A.

2) Access delay when reward function r(2) is adopted:
Different from r(1), reward function r(2) defined in (12) aims
to achieve throughput fairness across clusters. Accordingly,
balanced access delays among devices from different clusters
may be achieved.

When comparing the results in Fig. 7 and Fig. 8, we
reveal that much shorter access delay differences between
clusters have been achieved by using reward function r(2) than
when using r(1), in both evaluation schemes and for all the
investigated network configurations and traffic load conditions.
Take network configuration {8; 16 + 16} and medium traffic
load, λ = 0.6 , as an example. In Scheme A, C1 and C2

devices achieve an access delay (marked in pink and blue in
Fig. 7b) and Fig. 8b), respectively) of 3.51 and 29.22 frames
with r(1), versus 6.36 and 8.15 frames with r(2). However,
this delay fairness improvement is achieved at the expense of
C1 devices experiencing longer delay. In other words, 3.58
times shorter delay has been experienced by C2 devices at the
cost of 1.81 times longer delay experienced by C1 devices.
With the same network configuration {8; 16 + 16} and traffic
load λ = 0.6 but using Scheme B, where C1 and C2 devices
deploy the SCF and CB modes, respectively, devices in C1

enjoy 2.00 times shorter access delay than C2 devices at the
cost of 8.12 times longer access delay for C2 devices (marked
in green and red in Fig. 7b) and Fig. 8b), respectively).

E. Device Energy Consumption

In Table VII, we present the average energy consumed by
a device per successfully SDP transmission, where E1 and
E2 represent the per device energy consumption averaged
across all the devices in C1 and C2 and frames throughout the
simulation, respectively. In general, a C1 device consumes less
energy than a C2 device does for all the investigated network
configurations and traffic load conditions. Clearly, C1 devices,
being closer to the BS, require less number of attempts to
complete a successful SDP transmission than C2 devices do.

For a fixed traffic load, the energy consumed by both C1 and
C2 devices increases moderately with network size. Although
the ratio of the number of radio resources (time slots) in a
frame per device is maintained identically for all the studied
network configurations, more active devices per frame in a
larger network induce higher interference.

1) Energy consumption, Scheme A versus Scheme B:
Comparing the energy consumption in Schemes A and B for a
given network size and load, we reveal that, in Scheme B, C1

device consumption is lower, while C2 device consumption is
higher than in Scheme A. In Scheme B, C1 devices employ
the SCF mode, enjoy less intra-cluster interference and, then,
less transmission attempts per successful SDP transmission,
resulting in less energy consumption. On the other hand,
the fact that C1 devices are closer to the BS creates higher
interference on C2 devices, than vice versa. This effect is more
acute when the BS runs r(1) as, in Scheme B, the PG algorithm
perceives a higher successful detection rate for C1 devices and
increases its access probability with respect to Scheme A.
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TABLE VII: Per device energy consumption (in mJ) in Scheme A

λ
Reward function r(1) Reward function r(2)

{4; 8 + 8} {8; 16 + 16} {16; 32 + 32} {4; 8 + 8} {8; 16 + 16} {16; 32 + 32}
E1 E2 E1 E2 E1 E2 E1 E2 E1 E2 E1 E2

0.2 8.75 18.03 9.30 18.71 10.21 19.44 8.80 18.12 9.34 18.74 10.26 19.51
0.6 10.87 23.91 12.20 23.37 13.84 26.01 11.29 24.30 12.53 25.77 12.98 26.03
1.0 12.53 25.00 13.66 27.34 15.41 28.03 11.89 25.90 12.28 26.31 13.19 27.19

TABLE VIII: Per device energy consumption (in mJ) in Scheme B

λ
Reward function r(1) Reward function r(2)

{4; 8 + 8} {8; 16 + 16} {16; 32 + 32} {4; 8 + 8} {8; 16 + 16} {16; 32 + 32}
E1 E2 E1 E2 E1 E2 E1 E2 E1 E2 E1 E2

0.2 7.28 17.29 8.15 19.55 9.57 19.96 7.54 17.76 9.13 20.58 11.84 26.70
0.6 8.90 32.70 10.77 29.01 12.75 27.89 9.30 25.47 10.30 27.35 11.78 27.19
1.0 9.30 33.10 11.43 39.25 13.97 36.52 9.24 24.80 10.94 27.66 12.09 27.86

Take network configuration {8; 16 + 16}, running r(1)

and medium traffic load, λ = 0.6, as an example. Let
NX

tot(r
(i), Ci), X = A,B , i = 1, 2 , be the average number

of required transmission attempts per successful SDP trans-
mission for a Ci device in Scheme X when the BS runs r(i).
We obtain that NA

tot(r
(1), C1) = 3.17 and NB

tot(r
(1), C1) =

2.62. Then, the energy consumed by C1 devices in Scheme
B is 11.7% lower than in Scheme A. We show also that
NA

tot(r
(1), C2) = 6.79 and NB

tot(r
(1), C2) = 8.46. Then, the

energy consumed by C2 devices in Scheme B is 24.6% higher
than in Scheme A.

As mentioned previously, the energy consumed by C2

devices is higher than the one consumed by C1 devices.
For {8; 16 + 16} and λ = 0.6, we find that, in Scheme
A, NA

tot(r
(1), C1) = 3.17 and NA

tot(r
(1), C2) = 6.79. Then,

the energy consumed by C2 devices is 91.6% higher than
the one consumed by C1 devices. We also illustrate that
NB

tot(r
(1), C1) = 2.62 and NB

tot(r
(1), C2) = 8.46, and the

energy consumed by C2 devices is 169.4% higher than the
one consumed by C1 devices in Scheme B.

2) Energy consumption, r(1) versus r(2): In Scheme A,
the energy consumed by C1 and C2 devices does not change
significantly no matter the BS runs r(1) or r(2), except for
large network sizes, where the energy consumption slightly
decreases when the BS runs r(2) instead of r(1). In Scheme
B, the energy consumed by C1 devices follows a similar trend.

The energy consumed by C2 devices in Scheme A increases
when the BS runs r(2) instead of r(1). However, in Scheme B,
it decreases when the BS runs r(2) instead of r(1). When the
BS runs r(2), the objective of the PG algorithm is to maximize
cluster throughput fairness, and this is achieved by reducing
the access probability to C1 devices. In Scheme A, the higher
power level of C1 with respect C2 SDP signals received by
the BS, together with the random time slot selection of active
C1 and C2 devices, have a higher impact on the inter-cluster
interference perceived by C2 devices than the fact that C1

devices are assigned a lower access probability. However, in
Scheme B, C1 devices deploy the SCF access mode that
helps to evenly spread SDP transmissions over different time
slots. As a consequence, C2 devices perceive less inter-cluster
interference and their successful detection rate increases when

the BS runs r(2) instead of r(1).
Take network configuration {8; 16+16} and medium traffic

load, λ = 0.6, as an example. We find that, in Scheme A,
NA

tot(r
(1), C1) = 3.34 and NA

tot(r
(2), C1) = 3.43. Then, the

energy consumption of C1 devices when the BS runs r(2) is
2.7% lower than when running r(1). We reveal further that, in
Scheme B, NB

tot(r
(1), C1) = 2.62 and NB

tot(r
(2), C1) = 2.51.

Then, the energy consumption of C1 devices when the BS
runs r(2) is 4.4% lower than when running r(1).

Moreover, we illustrate that, in Scheme A, NA
tot(r

(1), C2) =
6.79 and NA

tot(r
(2), C2) = 7.36. Then, the energy consumption

of C2 devices when the BS runs r(2) is 10.3% higher than
when running r(1). For comparison, we obtain in Scheme B
NB

tot(r
(1), C2) = 8.46 and NB

tot(r
(2), C2) = 7.56. Then, the

energy consumption of C2 devices when the BS runs r(2) is
5.7% lower than when running r(1).

In summary, the most favorable configuration for reducing
energy consumption is Scheme B with the BS running r(2).
Here, the energy consumed by C1 devices is the lowest one.
While the energy consumed by C2 devices is approximately
the same as in Scheme A, either running r(1) or r(2), it is lower
than the one consumed in Scheme B with the BS running r(1).

VII. FEASIBILITY AND OPERABILITY

In this section, we further explore six other aspects that
may have an effect on or are related to the feasibility and
operability of the developed RL4SCF framework.

A. Optimality

By comparing the system throughput achieved in Scheme A
with the system throughput benchmark in Fig. 3, we conclude
that quasi-optimal performance has been achieved by the
proposed PG algorithm. When observing the corresponding
results for Scheme B in Fig. 5, we notice that the achieved
system throughput is below the benchmark for some network
configurations. This result is in accordance with the operation
principle of Scheme B, as multi-dimensional policies have to
be learned online simultaneously when running both SCF and
CB, making the optimization problem more challenging with
a larger network size.

Considering that the PG-agent in our framework is purely
model-free and actions are taken solely based on the agent’s
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updating intervals; (c) Throughput: Hashing for both.

partial knowledge on system state, we ascertain that feasibility,
operability, and excellent performance have been achieved by
the proposed PG-driven access control and resource allocation
mechanism for SDP transmissions.

B. Convergence

To provide an insight into the convergence time of the RL-
enabled control mechanism, we reveal in Fig. 9a) the evolution
of the average system throughput over time, obtained based on
Scheme B, from a cold start and also from an abrupt transition
of the traffic load. The average throughput is measured in a
time window of 104 frames, and the plot illustrates the average
values based on 10 runs. The blue line is the throughput
from a cold start, with the policy parameters θ⃗i and ϕ⃗i set
to 0, and with the arrival probability to all devices set, for
consistency and uniformity, to λ = 0.6. The red line is the
system throughput from a cold start with λ = 0.2 until frame
2 · 106, the moment at which λ = 0.6.

From a cold start, more than 90% of the gain is achieved
around the 2 · 105 frame, and after that the gain converges
slowly to the maximum. This can be seen in the blue line, for
the high load case, and in the red line up to frame 2 · 106, for
low load. The green arrows show the maximum throughput
gains relative to transmission without access control. As can
be observed, the system takes longer time to converge from a
previously learned behavior than from a start with the policy
parameters set to zero. However, it is worth noting that this
experiment examines an extreme case, in which the load
changes instantaneously on all devices from a very low value
to a very high value. In a more realistic scenario, the system
load would likely change more smoothly.

C. Periodicity of BS Broadcasts

In the numerical results presented above in Section VI, the
BS broadcasts an access probability and a hash seed per cluster
once every K = 1 frame. However, it is worth clarifying that
the BS broadcast periodicity in the RL4SCF framework can
be set to any other value by appropriately configuring K.

As an example, we investigate in Fig. 9b) how a longer
updating and broadcast interval would affect performance and
convergence time, by illustrating the evolution of the average
system throughput over time in Scheme B, for updating
intervals configured as K ∈ {1, 5, 10} frames respectively. The
results reveal that the algorithm converges faster with a shorter
updating and broadcast interval, i.e., a smaller K.

D. Complexity and Scalability

In a general sense, the complexity of the PG algorithm
(Alg. 1) is affected by two factors related to network size,
as explained below:

- Number of time slots. Let S be the state space and |S| its
cardinality. Then, |S| = fL+1, with L being the number
of time slots allocated for SDP transmissions and f being
the maximum number of SDP successful detections per
time slot. Note that f will take a small value as in the
studied network configurations. For each cluster Ci, the
access probability policy πi(·|s, θ⃗i) has to maintain and
update a parameter vector θ⃗i with |S| elements. Each seed
policy τi(·|s, ϕ⃗i) has to maintain and update a parameter
vector ϕ⃗i with |S|×q elements, with q being the number
of candidate hash seeds. Also, the parameter vector ω⃗ in
the state-value function V (s, ω⃗) has |S| elements.

- Number of clusters C. For each cluster, two policies are
required: πi for the access probability and τi for the seed
for cluster Ci.

Additionally, each of these policies is composed of a set of
independent policies, one for each cluster. Thus, the domain of
each of the functions to be learned (the policies) is discrete and
one-dimensional, with size n (number of states), which in turn
depends solely on the number of active devices. Therefore, the
complexity of Alg. 1, in terms of memory size and processing
time, grows only linearly both with the number of time slots
and with the number of clusters, demonstrating the scalability
of the developed RL-enabled mechanism for access control
and data transmission of uplink IoT traffic.

In contrast, conventional RL methods require to learn and
use a state-action-value function, and the domain dimension of
this function grows with the number of clusters. Furthermore,
the action space must be discretized. Therefore, the number of
elements in the domain of the state-value function would be
n× PC × qC , where q is the number of candidate seeds and
P is the number of access probabilities resulted in from the
discretization of the interval [0 1]. Furthermore, the selection
of actions requires a search, which is generally not efficient, in
the state-action-value function. Consequently, these methods
exhibit higher complexity in terms of both memory size
and processing time, and this complexity potentially grows
exponentially with the size of the problem, limiting their
scalability.
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E. Applying Hashing to C2 Devices

We are also interested in investigating the performance of
the proposed framework when the SCF mode is applied to
C2 devices as well. This is because we expect that a hashing-
based slot selection by C2 devices will lead to significantly
lower intra-cluster interference and slightly less inter-cluster
interference to C1 transmissions.

When reward function r(1) is adopted, the results are almost
identical to those shown in Fig. 5 that are obtained when only
C1 devices deploy the SCF mode. The reason for this behavior
is straightforward. The BS receives weaker signals from C2

devices than from C1 devices. Accordingly, the successful SIC
detection rate of SDPs from C2 devices is largely dependent on
the absence of any concurrent transmission from C1 devices.
Then, even when the activities of C2 devices produce lower
intra- and inter-cluster interference, its impact is faded away
by the signal strength of C1 devices. Clearly, when r(1) is
adopted, C1 devices will still be assigned a much higher access
probability than C2 devices.

In this line, we expect that when reward function r(2) is
adopted for the purpose of improving throughput fairness,
the impact of configuring C2 devices with the SCF mode
will be more noticeable. Taking network size {4; 8 + 8}
as an example, we illustrate in Fig. 9c) the obtained clus-
ter and system throughput. The curves in blue (labeled as
PG{SB(C1, C2)}γ, etc.) represent the throughput when both
C1 and C2 devices run the SCF mode, whereas the curves in
red (labeled as PG{SB(C1)}γ, etc.) represent the throughput
when only C1 devices run SCF. With r(2), C1 devices are
assigned lower access probabilities than with r(1). Then,
with lower concurrent transmission from any C1 device, slot
allocation through hashing substantially reduces intra-cluster
interference and increases the successful SDP detection rate
from C2 devices, as shown in the γ2 curves in Fig. 9c).

Although not shown explicitly herein, an additional benefit
of running the SCF mode in both clusters is a reduction of
energy consumption. On average, C1 and C2 devices observe
a relative energy consumption reduction of 20.5% and 18.4%,
respectively.

F. Applicability to Multiple Clusters

This study focuses on a network scenario considering that
devices in a cell covered by the same beam are confined into
two clusters and our access control and SDP transmission
schemes deal with both intra- and inter-cluster interference.
When more than two clusters exist in the same cell, inter-
cluster interference would increase significantly. Specifically,
the performance of devices located in the farthest cluster(s)
from the BS would likely deteriorate due to higher path loss
combined with increased interference. As a consequence, it
would become much more difficult for the SIC procedure to
effectively distinguish and detect data packets successively.

Such a problem in NOMA networks is indeed well known
in the research community. To solve this problem, various user
pairing and clustering strategies have been proposed (see e.g.,
[18] [20] [34] [35] [36] [37]). Once coupled with a proper
cluster paring algorithm, the proposed framework is inherently
scalable and can be extended to accommodate multiple clusters

in larger network deployments. However, developing any other
cluster pairing strategy or algorithm beyond the location-based
clustering is outside the scope of this paper.

VIII. CONCLUSIONS AND FUTURE WORK

In this paper, we have presented an RL-enabled frame-
work for SDP transmission tailored to uplink traffic in
clustered NOMA-facilitated IoT networks, supporting hybrid
contention-based and semi-contention-free access modes. As
the core component of the framework, the BS, as an RL-agent,
performs online learning through a policy gradient algorithm.
It computes access probabilities for both access modes to
maximize system throughput or achieve throughput fairness
among clusters. Also, it computes hash seeds to support the
semi-contention-free access mode operation. When a device
operates in the semi-contention-free mode, it reduces both
intra- and inter-cluster interference. To operate the RL4SCF
framework, no assumption on the state of the system (number
of active devices) is required at the BS. Nor is it necessary for
the BS and devices to perform any protocol handshake prior
to a data transmission. IoT devices only need to execute a
lightweight hash function and to perform simple computations
based on the seed and access probability that they receive from
the BS periodically.

By illustrating various numerical results in terms of four
performance metrics, we showcase not only the operability
and efficiency but also the scalability and feasibility of the
RL-enabled solution for random access and SDP transmission
in B5G IoT networks. The findings of this study include: 1) It
is beneficial to integrate SCF with CB for SDP transmission
and which combination to apply depends on service require-
ments; 2) The proposed framework exhibits robust and stable
performance, being able to achieve quasi-optimal or excellent
performance in the investigated network configurations; and
3) The complexity of our developed framework is low and the
access modes scale well with network size. For devices, light
computation capacity suffices. As our future work, we regard
integrating more precise physical layer models, developing
cluster pairing algorithms, and applying other RL algorithms
into the framework as potential directions.
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Notation Description
C Total number of cluster
Ci Cluster i
Di

j Device j in the cluster Ci

Ni Total number of devices in Cluster Ci

yn Total received signal at the BS in the n-th time slot
I (i, j, n) Indicator function that is 1 when Di

j transmits in the
n-th time slot, and 0 otherwise

Hi
j Complex channel gain vector between Di

j and BS
xi
j Transmitted signal by device Di

j

W Number of devices that actually transmit in a frame
L Total number of time slots in a frame
E Device energy consumption
ai Access probability for cluster Ci

bi Seed for cluster Ci

γi Throughput for cluster Ci

γs Total system throughput
J(...) Jain’s fairness index
s System state
si Total number of successful transmissions in Ci

snext System state in the next frame
r Immediate reward received after transition
πi(ai|s, θ⃗i) Probability of access probability ai for state s

θ⃗i Parameters vector of the access policy for cluster Ci

τi(bi|s, ϕ⃗i) Probability of selecting seed bi in state s for Ci

ϕ⃗i Parameters vector of the seed policy for cluster Ci

ϕ
(j)
i j-th element of the parameter vector ϕ⃗i

αθ Learning rate for updating θ⃗i
αϕ Learning rate for updating ϕ⃗i

δ Temporal-difference error or learning signal
V (s, ω⃗) State-value function at state s with parameters ω⃗
ω⃗ Parameter vector for value function, dimension n

(number of states)
ω(s) s-th element of vector ω⃗; value estimate for state s
αω Learning rate for updating ω⃗
q Number of candidate seeds for each cluster
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