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1 Introduction

1.1 Background and Motivation

Sixth-generation (6G) wireless networks, targeted for commercial deployment around 2030,
are expected to support device densities of up to 103 devices/km?, driven primarily by mas-
sive Machine-Type Communication (mMTC) and its ultra-massive evolution (umMTC) [7, 8].
Application domains include smart manufacturing, industrial loT, autonomous transporta-
tion, precision agriculture, and immersive healthcare, all of which impose heterogeneous,
often conflicting demands on the network infrastructure [9]. In response, international
bodies (ITU-R and 3GPP) have defined expanded capability requirements for IMT-2030
that explicitly encompass both performance and sustainability, i.e., not merely how many
devices can be connected, but how efficiently and reliably each connection can be sus-
tained under stringent energy and interference constraints [10, 11, 12, 13].

Fig. 1 summarizes the main design challenges in 6G and illustrates the mMTC ecosystem
with highly dense connectivity among heterogeneous devices and services. Within such
environments, ensuring reliable, energy-efficient, and secure connectivity demands archi-
tectural solutions that can operate under stringent resource constraints while adapting to
highly variable traffic and interference conditions[14].

6G Challenges & mMTC Ecosystem

mMTC in 6G Ecosystem
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Figure 1: Overview of major 6G design challenges and the mMTC ecosystem. Key challenges that
shape next-generation communication systems include sustainability constraints, advanced hardware
design requirements, power-efficiency considerations, and increasing pressure on the radio spectrum.
These issues intersect with essential concerns related to privacy and security, particularly as networks
evolve to support dense, heterogeneous deployments of loT devices (mMMTC) and industrial, healthcare,
agricultural, and UAV-enabled services.

This combination of scale, reliability, and energy efficiency makes the 6G mMTC problem
fundamentally different from challenges found in earlier network generations. From 1G to
4G, cellular systems were designed to optimize essentially one performance dimension
at a time, either voice quality, data rate, or spectral efficiency [15]. Fifth-generation
(5G) NR took a step toward multi-dimensional design by defining three service classes
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(eMBB, URLLC, and mMTC), but the mMTC implementation in 5G (realized through NB-
loT and LTE-M) remains constrained by signaling overhead, uncoordinated interference,
and the absence of a joint framework for optimizing energy efficiency and connectivity
simultaneously. The transition to 6G therefore requires a qualitatively different approach
to radio resource management (RRM), i.e., one that treats EE and massive connectivity
not as separate objectives to be traded off in a fixed way, but as jointly optimizable targets
within a single, coherent framework [16].

Achieving this goal is not trivial because the objectives conflict. Serving more devices
simultaneously requires more aggressive spectrum reuse, which amplifies inter-device
interference and drives up power consumption. Increasing transmit power to improve
coverage and reliability, especially at the cell edge, reduces EE. Allocating resources conser-
vatively to save energy limits the number of devices that can be served. These issues cannot
be resolved solely with better hardware; they are fundamental trade-offs embedded in
the physics of wireless communication and become more pronounced at the high levels of
device density envisioned for 6G [10, 12, 13]. Navigating these trade-offs efficiently is the
defining challenge of 6G mMMTC RRM [17]. RRM for massive connectivity must be designed
explicitly as a multi-objective optimization problem that balances competing goals such as
energy efficiency, connectivity, reliability, and cross-link interference.

Understanding why existing approaches fall short at handling the above requires looking
at three specific challenges that arise when attempting to perform multi-objective opti-
mization for RRM in a realistic 6G deployment.

The first challenge, i.e, interference, is the key physical-layer obstacle that makes this
multi-objective problem especially challenging in dense deployments. In a multi-cell uplink,
decisions made in one cell directly affect the interference experienced by neighboring cells;
therefore, the performance of one cell cannot be optimized in isolation. This creates a
coordination dilemma. In a non-cooperative setting, each cell schedules independently
using only local information. This is simple and scalable, but as density grows, it can lead
to decision-dependent inter-cell interference, i.e., neighboring schedulers unintentionally
reuse the same resources and raise each other’s interference floor, negatively affecting
both connectivity and energy efficiency. On the other hand, in a cooperative (coordination-
enabled) setting, cells exchange limited information (e.g., load, scheduling information,
or inter-cell interference level) to reduce the impact of uncoordinated decisions, but
this introduces real deployment constraints, i.e., signaling overhead, latency, and limited
observability, especially in decentralized architectures such as O-RAN. The core difficulty is
that coordination can improve performance, yet it is never free; any realistic solution must
justify coordination by showing that the gains outweigh its overhead and remain feasible
under near-real-time constraints [18, 19, 20].

The second challenge arises from the traffic characteristics of 6G mMTC systems, where
the vast majority of devices transmit short data bursts—such as sensor readings, control
commands, or event notifications—typically consisting of only tens to hundreds of bytes.
Under such conditions, the classical Shannon capacity formula, which assumes asymp-
totically long codewords, significantly overestimates the achievable transmission rate.
Finite block-length (FBL) information theory, formalized by Polyanskiy [21], establishes that
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short-packet transmissions incur a non-negligible rate penalty proportional to the channel
dispersion and inherently operate with non-zero decoding error probability. Consequently,
EE and connectivity formulations that neglect FBL effects may yield allocations that appear
optimal under infinite-block-length assumptions but violate practical reliability constraints
in realistic MMTC deployments. This leads to systematic mismatches between predicted
and realized reliability, as well as inflated energy consumption due to retransmissions or
conservative power compensation. Incorporating FBL constraints is not a minor refinement
but a prerequisite for ensuring physical-layer consistency and deployment credibility in
ultra-dense 6G mMTC networks.

The third challenge concerns learning-based methods, especially RL, which offer a promising
path because they can learn scheduling policies directly from interaction with dynamic
environments, rather than relying on simplified models or repeatedly solving optimization
problems. However, learning does not remove the multi-objective difficulty; it actually
amplifies it. Real networks require policies that balance several conflicting objectives at
once, and naively combining them into a single reward can hide trade-offs or produce
behavior that only works for one operating condition. Multi-objective reinforcement
learning (MORL) addresses this by treating performance as a vector of objectives and
learning policies that can navigate trade-offs. Yet MORL introduces its own challenges, i.e.,
training can become unstable when objectives conflict, policies may fail to generalize across
different operating preferences, and practical deployment constraints (limited coordination,
control-loop latency, and execution feasibility) must still be respected [22, 23]. In other
words, learning-based methods are not a shortcut; they are a powerful tool that must be
designed carefully to produce stable, controllable, and deployable scheduling behavior.

These three challenges are not independent; rather, they form a sequential continuum in
which each must be resolved before the next can be meaningfully addressed. Coordination
constitutes the first step: without mechanisms to manage decision-dependent inter-cell
interference, the uplink environment remains uncontrolled, and no optimization framework
can reliably achieve predictable EE-connectivity trade-offs. Physical-layer realism follows as
the second challenge: once interference is coordinated, the optimization framework must
accurately reflect what the physical layer can deliver under short-packet, finite-block-length
conditions, since classical Shannon-based models systematically overestimate achievable
rates and reliability in 6G mMTC traffic. Adaptability emerges as the third challenge:
after the analytical foundations are established, the framework must be extended to
operate under non-stationarity, conflicting key performance indicators (KPIs), and real-
time constraints in practical deployments. This ordered progression defines the structure
of the research problem addressed in this thesis.

Despite the importance of this research problem, to the best of my knowledge, no prior
work has jointly addressed all three challenges within a unified framework. As detailed
in Section 2, existing studies typically focus on only one dimension-either coordination
in isolation, or energy-efficiency optimization without finite-block-length constraints, or
learning-based scheduling without grounding in analytical multi-objective trade-off charac-
terization. The absence of a coherent, progressive framework that integrates coordination,
analytical multi-objective optimization under realistic physical constraints, and policy-based
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multi-objective scheduling represents the central research gap that this thesis aims to fill.

1.2 Central Research Problem

The three challenges identified above converge on a single, unified statement of the
research problem this thesis seeks to address:

How can RRM in 6G mMTC networks be designed to jointly optimize energy
efficiency and device connectivity, while operating under the realistic con-
straints of decentralized RAN architectures, finite-block-length short-packet
transmission, and dynamically evolving network conditions?

The central research problem addressed in this work is inherently multi-faceted rather
than a single isolated technical challenge. It encompasses three tightly coupled dimen-
sions: (i) a coordination challenge, which involves mitigating inter-cell interference (ICI)
in distributed O-RAN architectures; (i) a physical-layer realism challenge, which requires
the joint optimization of EE and connectivity under FBL constraints that fundamentally
alter achievable rates and reliability; and (iii) an adaptation challenge, which focuses on
designing a scheduling policy capable of responding to non-stationary network conditions
while balancing multiple conflicting KPIs.

To systematically address these intertwined challenges, the thesis decomposes the overar-
ching problem into three targeted research questions, each corresponding to a distinct
layer of the challenge hierarchy as illustrated in Fig. 2.

1.2.1 Research questions
The thesis is structured around three research questions outlined here:

RQ1 -(Coordination Layer): How can coordination mechanisms among distributed O-
DUs in O-RAN architectures be designed to mitigate inter-cell interference (ICl) and
enable scalable, energy-efficient scheduling for massive device connectivity?

RQ2 - (Physical-Layer Realism): How can multi-cell NOMA-based resource scheduling
be optimized to jointly balance energy efficiency and connectivity under realistic
constraints such as FBL transmission, dense interference coupling, and heteroge-
neous device capabilities?

RQ3 - (Adaptability): How can MORL be employed to learn a single, adaptive scheduling
policy that generalizes across preference trade-offs and dynamically responds to
time-varying network conditions in 6G systems?

These research questions collectively follow a progressive design hierarchy, in which each
layer addresses a limitation of the previous one: coordination mitigates interference,
analytical optimization characterizes trade-offs, and MORL enables real-time adaptive
decision-making. The three research questions are also aligned with the thesis map (Fig. 2,
see below), as well as with the system-model ladder in Chapter (3).

Fig. 2 provides a structured overview of the thesis, illustrating how the central problem
of multi-objective RRM in 6G is decomposed into three sequential and interdependent
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Figure 2: PhD thesis master map illustrating the unified research framework, linking the central
problem of multi-objective RRM for 6G massive connectivity with three sequential and interdependent
challenges: coordination, physical-layer optimization, and adaptability. The figure shows how these
challenges are decomposed into the corresponding research questions and addressed through the
methodological approaches developed in this thesis. It also maps each challenge to the technical
Chapters (4-6) and to the key contributions (I-VI).
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challenges: coordination, physical-layer optimization, and adaptability. The figure fol-
lows a top-down organization, starting from the overarching goal of achieving scalable,
energy-efficient, and reliable massive connectivity, and progressively narrowing to the core
scheduling and power-allocation problem addressed in this work.

The foundational components of the thesis are established in Chapters (1-3), which define
the problem context, review related work, and formalize the system model and assump-
tions. Building on this, Chapter (4) addresses RQ1 (Coordination), focusing on mitigating
inter-cell interference through inter-O-DU coordination in O-RAN environments. Chapter (5)
addresses RQ2 (Physical-layer realism), formulating and solving the joint EE-connectivity
trade-off under realistic constraints such as interference coupling and finite block-length
transmission. Chapter (6) addresses RQ3 (Adaptability), where MORL is employed to design
adaptive scheduling policies capable of operating under dynamic network conditions.
The contribution blocks associated with each chapter summarize the key research outputs
and their alignment with the corresponding research questions. The directional flow in the
figure highlights the progressive nature of the thesis, where each layer addresses a specific
limitation of the previous one, collectively forming a unified framework for sustainable
and adaptive 6G resource management.

1.3 Research Methodology

This thesis follows a design-science research methodology [24], centered on reproducible,
simulation-based experimentation. Each contribution is developed through a construct-
validate cycle: (i) specification of a formal system model (Chapter (3)) and problem formu-
lation, (ii) design of an algorithm or policy grounded in this formulation, and (iii) validation
through controlled simulations against well-defined baselines. This cycle is executed across
three methodological layers—coordination, analytical optimization, and reinforcement
learning—where each stage builds on the insights and limitations of the preceding one.
Simulation serves as the primary experimental tool for performance evaluation.

The selection of methods is aligned with the research questions.

For RQ1, an inter-O-DU coordination mechanism is designed and evaluated against
a non-cooperative baseline in which each O-DU schedules independently. Deployability
is treated as a constraint; the coordination design assumes no joint transmission and no
centralized channel knowledge, consistent with distributed O-RAN operation.

For RQ2, the problem is formulated as a non-convex mixed-integer multi-objective
optimization of energy efficiency and connectivity. It is addressed through decomposition
into tractable subproblems, solved using tailored heuristics and iterative updates. This
analytical stage provides interpretability and explicit characterization of trade-offs (Pareto
behavior) under controlled conditions.

For RQ3, the scheduling problem is reformulated as a multi-objective Markov decision
process (MO-MDP) conditioned on a preference vector, and solved using MORL. MORL is
employed because analytical solutions cannot be recomputed at near-real-time scheduling
timescales; instead, it learns a policy that adapts to dynamic network conditions via a
single inference step while preserving objective trade-offs.

All experiments are conducted in a unified simulation environment aligned with 3GPP

18



TR 38.913 [25] and ITU-R M.2412 [26]. The setup uses a seven-cell topology with 500 m
inter-site distance and a 3GPP Urban Macro (UMa) channel model. Uplink transmit power
is limited to 23 dBm per device. Device densities range from 16 to 400 active devices per
cell, covering both mMTC and umMTC regimes. For short-packet scenarios (RQ2), finite-
block-length performance is modeled using the normal approximation of Polyanskiy [21],
with block-lengths L € [50,600] and decoding error probabilities € € [1073,107°]. Key
parameters are held constant across all stages to ensure fair comparison.

Evaluation is performed using metrics aligned with each research question. The primary
wireless key performance indicators (KPIs) include:

e Energy Efficiency (EE): measured in bits/Joule,

Connectivity: number of simultaneously connected devices,

Reliability: probability of successful decoding (or SINR satisfaction),

e Cross-Link Interference (CLI): residual inter-cell interference,

Quality-of-Service (QoS): rate or SINR satisfaction levels.

For RQ3, Pareto-quality metrics are additionally reported. The hypervolume (HV) measures
the dominated objective-space volume, while the inverted generational distance (IGD)
quantifies proximity to the reference Pareto front. All results are averaged over multiple
independent random seeds to ensure statistical robustness. The scope of this thesis is
simulation-based evaluation. Practical deployment aspects—including hardware-in-the-
loop validation, inference latency, memory footprint, and real-time feasibility on O-RAN-
compliant platforms—are identified as important directions for future work.

Table 1 maps the six publications to the research questions, methods, and thesis chapters.
The respective summaries of the publications are provided in Section 1.4.

Table 1: Mapping of the research questions (RQs), methods, and thesis chapters

Publication RQ Method Chapter
1 RQ1 Inter-O-DU coordination Chapter (4)
2 RQ1 Instruction-level energy framework Chapter (4)
3 RQ2 EERS-MTCN (Joint EE-conn., Shannon IFBL) Chapter (5)
4 RQ2 SRS-MTCN (Coop., FBL-aware) Chapter (5)
5 RQ3 WiMO-CEPPO (4-obj MORL, CPM, Single-cell to multi-cell  Chapter (6)
C-RAN)
6 RQ3 WiMO-CEPPO (4-obj MORL, extended to multi-cell O-RAN) Chapter (6)

1.4 Summary of Thesis Contributions

Given the research questions presented in Section 1.2.1 and their mapping to the thesis
chapters in Table 1, the following summarizes the thesis contributions, one paper at a time.
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e [Publication (I)] Inter O-DUs Coordination for Scheduling of Massive Users in O-RAN:
The first contribution develops an inter-O-DU coordination framework for mMTC in
6G O-RAN systems. Unlike most prior studies, which treat each distributed unit (DU)
independently, this framework uses open interfaces, and near-RT RIC functionality
to exchange interference, traffic, and scheduling information across DUs. As a result,
neighboring DUs can jointly adapt user pairing and resource allocation to improve
throughput and EE in ultra-dense deployments.

e [Publication (II)] Energy Consumption Evaluation of NOMA-based Sustainable
Scheduling in 6G O-RAN: The second contribution proposes an instruction-level
energy profiling methodology for scheduling operations in O-RAN environments.
Rather than evaluating energy consumption only at the network or cell level, this
contribution uses the RISC-V instruction set architecture to quantify the execution
cost of scheduler functions on the CU/DU platform. This approach enables direct
and transparent comparison of scheduling strategies in terms of joules per bit.

e [Publication (l11)] Energy Efficiency and Connectivity Maximization for Massive
Machine Type Communication in Multi-Cell NOMA: The third contribution develops
a joint optimization framework that maximizes EE and connectivity in multi-cell non-
cooperative NOMA systems under practical constraints. The contribution unifies EE
and connectivity in a single formulation and proposes the Energy-Efficient Resource
Scheduling for Machine-Type Communication Networks (EERS-MTCN) algorithm to
optimize both objectives simultaneously. Simulation results demonstrate substantial
gains.

e [Publication (IV)] Sustainable Massive Connectivity Maximization Scheduling
Scheme for 6G: The fourth contribution advances cooperative multi-cell NOMA
scheduling under FBL conditions. It enables base stations to coordinate power allo-
cation and user pairing across cells to minimize inter-cell interference while jointly
satisfying connectivity and EE objectives. The evaluation demonstrates that this co-
operative approach outperforms non-cooperative designs in both EE and scalability.

e [Publication (V)] Multi-Objective Policy Design using Reinforcement Learning in 6G
Networks: The fifth contribution establishes WiMO-CEPPO in a single-cell, single-
agent setting as a foundational step for sustainable 6G scheduling. It learns a sin-
gle preference-conditioned policy using an envelope-based update to balance EE,
connectivity, and reliability under simplified interference. The approach achieves
Pareto-dominant performance over scalarized baselines. However, it assumes cen-
tralized training and does not fully address real-time or distributed deployment.

e [Publication (VI)] Sustainable Reward Mechanisms for Multi-Objective Policy De-
sign using Reinforcement Learning in 6G Networks:The sixth contribution extends
WiMO-CEPPO to a multi-cell decentralized RAN setting with O-RAN deployment
considerations. It incorporates hardware and computational efficiency constraints
to address latency-sensitive scheduling in distributed environments. The framework
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maintains stable multi-objective learning and broad Pareto coverage, achieving su-
perior performance over baselines. Nevertheless, training remains centralized with
limited support for fully distributed, real-time adaptation.

Although the first contribution | establishes the foundation by addressing the coordination
challenge, specifically, how inter-cell interference can be mitigated through inter-O-DU
coordination and cooperative scheduling, the research trajectory does not unfold in a
strictly linear manner. This is because the overarching problem of multi-objective radio
resource optimization in 6G is inherently multi-dimensional: coordination, physical-layer
realism, and adaptability are deeply interdependent and cannot be resolved through a
single methodological lens. The initial coordination results do not, by themselves, resolve
the joint energy-efficiency-connectivity trade-off under realistic constraints such as finite
block-length, heterogeneous device capabilities, and dense interference coupling. This
necessitates additional contributions that examine complementary aspects of the problem
under different modeling assumptions-first through analytical multi-objective optimization
(Contributions IlI-1V), and later through adaptive learning-based policy design (Contribu-
tions V-VI).

In this sense, the thesis follows a design-science research paradigm, where problem under-
standing, artifact construction, and iterative evaluation evolve through repeated construct-
evaluate cycles rather than a one-directional sequence [24, 27]. The non-linear progression
of contributions is therefore methodologically justified: each contribution isolates and
resolves one layer of the overall research problem-coordination, physical-layer realism, and
adaptability-before these layers are integrated into a unified framework for sustainable,
scalable, and adaptive 6G radio resource management.

1.5 Thesis Organization

The main body of this thesis comprises seven chapters, i.e., Chapters (1-3) establish the
conceptual and methodological foundations, while Chapters (4-6) present the core techni-
cal contributions. These are followed by six appendices (Appendix 1- Appendix 6), which
contain the Publications [1]-[6] on which the thesis is based.

e Chapter (1) (this chapter) introduces the motivation, overarching challenges, and
research scope for sustainable user scheduling in future mobile networks. It for-
mulates the central research problem and states the three research questions that
guide the thesis.

e Chapter (2) surveys and synthesizes the related scientific literature on sustainable
user scheduling in 6G, with an emphasis on massive connectivity, interference-aware
resource allocation, and emerging O-RAN control architectures. This chapter identi-
fies the research gaps that motivate the contributions developed in the remainder
of the thesis.

e Chapter (3) is included because the publications in the appendices were developed
at different stages of the research journey and therefore employ slightly varying
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system models and notational conventions. To ensure coherence across the main
body of the thesis, this chapter consolidates the shared modeling elements into a
unified system model and notation framework. Subsequent Chapters (4-6) refer
back to this unified model to avoid redundancy and maintain a consistent and self-
contained presentation of the technical contributions.

Chapter (4) is based on Publications [1], and [2] which addresses the coordination
challenge. It investigates inter-O-DU coordination and sustainable scheduler design
within the CU-RIC architecture, proposing mechanisms to minimize interference
and energy-aware scheduling in O-RAN deployments. The chapter evaluates how
coordination impacts scalability, interference suppression, and power efficiency.

Chapter (5) is supported by Publications [3], and [4] tackles the physical-layer realism
challenge. It first advances the analysis using a non-cooperative multi-cell uplink
NOMA model to jointly maximize energy efficiency and connectivity under dense
interference. It then transitions to a cooperative framework that incorporates finite-
block-length reliability constraints and introduces the SRS-MTCN algorithm for joint
user grouping, interference mitigation, and power control while ensuring reliability
under short-packet transmission.

Chapter (6) investigates the adaptation challenge drawing on Publications [5],and
[6]. It first introduces a single-cell, single-agent reinforcement learning framework
for multi-objective policy design, demonstrating how a preference-conditioned agent
can navigate conflicting KPIs and generalize toward centralized multi-cell operation.
It then extends these principles to an O-RAN-compatible xApp that incorporates
hardware sustainability and computational-efficiency constraints, illustrating the
feasibility of deploying the proposed learning-based scheduler in practical near-real-
time environments.

Finally, Chapter (7) synthesizes the contributions across all chapters, summarizes
the main findings, and outlines future research directions. These include deeper
integration with real-time O-RAN interfaces, transfer learning for faster adaptation,
and hardware-in-the-loop evaluation to enhance deployment realism.
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2 State of the Art and Related Works

2.1 Overview and Scope

This chapter provides a systematic survey of the literature underpinning the three re-
search questions introduced in Chapter (1). Its purpose is threefold: (i) to situate this
thesis within the broader scientific discourse on radio resource management (RRM) for 6G
massive machine-type communication (mMTC) networks; (ii) to identify, through rigorous
comparative analysis, the specific limitations of existing work that directly motivate each
research question; and (iii) to establish the conceptual and technical context within which
the proposed contributions operate.

Rather than following a conventional technology-by-technology survey, the chapter is
organized around the three challenges defined in the thesis introduction: coordination,
physical-layer realism, and adaptability. This structure reflects the logical dependency
among the research questions. Inter-cell coordination must first be addressed before any
scheduling framework can manage decision-dependent interference in distributed O-RAN
deployments. Once coordination is available, the physical-layer model must accurately
capture the short-packet transmission conditions of mMTC, particularly finite-block-length
(FBL) effects. Finally, because optimization-based schedulers cannot be repeatedly solved
at near-real-time control cadences, adaptive learning-based policies are needed to operate
under dynamic network conditions and changing performance preferences.

Section 2.2 reviews the state of the art on O-RAN scheduling architectures, inter-
distributed-unit coordination, and scheduler-level energy profiling. Section 2.3 surveys FBL
information theory and multi-cell NOMA resource allocation. Section 2.4 reviews multi-
objective reinforcement learning (MORL) for wireless scheduling. Section 2.5 draws out
two cross-cutting themes that connect all three challenges. Section 2.6 consolidates the
gap analysis in a single table that maps each gap to the corresponding thesis contribution.
Section 2.7 concludes the chapter and provides the narrative bridge to the technical
chapters.

2.2 Challenge 1 — Coordination: O-RAN Scheduling and Energy-Aware
Design

The first challenge concerns the management of decision-dependent inter-cell interference
(ICI) in distributed O-RAN architectures. In dense multi-cell networks, interference is not
merely a propagation effect; it is also a consequence of simultaneous scheduling and power-
control decisions made by neighbouring cells. If O-DUs schedule users independently,
the interference field becomes unstable, difficult to predict, and difficult to optimize.
Consequently, no resource-allocation or learning framework can deliver reliable energy-
efficiency (EE)-connectivity trade-offs unless the coordination problem is addressed at the
architectural level.

This section reviews three tightly connected aspects of the coordination challenge: the
O-RAN functional architecture and control hierarchy, the computational energy cost of
software-defined scheduling in virtualized RANs, and the specific limitations of existing
inter-O-DU coordination approaches.
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2.2.1 O-RAN Functional Architecture and Control Hierarchy

The O-RAN Alliance has introduced a disaggregated, software-defined RAN architecture
that decomposes the traditional monolithic base station into interoperable logical functions
connected through open interfaces [28, 29]. The O-RAN Central Unit (O-CU) hosts higher-
layer protocol functions, including Packet Data Convergence Protocol (PDCP) and Radio
Resource Control (RRC). The O-RAN Distributed Unit (O-DU) implements time-sensitive
MAC, RLC, and upper-PHY functions, while the O-RAN Radio Unit (O-RU) performs low-PHY
and radio-frequency processing [30, 31]. The F1interface connects the O-CU and O-DU,
while fronthaul interfaces such as eCPRI connect the O-DU and O-RU.

O-RAN further introduces a two-tier intelligence layer. The Non-Real-Time RIC operates
at timescales above one second and is responsible for policy management, model life cycle
management, and long-term optimization through the A1 interface [32, 33, 34]. The Near-
Real-Time RIC operates at approximately 10-100 ms control timescales and hosts xApps
that implement near-real-time RRM functions by subscribing to E2 telemetry and issuing
control decisions to O-RAN nodes [35, 36]. This hierarchy creates a programmable RAN
control plane in which scheduling, interference management, slicing, and traffic steering
can be exposed to externalized intelligence.

Polese et al. [37] provide a comprehensive treatment of O-RAN interfaces, algorithms,
and research challenges, emphasizing that the Near-RT RIC is the primary architectural
anchor for adaptive near-real-time control. Alam et al. [38] extend this perspective to
slicing-aware O-RAN deployments and show that Al-enabled resource allocation is most
naturally positioned at the Near-RT RIC. Balasubramanian et al. [39] demonstrated the
feasibility of RIC-based intelligent control, providing early evidence that learning-based
schedulers can be implemented within RAN control-loop constraints.

However, the same architecture also introduces limitations that are central to this thesis.
The E2 control loop is not designed for sub-millisecond per-slot global scheduling. Telemetry
can be delayed or aggregated, and control decisions must satisfy strict latency constraints.
The O-RAN has therefore investigated dApps for real-time RAN control as a complementary
mechanism to xApps in latency-sensitive scenarios [18]. In addition, xApp conflict mitigation
has emerged as a separate challenge because concurrently executing xApps may issue
inconsistent control actions [35, 20]. These constraints imply that interference coordination
in O-RAN cannot assume ideal centralized joint scheduling; it must operate within the
observability, latency, and interface limitations of the O-RAN control hierarchy.

2.2.2 Scheduler-Level Energy Profiling in O-RAN

O-RAN changes the energy model of the RAN. In conventional radio access networks,
scheduling is tightly coupled to vendor-specific hardware. In O-RAN, scheduling functions
increasingly execute as software components on commercial off-the-shelf processors or
virtualized cloud-native platforms. As a result, the energy consumed by the scheduling
algorithm itself becomes part of the RAN energy budget.

Most energy-efficiency studies in wireless networks define EE as transmitted bits per
joule of radio-side energy, usually incorporating transmit power and sometimes circuit
power. This is necessary but incomplete for O-RAN, where scheduling computation, teleme-
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try processing, xApp execution, container orchestration, and virtualized O-DU processing
all contribute to energy consumption [7, 40]. The ITU-R IMT-2030 framework explicitly
identifies sustainability as a central 6G design objective [10, 13]. Ahmad et al. [15] further
argue that 6G sustainability must include not only energy efficiency but also reliability,
fairness, adaptability, and environmental responsibility. The O-RAN green communication
report similarly identifies energy-aware RAN operation as a key research priority and high-
lights the role of open interfaces in enabling software-defined energy management [41].

Kundu et al. [42] survey energy-efficient RAN techniques from standards to live deploy-
ments, and identify a gap between network-level energy-saving strategies and fine-grained
energy profiling of RAN functions. TENORAN [43] proposes automated energy profiling
for Open RAN systems at the function level, representing an important step toward repro-
ducible benchmarking. Nevertheless, neither 3GPP nor O-RAN has standardized metrics
at the granularity of individual scheduling operations, which means that two schedulers
may be compared in terms of radio-side EE, while their computational energy costs remain
unobserved [44].

Several related works reinforce this limitation. Wang et al. [45] studied energy min-
imization for loT devices in O-RAN-based systems but focused on terminal-side energy
rather than O-DU or RIC processing energy. Larsen et al. [46] surveyed green approaches
for 5G-and-beyond RAN deployments and observed that virtualization transfers part of
the energy responsibility from specialized hardware to software-defined control. Aslan et
al. [47] considered fair resource allocation in virtualized O-RAN platforms and recognized
that virtualization changes the resource-cost structure of scheduling. However, none of
these works provides an instruction-level or scheduler-level methodology for quantifying
computational energy on virtualized O-DU/RIC platforms.

This omission is significant for dense mMTC. Scheduling complexity grows with the
number of users, resource blocks, objective functions, and coordination constraints. A
scheduler that improves radio-side EE but requires excessive computation may not be
sustainable when deployed at near-real-time cadence. Therefore, scheduler-level energy
profiling is not an auxiliary concern; it is a necessary component of sustainable O-RAN
scheduler design.

2.2.3 Inter-O-DU Coordination and Scheduler-Level Energy Profiling: Problem, Limita-
tions, and Prior Approaches

In standard O-RAN operation, each O-DU schedules its own users using locally available
channel, buffer, and service information. Neighbouring O-DUs may therefore allocate
overlapping RBs to users whose uplink transmissions generate strong mutual interference.
This gives rise to decision-dependent ICI: the interference experienced by one cell is deter-
mined not only by geometry and propagation, but also by the current resource-allocation
decisions of adjacent cells [48]. Unlike fixed external interference, this interference field
changes whenever neighbouring schedulers change their actions. Treating it as a static
channel property is therefore insufficient.

The E2 interface provides a potential mechanism for exchanging telemetry and control
information, but its 10-100 ms control-loop timescale is not compatible with ideal per-
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slot joint scheduling in highly dynamic mMTC scenarios [48]. Coordination over O-RAN
interfaces must therefore be robust to stale, partial, or aggregated information. It must
also avoid excessive message exchange, since coordination overhead competes with the
latency and computational budget available to the scheduler. This distinguishes O-RAN
inter-O-DU coordination from fully centralized CoMP-style joint transmission: in the O-RAN
setting, each O-DU remains responsible for serving its own users, and coordination should
guide rather than replace local scheduling.

Prior work has approached this problem from several directions. Akhtar et al. [49] stud-
ied NOMA-based RRM for traffic steering in O-RAN and showed that non-orthogonal access
can improve spectrum utilization. However, the work does not provide a general inter-O-DU
coordination mechanism for dense multi-cell mMMTC. Ranjbar et al. [50] examined cell-free
massive MIMO support in O-RAN and argued that additional inter-O-DU coordination is
necessary to realize distributed spatial-multiplexing gains. Zangooei et al. [51] investigated
flexible RAN slicing using constrained multi-agent RL and demonstrated that learning meth-
ods can respect heterogeneous QoS constraints, but their focus is slice-level resource
management rather than scheduler-table or interference-footprint coordination among
O-DUs. Toure et al. [52] proposed a MORL-based xApp capable of adapting to different
throughput-fairness preferences without retraining, but the study remains focused on
single-O-DU control. Lotfi et al. [53] studied O-RAN resource management using multi-
agent RL with explicit coordination overhead constraints, confirming that coordination
benefits must be weighed against latency and message-passing cost.

Mwakwata et al. [54] provide one of the most directly relevant external baselines by
proposing a cooperative scheduler for massive connectivity in OMA and NOMA systems.
Their results show that sharing scheduling information between neighbouring cells can
improve connectivity by approximately 1.5 times compared with non-cooperative opera-
tion. However, the work is developed in a 5G NB-loT context, and relies on Shannon IFBL
capacity, and does not incorporate FBL reliability, O-RAN-specific interface constraints, or
scheduler-level computational energy profiling.

Other energy-aware multi-cell works similarly, addressing only part of the problem.
Rabee and Barhumi [55] used multi-agent DRL for uplink NOMA EE optimization and
reported approximately 25% improvement, but the evaluation was limited to 30 users per
cell. Rashid et al. [56] reported EE and throughput gains in uplink MC-NOMA heterogeneous
small-cell networks, with scalability limited to 20 users per cell. Jameel et al. [57] used
Markov decision processes for COMP C-NOMA EE optimization but did not analyzes large-
scale connectivity. Zhao et al. [58] proposed a DDQN scheme for EE and connectivity
in ultra-dense small cells, but omitted FBL constraints and explicit O-RAN inter-O-DU
coordination. Blanco et al. [16] introduced a scalable and sustainable 6G framework at
the architectural level, but did not provide a concrete O-DU-level scheduling and energy-
profiling methodology.

2.2.4 Research Gap and Link to RQ1

The O-RAN scheduling and energy-modeling literature reveals three coupled gaps that moti-
vate RQU. First, existing O-RAN scheduling studies do not provide an architecture-compliant
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inter-O-DU coordination mechanism that is scalable to dense mMTC and compatible with
E2/F1interface constraints. Second, existing O-RAN coordination studies generally evaluate
interference, throughput, or connectivity under Shannon IFBL assumptions. Third, energy-
aware O-RAN studies largely focus on radio-side energy and do not provide a reproducible
methodology for profiling the computational energy consumed by scheduling algorithms
on virtualized O-DU hardware.

2.3 Challenge 2 — Physical-Layer Realism: FBL-Aware Multi-Cell NOMA
optimization

The second challenge concerns the physical-layer validity of the scheduling model. Coordi-
nation can reduce decision-dependent ICI, but the scheduler must still optimize against a
rate model that accurately reflects what the wireless link can deliver. Much of the multi-cell
NOMA literature relies on Shannon’s IFBL capacity expression. This assumption is appro-
priate for long codewords but optimistic for the short packets characteristic of mMTC. In
the short-packet regime, the achievable rate depends jointly on SINR, block-length, and
decoding error probability. A physically credible scheduler must therefore incorporate FBL
constraints into its resource-allocation and power-control decisions.

2.3.1 NOMA in Multi-Cell Dense Deployments; Cooperative and Non-Cooperative Inter-
ference

Power-domain NOMA allows multiple devices to share the same time-frequency resource
by assigning different power levels and applying successive interference cancellation (SIC)
at the receiver. This enables higher spectral efficiency and connection density than OMA,
particularly when co-scheduled users have sufficiently distinct channel gains [59, 60]. In
single-cell settings, the capacity and fairness advantages of NOMA have been extensively
studied, and NOMA has been identified as a promising access technique for massive
connectivity [61, 60].

Classical NOMA resource-allocation studies have addressed power allocation, user
pairing, and scheduling under EE, throughput, and QoS objectives [62, 63, 64, 65]. Ad-
ditional works have studied NOMA for massive loT and mMTC under latency and power
constraints [66, 67]. Collectively, these studies confirm that NOMA can increase device
density compared with OMA at equivalent radio-resource budgets. However, they typically
rely on IFBL rate expressions and focus on single-cell or weakly coupled multi-cell settings.

The transition from single-cell to multi-cell NOMA introduces a more difficult interfer-
ence structure. In single-cell NOMA, SIC can partially remove intra-cell interference among
users sharing the same RB. In multi-cell NOMA, each user also experiences inter-cell inter-
ference from co-channel users in neighbouring cells. This interference is coupled to their
scheduling and power-control decisions. A resource allocation in one cell therefore affects
not only local users, but also the feasible SINR, rate, and reliability of users in adjacent
cells. This coupling prevents independent per-cell optimization and motivates cooperative
or coordinated scheduling [68].

Liu and Zhang [69] survey the evolution of NOMA towards next-generation multiple
access and identify scalability, SIC complexity, and dense-deployment interference as key
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barriers to practical 6G adoption. Belmekki and Alouini [70] extend the NOMA discus-
sion to non-terrestrial network settings and highlight the structural role of interference
in power-domain multiplexing. These surveys make clear that single-cell NOMA is well
understood, while dense multi-cell NOMA remains limited by interference coupling, coor-
dination overhead, and short-packet reliability constraints.

Cooperative scheduling has been proposed to mitigate this limitation. Mwakwata et
al. [54] showed that sharing scheduling information among neighbouring cells can im-
prove massive connectivity in OMA and NOMA systems. Muhammed et al. [71] studied
resource allocation for energy-efficient NOMA in CoMP networks, demonstrating that
coordinated scheduling can improve EE under IFBL assumptions. Trabelsi et al. [72] provide
a broad survey of interference management for 5G and beyond, confirming that combined
intra-cell and inter-cell interference remains a dominant bottleneck in dense NOMA deploy-
ments. Nevertheless, these works generally optimize under Shannon-capacity models and
therefore do not capture the FBL rate loss and decoding error constraints that dominate
short-packet mMTC.

2.3.2 Joint EE-Connectivity optimization Under IFBL (Shannon)

Under Shannon IFBL assumptions, joint EE-connectivity optimization in multi-cell NOMA
has been studied through mixed-integer optimization, successive convex approximation,
graph-based methods, and learning-based control. Zeng et al. [73] investigated energy-
efficient joint user-RB association and power allocation for uplink hybrid NOMA-OMA
systems, showing that coordinated allocation can outperform OMA baselines. Cui et al. [74]
studied QoE-based resource allocation for multi-cell NOMA networks and demonstrated
that joint user assignment and power optimization improve user experience compared
with independent per-cell scheduling. Song et al. [75] applied cooperative multi-agent RL
to EE optimization for uplink mURLLC in multi-cell networks, while Zhao et al. [58] used
DDQN for uplink resource allocation with QoS constraints in 6G ultra-dense systems.

These studies establish the value of joint scheduling and power allocation for multi-
cell NOMA. They also show that EE and connectivity cannot be optimized independently:
increasing the number of admitted users can increase interference and reduce per-user re-
liability, while aggressively minimizing transmit power can reduce connectivity and outage
performance. However, because these works use IFBL rate models, their achievable rate
and EE estimates are optimistic for short-packet mMTC. The Shannon expression implicitly
assumes asymptotically long codewords and vanishing error probability, whereas mMTC
devices often transmit short, sporadic packets under non-negligible decoding error proba-
bility. Thus, IFBL-based optimization provides a useful upper bound but not a physically
complete model for 6G mMTC scheduling.

2.3.3 FBL Theory, Short-Packet Transmission, and EE Impact

The theoretical foundation of FBL communication was established by Polyanskiy, Poor, and
Verdu [21], who derived normal approximations for the maximum achievable coding rate
as a function of block-length, decoding error probability, and channel quality. In a generic
wireless setting, the FBL achievable rate can be expressed as
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where L is the block-length, € is the decoding error probability, v is the SINR, and

Q~!(-) is the inverse Gaussian Q-function mapping the error probability to a reliability

penalty factor. , /1 — W is square root of the channel dispersion (V), which quantifies

how much the information density fluctuates over the short blocklength. It disappears

only as L — o0, meaning that Shannon capacity systematically overestimates the rate of

finite-length packets. & (h‘TL) is the asymptotic error remainder, bounding the numerical
accuracy of the second-order normal approximation.

This FBL penalty has direct implications for EE and connectivity. First, the same SINR
supports a lower rate under FBL than under IFBL; therefore, an IFBL-based scheduler may
admit more users than the physical layer can reliably serve. Second, reliability, latency,
and energy are coupled: reducing the block-length reduces latency but increases the rate
penalty and decoding error probability. Third, EE can be non-monotonic in block-length.
Very short packets suffer from poor coding efficiency, while very long packets increase
transmission and circuit energy. Therefore, an EE-maximizing scheduler must identify a
block-length and power operating region rather than simply minimizing packet duration or
maximizing SINR. The effective-capacity framework of Wu and Negi [76] provides an early
connection between the physical-layer rate and QoS-constrained service guarantees.

Recent works have incorporated these ideas into short-packet resource allocation. Liu
et al. [77] studied the relationship between FBL coding and EE, showing that the EE-optimal
operating point depends jointly on channel conditions, target error probability, and block-
length. Zhong et al. [78] developed minimum-BLER NOMA designs under FBL constraints
and clarified the SINR-error-probability trade-off in short-packet NOMA. Liu et al. [79]
studied energy-efficient scheduling for short-packet communications with FBL coding and
confirmed that ignoring FBL leads to inaccurate EE conclusions. These works establish the
need for FBL-aware scheduling, but they are largely single-cell or link-level and do not
address dense multi-cell NOMA coordination.

2.3.4 Joint EE-Connectivity optimization Under FBL (Short-Packet Regime)
The joint optimization of EE and connectivity under FBL constraints in multi-cell NOMA re-
mains an open problem because it requires four dimensions to be handled simultaneously:
EE maximization, massive connectivity, finite-block-length reliability, and inter-cell interfer-
ence coordination. Existing works typically address only a subset of these dimensions.
Gao et al. [80] analyzed finite-block-length massive unsourced random access in a single-
cell MIMO setting, establishing fundamental connectivity bounds, but not optimizing
EE or multi-cell interference. Sabuj et al. [81] studied multi-UAV-aided mMTC/URLLC
services under FBL constraints, focusing on energy and latency performance in a single-cell
architecture. Wang et al. [82] studied FBL-enhanced effective-capacity optimization for
uplink NOMA, addressing delay-aware throughput and EE, but not multi-cell ICI. Zhao
et al. [83] optimized EE for multi-node IoT networks with finite-block-length codes, but
without inter-cell interference coupling.
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Table 2: Comparison of selected related works on sustainable scheduling under FBL in mMTC/URLLC
networks. “ICl-aware” indicates whether both intra-cell and inter-cell interference are explicitly

considered.
Ref. Environment Technique EE Conn. FBL ICI-Aware
[80] Single-cell MIMO  FBL X v v X
URA information-theoretic
bounds
[81] Single-cell UAV Joint power v X v" Intra-cell only
MMTC/URLLC optimization
[82] Single-cell uplink  Delay-aware v X v" Intra-cell only
NOMA throughput
optimization
[83] Single-cell loT Power and v v v X
uplink block-length
optimization
[84] Single-cell Fractional- v X v X
STAR-RIS programming EE
MU-MIMO optimization
[85] Single-cell Joint optimizationand v X v" Intra-cell only
URLLC/eMBB DRL
[86] Multi-cell FBL outage and v X v Partial
UAV-NOMA stochastic geometry
[87] Cell-free massive ~ SCA-based power and v/ X v Partial
MIMO URLLC AP association
[88] Single-cell massive Adaptive FBL X v v" Intra-cell only
URLLC multi-agent DQN
[58] Multi-cell DDQN RB and power v v X Intra-cell only
ultra-dense small  control
cells
[54] Multi-cell NOMA  Cooperative X v X Intratinter
scheduling
This Multi-cell NOMA  Joint EE-connectivity v v v' Intratinter
thesis mMTC optimization under

FBL
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Soleymani et al. [84] considered FBL-constrained EE in STAR-RIS-aided MU-MIMO, and
Tran et al. [85] studied energy-efficient NOMA for heterogeneous URLLC/eMBB services
using joint optimization and DRL. Thapliyal et al. [86] analyzed energy-harvesting UAV-
NOMA under FBL outage constraints, while Huang et al. [87] addressed energy-efficient
optimization in user-centric cell-free massive MIMO for URLLC with FBL communications.
Zhang et al. [88] investigated adaptive FBL multiple access for ultra-low delay, and Zhao et
al. [58] studied multi-cell EE and connectivity without FBL constraints.

Chen et al. [68] studied optimal resource allocation for multi-carrier NOMA in short-
packet communications, providing important evidence that conventional NOMA pairing
heuristics may become sub-optimal under FBL constraints. Zheng et al. [89] analyzed
uplink NOMA short-packet reliability and derived performance expressions for decoding
success probability. Yang et al. [90] studied RIS-assisted NOMA-based MEC networks in the
FBL regime. These works demonstrate the importance of FBL in NOMA and short-packet
communication, but they do not jointly optimize EE and connectivity under coordinated
multi-cell interference.

Table 2 summarizes the positioning of representative external works against the four
dimensions required by the thesis problem. The table highlights a clear structural gap. FBL-
aware works are usually single-cell or link-level. Multi-cell works that address interference
often rely on IFBL assumptions. Works that optimize EE often treat connectivity or reliability
as constraints rather than coequal objectives. Conversely, works that focus on connectivity
rarely incorporate FBL reliability and multi-cell coordination simultaneously. This confirms
that the short-packet, multi-cell, EE-connectivity problem remains insufficiently addressed.

2.3.5 Research Gap and Link to RQ2

The NOMA and FBL literature reveals a precise gap: no existing work simultaneously
addresses EE maximization, connectivity maximization, finite-block-length reliability con-
straints, and inter-cell interference coordination in a scalable multi-cell NOMA framework.
FBL-aware studies are primarily single-cell or link-level, while multi-cell NOMA coordination
studies generally rely on Shannon IFBL capacity. This absence of a unified multi-objective,
FBL-aware, interference-coordinated framework motivates RQ2.

2.4 Challenge 3 — Adaptability: Multi-Objective Reinforcement Learning
for 6G Scheduling in Centralized and Distributed O-RAN

The third challenge identified in Chapter 1 is adaptability: the ability of the scheduler
to operate under time-varying channels, traffic loads, interference coupling, and service
priorities without repeatedly solving a non-convex mixed-integer optimization problem
at every scheduling interval. The optimization frameworks reviewed under the physical
realism challenge provide a rigorous basis for characterizing EE, connectivity, reliability,
and interference trade-offs. However, such formulations are NP-hard to solve from scratch
within O-RAN near-real-time control loops, particularly when the scheduler must jointly
decide user grouping, RB assignment, power allocation, and interference mitigation in
dense multi-cell NOMA deployments.

Reinforcement learning (RL) offers a complementary paradigm: instead of solving a new
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optimization instance at each control step, an agent learns a policy that maps observed
network states to scheduling actions through a single inference pass. In O-RAN, this
policy may be deployed centrally at the Near-RT RIC, locally at O-DUs, or through a hybrid
architecture in which training and execution are split across centralized and distributed
control planes. Since 6G scheduling involves multiple conflicting objectives rather than a
single scalar target, multi-objective reinforcement learning (MORL) is particularly relevant.
MORL represents the scheduler reward as a vector of KPIs and seeks Pareto-efficient
policies capable of navigating trade-offs among EE, connectivity, reliability, latency, and
interference suppression.

This subsection reviews the RL and MORL literature through the lens of O-RAN deployability.
Section 2.4.1 summarizes the main RL algorithm families and their relevance to O-RAN
control loops. Section 2.4.2 compares single-agent and multi-agent architectures, including
centralized training with decentralized execution (CTDE). Section 2.4.3 reviews MORL
solution concepts, including scalarization, multi-policy learning, preference conditioning,
envelope updates, and Pareto-front discovery. Finally, Section 2.4.4 identifies the gap.

2.4.1 RL Taxonomy: On-Policy, Off-Policy, Model-Based, and Model-Free Learning

Model-free RL learns scheduling policies directly from interaction with an environment,
without requiring an explicit analytical model of the network transition dynamics. This
makes it attractive for RRM, where the channel variation, traffic burst, user mobility, and
interference coupling are difficult to model exactly [91, 92]. In the O-RAN context, model-
free policies can be trained using system-level simulators, digital twins, or logged telemetry,
and then deployed as xApps or dApps, depending on the required control-loop latency. The
main advantage is flexibility; the main limitation is that training may require substantial
interaction data and careful constraint handling before deployment in a live RAN.

Within model-free RL, value-based methods such as DQN and DDQN learn action-
value functions and select actions by maximizing estimated state-action values. These
methods are typically off-policy and can reuse experience through replay buffers, which
improves sample efficiency. However, their natural action space is discrete. This is suitable
for problems such as RB selection or admission decisions, but less suitable for multi-cell
NOMA scheduling, where transmit powers and NOMA power-domain coefficients are
continuous or mixed discrete-continuous variables. DDQN has therefore been used for
wireless resource allocation with QoS constraints, but continuous power control usually
requires discretization or an additional action-parameterization layer [58]. In dense O-RAN
scheduling, such as discretization, can reduce policy resolution and increase action-space
dimensionality.

Policy-gradient and actor-critic methods optimize the policy directly and are therefore
more naturally suited to continuous or hybrid scheduling actions. PPO, SAC, and TD3
are representative examples used in wireless resource allocation and network-control
problems [93]. PPO is especially relevant for O-RAN scheduling because it is an on-policy
method with a clipped surrogate objective that limits the magnitude of each policy update.
This improves stability under nonlinear function approximation and makes PPO attractive
when multiple KPIs generate conflicting learning signals. Schulman et al. [94] established
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PPO as a stable policy-gradient method, and its constrained update structure aligns well
with RAN control, where unstable policy changes can directly affect QoS and reliability.

Model-based RL learns or exploits a transition model and uses it for planning. In princi-
ple, this can improve sample efficiency because the agent can simulate future outcomes
before acting. In wireless scheduling, however, accurate modeling of multi-cell interference,
traffic dynamics, and user mobility is challenging. Model errors may accumulate during
planning, and the additional model-evaluation burden can be incompatible with O-RAN
Near-RT RIC control-loop deadlines [92]. For this reason, model-based RL is attractive for
offline analysis and digital twin acceleration, but less straightforward for direct near-real-
time scheduler execution.

Offline RL trains policies from logged datasets without further online exploration. This is
highly relevant to O-RAN because E2 telemetry and RAN logs can, in principle, support policy
training without exposing the live network to unsafe exploration. Offline RL is therefore
a promising future direction for safe RAN intelligence, particularly when live trial-and-
error learning is impractical [95]. Nevertheless, offline RL introduces distributional-shift
challenges: a policy may select actions that are poorly represented in the dataset, which is
problematic in safety- and QoS-constrained wireless systems.

A second taxonomy dimension is the on-policy versus off-policy distinction. On-policy
methods, such as PPO, update the policy using data generated by the current policy. They
tend to be more stable but less sample-efficient. Off-policy methods, such as DQN and
SAC, reuse historical experience and can therefore be more data-efficient, but they are
more sensitive to distributional shift and non-stationarity [91]. In O-RAN, this distinction
has practical consequences. A Near-RT RIC scheduler must remain stable under evolving
interference and traffic distributions, whereas a Non-RT RIC training pipeline may prioritise
sample efficiency through replay and offline data reuse. A deployable learning architecture
must therefore align the RL algorithm family with the control-loop location, available
telemetry, action latency, and safety requirements.

2.4.2 Single-Agent vs. Multi-Agent Architectures

The choice between single-agent and multi-agent RL is not only an algorithmic decision; it
is also an O-RAN architectural decision. A centralized single-agent controller assumes that a
sufficiently broad network state is available at one decision point, such as a Near-RT RIC or
a C-RAN-like controller. A distributed multi-agent design assigns separate agents to O-DUs,
cells, slices, or user groups, allowing local execution with reduced state dimensionality.
Between these two extremes lies CTDE, where agents are trained with access to global or
regional information but execute using local observations.

A centralized single-agent architecture avoids the fundamental non-stationarity of
independent multi-agent learning because one controller selects the joint scheduling
action for a cluster of cells. This is attractive for interference-coupled NOMA scheduling:
the controller can observe cross-cell channel and interference indicators and jointly assign
RBs and powers to reduce ICI. In O-RAN terms, such a policy can be hosted at the Near-RT
RIC as an xApp if the state collection, inference, action projection, and control delivery
fit within the control-loop deadline. The limitation is scalability. The state and action
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dimensions increase with the number of cells, UEs, and RBs, and the E2 interface may
not provide fresh enough telemetry for fine-grained global scheduling. Thus, centralized
control is most practical for limited interference clusters, not for network-wide real-time
optimization.

Multi-agent RL (MARL) maps more naturally to the distributed structure of O-RAN. Each
O-DU or cell can run a local agent, observe the local channel and load information, and
choose scheduling actions with limited coordination. Recent surveys classify MARL for
resource allocation into fully decentralized learning, CTDE, and communication-enabled
coordination [96]. CTDE is particularly relevant for O-RAN: the Non-RT RIC or an offline
training environment can train agents using global information, while the learned policies
execute locally at O-DUs or through Near-RT RIC xApps using only local or partially shared
observations. This matches the O-RAN separation between policy/model management
and near-real-time execution.

0O-RAN-specific studies show both the promise and difficulty of distributed learning.
Lotfi et al. [53] investigated MARL for O-RAN resource management under coordination-
overhead constraints and showed that multi-agent coordination must be evaluated jointly
with the message-passing latency it introduces. Han et al. [97] studied multi-agent RL for
uplink OFDMA in dense WLANs, demonstrating that distributed agents can coordinate
resource usage under overhead constraints. Zhu et al. [98] provide a broader survey of
multi-agent deep RL with communication and identify non-stationarity as a dominant
obstacle: from the perspective of each agent, the environment changes as other agents
simultaneously update their policies.

This non-stationarity is particularly problematic in dense multi-cell NOMA. The action
of one O-DU changes not only its own users’ SINR but also the interference experienced
by neighbouring O-DUs. Independent learners may therefore chase a moving target,
causing oscillatory power control or unstable RB reuse. Communication among agents can
mitigate this, but it increases signalling overhead and may violate O-RAN latency constraints.
Conversely, full centralisation reduces learning non-stationarity but increases observability
and computational burden. Polese et al. [99] emphasise that O-RAN intelligence must
respect interface and timing constraints, which means that the centralized/distributed
design choice must be evaluated as part of the RAN architecture rather than as an abstract
RL preference.

For the Adaptability challenge addressed in this thesis, the key issue is therefore not
whether centralized or distributed RL is universally superior. The centralized perspective
is needed to learn coherent trade-offs under explicit inter-cell interference coupling; the
distributed perspective is needed for scalable O-RAN execution. A strong MORL scheduler
should be compatible with both views: it should learn policies that exploit regional context
when available, while remaining structured enough to support replication, decomposition,
or CTDE-style deployment in distributed O-RAN.

2.4.3 MORL: Solution Concepts and State of the Art

MORL extends RL to vector-valued rewards, where each reward component corresponds
to a distinct objective. In 6G scheduling, these objectives may include EE, connectivity,
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reliability, throughput, latency, fairness, interference suppression, and computational
feasibility. Unlike single-objective RL, MORL does not generally yield one universally optimal
policy. Instead, the goal is to approximate a Pareto set of non-dominated policies or to
learn a policy that can produce different Pareto-efficient actions when conditioned on an
operating preference.

Foundational MORL work formalizes this problem through multi-objective Markov
decision processes and Pareto dominance. Van Moffaert and Nowé [100] established the
basis for learning sets of Pareto-dominating policies. Evaluation then requires metrics
that measure both convergence and diversity. Hypervolume (HV) quantifies the region
of objective space dominated by the learned solution set, while inverted generational
distance (IGD) measures the distance between learned solutions and a reference Pareto
front. These metrics are important for wireless scheduling because a policy that performs
well for one operating preference may still be inadequate if it fails to cover reliability-
oriented, energy-oriented, and connectivity-oriented regimes.

Afirst design family is scalarization. A vector reward is converted into a scalar reward us-
ing a weighted sum or another utility function. Static scalarization is simple and compatible
with standard RL algorithms, but it fixes the trade-off during training. In a dynamic O-RAN
environment, this is restrictive: the operator may prioritize EE during low load, reliability
during critical service periods, or connectivity during dense access bursts. Multi-policy ap-
proaches address this by training separate policies for different weight vectors [101]. Abels
et al. [102] showed that dynamic weights can improve Pareto coverage relative to fixed
weights, but maintaining multiple policies remains costly in memory, training time, and
deployment complexity. This is especially problematic for O-RAN, where policy life cycle
management is already constrained by model validation, orchestration, and control-loop
timing.

Single-policy preference-conditioned MORL provides a more deployable alternative. A
single policy receives both the network state and a preference vector as inputs, allowing it to
realize different operating points without retraining. Such methods are attractive for O-RAN
because one xApp model can adapt to changing operator intent or network context. Yang et
al. [103] developed preference-controllable RL and showed how conditioning can improve
trade-off controllability across the preference simplex. Dynamic Preference Inference
Networks further improve sample efficiency by estimating favorable preference directions
during training [104, 22]. Ambadkar et al. [105] proposed decomposed and diversity-driven
preference-conditioned MORL, demonstrating that explicit diversity objectives can improve
Pareto-front coverage. Liu et al. [106] introduced C-MORL for efficient discovery of Pareto
fronts, reinforcing the importance of coverage and constraint-aware optimization in high-
dimensional objective spaces.

Envelope-based MORL is another important solution concept. Instead of learning a
separate value function for each preference, envelope methods learn a value representation
that approximates the upper envelope of multi-objective returns across the preference
space. This can improve generalization and Pareto coverage because the policy is trained
to represent multiple trade-offs within a unified value structure. Yan and Tabassum [107]
applied envelope updates to URLLC-enabled vehicular networks and showed improved
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Pareto performance over fixed-weight baselines. Terekhov and Gilcehre [108] further
showed that value-function parameterization and loss design strongly affect Pareto quality
and training stability. Their findings are especially relevant to wireless scheduling, where
objective gradients may point in opposing directions.

Conflict-aware optimization is therefore a central requirement for MORL in 6G schedul-
ing. EE, connectivity, reliability, and interference suppression are not merely different
metrics; they can generate contradictory learning signals. Increasing transmit power
may improve reliability and connectivity but reduce EE and increase ICl. Reducing in-
terference may require more conservative RB reuse and thereby reduce throughput or
connectivity. Standard scalarized policy-gradient updates can oscillate under such objec-
tive conflicts, leading to unstable training and poor Pareto coverage. Recent work on
preference-conditioned and conflict-aware MORL, including PCRL-style formulations high-
light the need for update mechanisms that explicitly account for preference diversity and
gradient conflict [108, 23].

Wireless MORL is now emerging as a distinct research direction. Toure et al. [52]
demonstrated multi-objective scheduling in wireless networks using DRL and showed that
a learned controller can adapt to different throughput-fairness trade-offs in an O-RAN
XApp setting. Heo et al. [109] studied dynamic preference MORL for network management
and showed improved generalization compared with static preferences. Al-Habob and
Tabassum [110] applied meta-MORL to age-optimal vehicular information dissemination,
reducing per-preference retraining overhead. Li et al. [111] applied MORL to vehicle-to-
vehicle resource allocation, while Chien et al. [112] addressed multi-objective optimization
of 3D base-station deployment under performance and sustainability objectives. Guan et
al. [113] employed multi-agent RL to optimize throughput and residual energy in IRS-assisted
wireless-powered networks. Al-Tahmeesschi et al. [114] investigated multi-objective DRL for
5G base-station placement, and Balaji et al. [115] highlighted the weakness of static policies
under non-stationary sensor-network conditions. Xu et al. [101] studied multi-objective
resource allocation in cooperative vehicular networks, and Tan et al. [116] proposed adaptive
distributed MARL for multi-objective intelligent transportation systems.

These works collectively demonstrate that MORL is a promising tool for adaptive
wireless resource management. However, they also reveal several limitations relative
to the thesis problem. Many studies optimize only two or three objectives, whereas
sustainable 6G scheduling requires simultaneous control of EE, connectivity, reliability, and
interference. Many studies assume preferences are externally specified, whereas O-RAN
schedulers should infer priorities from context such as load, interference, QoS deficits, and
reliability statistics. Many works are single-cell, vehicular, or deployment-planning oriented,
and therefore do not validate policy learning under dense multi-cell NOMA interference.
Finally, operational feasibility in O-RAN—including inference latency, action projection,
computational cost, and centralized-versus-distributed deployment—is usually treated as
an implementation detail rather than an explicit part of the learning problem.
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2.4.4 Research Gap and Link to RQ3

The review of RL and MORL for wireless scheduling identifies four limitations that jointly
motivate RQ3. First, existing wireless MORL formulations often rely on static scalarization,
manually specified preferences, or multiple trained policies, which limit runtime adaptabil-
ity under changing O-RAN conditions. Second, context-aware preference inference remains
underdeveloped: current methods rarely infer the EE-connectivity- reliability-interference
priority vector directly from real-time network state. Third, the centralized/distributed
O-RAN deployment trade-off is not fully resolved; centralized MORL can model inter-cell
coupling, but faces state-dimensionality and control-loop constraints, while distributed or
CTDE-based MORL scales better but suffers from non-stationarity, coordination overhead,
and incomplete observability. Fourth, no existing external work validates a single adaptive
MORL scheduler under the combined conditions of dense multi-cell NOMA, FBL reliability
constraints, decision-dependent inter-cell interference, and O-RAN near-real-time execu-
tion feasibility.

2.5 Cross-Cutting Themes: Sustainability and O-RAN Alignment

The three challenges reviewed above are connected by two cross-cutting themes: sustain-
ability and O-RAN alignment.

First, sustainability in 6G cannot be reduced to transmit-power minimization. Ahmad
et al. [15] argue that sustainable 6G must jointly account for energy, reliability, fairness,
adaptability, and environmental impact. Li et al. [7] highlight the importance of green
wireless design and carbon-aware network operation. Wang et al. [9] position energy
efficiency and sustainability as co-equal design objectives alongside throughput, latency,
coverage, and reliability. The ITU-R IMT-2030 framework similarly treats sustainability
as a core capability rather than an auxiliary performance metric [10, 40, 13]. The O-RAN
green communication report reinforces this view by emphasizing that virtualized, software-
defined RAN control introduces new opportunities for energy management but also new
responsibilities for computational energy accounting [41].

Second, sustainable scheduling must be cross-layer and architecture-aware. O-RAN
provides a practical integration point because the Near-RT RIC can observe RAN teleme-
try through E2 and apply xApp-based control decisions. However, this observability is
bounded by interface latency, telemetry granularity, and control-loop feasibility. Therefore,
a scheduler must not only optimize physical-layer metrics such as SINR and rate; it must
also account for service-level requirements, interference coupling, and software-execution
constraints. Blanco et al. [16] provide an architectural vision for scalable and sustainable
6G networks, while Larsen et al. [46] show that green RAN design must include both radio
and virtualization aspects. Li et al. [111] and Polese et al. [37] further support the need for
context-aware control that bridges physical-layer state and higher-layer service objectives.

This thesis operationalizes sustainability and O-RAN alignment through three mech-
anisms. First, inter-O-DU coordination reduces decision-dependent ICI and lowers the
transmit power required to satisfy SINR targets. Second, FBL-aware optimization prevents
over-admission and over-optimistic EE estimates caused by IFBL capacity assumptions.
Third, preference-conditioned MORL allows the scheduler to adapt the trade-off among
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EE, reliability, connectivity, and interference according to the current network context. The
dynamic preference motivation is consistent with Heo et al. [109], who show that adaptive
preference mechanisms can improve generalization under changing conditions.

2.6 Consolidated Gap Analysis and Mapping to Contributions

The challenge-aligned review identifies three research gaps that form a progressive se-
quence. Gap 1 concerns coordination and scheduler-level energy accounting in O-RAN.
Gap 2 concerns physical-layer realism through FBL-aware multi-cell NOMA optimization.
Gap 3 concerns adaptability through preference-conditioned and conflict-stable MORL.
Table 3 maps each gap to the corresponding research question, external motivating litera-
ture, thesis contribution, and technical chapter.

Table 3: Consolidated research gaps, motivating literature, and corresponding thesis contributions.

# Research question Key moti- Thesis contribution  Ch.
vating
works
Gap1 RQ1: How can inter-O-DU [49, 50, Publication | and Ch (4)
coordination and 54,18, 38, Publication Il:
scheduler-level energy 42,43, 44]

profiling be designed within
O-RAN interface constraints
for massive mMTC?

Gap2 RQ2: How can multi-cell [54, 21,77, Publication Ill and Ch (5)
NOMA scheduling be jointly 78,79, 68, Publication IV:
optimized for EE and 87]

connectivity under FBL
constraints and inter-cell
interference?

Gap3 RQ3: How can MORL learna [107,108, Publication (V) and Ch (6)
single adaptive policy that 103,104,  Publication (VI):
generalizes across preference 105, 109,
trade-offs and dynamic 52, 23]
conditions in 6G O-RAN?

The dependency among the gaps is central to the thesis narrative. Gap1is the architec-
tural prerequisite: without inter-O-DU coordination, the interference environment remains
uncontrolled, and neither analytical optimization nor learning-based control can deliver
predictable multi-cell performance. Gap2 follows from Gap1: once interference coordi-
nation is introduced, the physical-layer model must be accurate for mMTC short-packet
transmissions, which require replacing IFBL assumptions with FBL-aware reliability and
rate constraints. Gap3 follows from Gap2: even if the FBL-aware optimization problem
is correctly formulated, it cannot be solved from scratch at near-real-time scheduling
cadence, motivating adaptive MORL-based policy learning.
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This progression also defines the bridge to the technical chapters. Chapter (4) addresses
Gap1 by developing inter-O-DU coordination and scheduler-level energy profiling. Chap-
ter (5) addresses Gap2 by formulating and solving FBL-aware EE-connectivity optimization
for multi-cell NOMA mMTC. Chapter (6) addresses Gap3 by introducing an adaptive MORL
framework for preference-aware and conflict-stable 6G scheduling.

2.7 Chapter Summary

This chapter has provided a challenge-aligned synthesis of the state of the art in sustainable
RRM for 6G mMTC networks. Rather than surveying the literature by technology domain,
it has followed the logical sequence of the thesis: coordination, physical-layer realism, and
adaptability.

The review leads to three central findings. First, existing O-RAN scheduling studies
provide a programmable architecture for intelligent RAN control, but they do not jointly
solve inter-O-DU coordination, FBL-consistent evaluation, and scheduler-level computa-
tional energy profiling. Second, existing NOMA and FBL studies show the importance of
short-packet reliability and multi-cell interference, but no external work simultaneously
addresses EE maximization, connectivity maximization, FBL constraints, and inter-cell inter-
ference coordination in scalable multi-cell NOMA. Third, existing wireless MORL studies
demonstrate the promise of multi-objective policy learning, but they often rely on static
preferences, multiple policies, or simplified interference models, and they rarely account
for O-RAN deployment feasibility.

These findings map directly to RQ1-RQ3. Together, they motivate the thesis contribu-
tions as a coherent research program: first, coordinate the distributed O-RAN scheduler;
second, make the physical-layer optimization short-packet aware, and third, learn adaptive
multi-objective policies that can operate within the timing and computational constraints
of future O-RAN-enabled 6G systems.
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3 System Model

3.1 Overview

This chapter establishes the unified system model that underpins all technical contributions
of this thesis. Three model families are developed: a baseline uplink model shared across
all papers (Section 3.3); a non-cooperative multi-cell extension that isolates the cost of
independent scheduling (Section 3.4); cooperative multi-cell realizations that introduce
coordination and short-packet reliability (Sections 3.5); and a cluster-based model for near-
real-time RL control (Section 3.6). The design rationale for this progression is discussed in
Section 3.9.

Throughout, the uplink is modeled over a finite set of orthogonal resource blocks
(RBs), indexed by r € Z = {1,...,R}. Users are indexed by u (or i), and cells by s (or m),
depending on the paper. Under NOMA, up to a maximum number of users can share
the same RB; this parameter appears as M or N,, in different papers and is unified here
as Knax. The Shannon rate is used as the achievable rate model in all models using an
SINR-based expression except the cooperative variant (Publications I1), where it is replaced
by a finite-block-length (FBL) normal-approximation expression

To avoid symbol fragmentation across the rest of the thesis, a unified notation is intro-
duced in 3.2 (Table 4) and used consistently throughout. The design rationale connecting
these model families to the three research questions is discussed in Section 3.9; a quick-
reference constraint and notation summary is provided in Section 3.10

3.2 Unified Notation, Symbols, and Constraints

Table 4 provides a single unified notation used throughout this thesis and explicitly recon-
ciles symbol differences across the papers (e.g., M vs. N,,, G vs. h, p vs. P). Unless otherwise
stated, all users and base stations have a single-antenna. The technical contributions of this
thesis are consolidated from multiple publications and are presented across Chapters (4-6).
Because each publication introduces its own symbol choices and notation conventions (for
example different indices for cells and users, different symbols for channel gains (e.g., G vs.
h), and different representations of multiplexing limits (e.g., M vs. N,,)) directly reusing
the original notations would make cross-chapter comparison difficult and increase the risk
of ambiguity or inconsistent interpretation.

To ensure clarity and consistency, the thesis adopts a single unified notation that is used
throughout the system model (Chapter (3)) and referenced consistently in later chapters.
The mapping between the original chapter-specific notations used in Chapters (4-6) and
the unified notation adopted in this thesis is provided in Table 4, whereas the constraints
relevant to the models are listed in Table 5. This enables the reader to interpret all models,
constraints, and results using a single coherent symbol set while preserving traceability to
the original papers.
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Table 4: Unified notation used in this thesis and reconciliation with symbols used across the papers.

Unified symbol Meaning Also written as
s Set of cells and cell index. M, m
U, u Set of users/UEs in cell s and UE index. N, 0
R, r Set of RBs/resource block and RB index. k,n

R Number of RBs/resource block. K
Kinax Max. number of NOMA users multiplexed on a single M, N,
RB (SIC/receiver constraint).
s Binary RB assignment: a,(,fg = 1if UE uin cell s uses RB xl(’,zl
r.
pur,s UE transmit power allocated on RB r (continuous). Pl(f,z
Pmax Maximum UE transmit power constraint. Prax
hi,is Channel coefficient/gain from UE u to serving cell s on Gifg
RB r.
\h,(fls|2 Power gain used in SINR expressions (path loss, shad- Gl(,rz
owing, fading).
By Bandwidth of one RB/resource unit (e.g., 180kHz in w
LTE-like numerology).
61%, Noise power on one RB (Ny: noise spectral density). NoBo
i SINR of UE uin cell s on RB . SINR!")
Ymin Minimum SINR/QoS constraint for successful decoding. Ihin
g L FBL decoding error probability and block-length. &n

Note: When the original paper uses gains G directly, interpret G = |h|2. When it uses channel

coefficients A, interpret gains as |

i
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3.3 Uplink System Model

Network abstraction and scheduling locus

This thesis adopts a baseline uplink model aligned with the multi-cell RAN scheduling
viewpoint Publication (I-VI). Scheduling decisions are taken at the cell side (e.g.,gNB
scheduler), over RBs r € %, serving a set of UEs %; in cell s. For OMA, at most one UE
occupies an RB in a given cell. For NOMA, up to K,.x UEs may be multiplexed on the same
RBin acell.

Shannon Infinite Block length (IFBL) rate

For UE u in cell s scheduled on RB r, the Shannon-style uplink rate is
R = Bolog, (1+417) (2)
where }/,ﬁrs) is the corresponding SINR.

Generic SINR

The SINR experienced by a scheduled UE on a given RB depends on the strength of its
own signal, intra-cell interference from co-scheduled NOMA users on the same RB, an

(r)

inter-cell interference term Iy’ (whose specific form varies across model families and is
left unspecified here), and thermal noise. A unified expression covering all model families
is
) = agfg hl(gslzpz(f,g 3)
u,s — .
Y ad P el + 1) + 0%
veU\{u} ¥

inter-cell interference model

intra-cell (NOMA) interference

where 15” is the aggregated uplink inter-cell interference received at gNB s on RB r from UEs

scheduled in all other cells  # s on the same RB.Depending on the paper, the SINR equation
may include (i) intra-cell co-channel interference (NOMA), (ii) a simplified or bounded
inter-cell interference term, and (iii) noise 61%,. For OMA, the intra-cell interference term is
zero because at most one UE is scheduled per RB in a cell, and can be defined as :

2 Y Y aOn P, “
tg,éy WE%

Channel modeling assumptions common to the thesis

Channel modeling is common across all system models because it drives (i) SINR and
feasibility, (ii) NOMA user grouping (strong/weak users), and (iii) interference coupling
strength across cells. A generic decomposition used throughout the thesis is:

hlgrﬂ)s - ﬁu,s gflz 5 (5)
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where:

¢ B, is the large-scale gain capturing distance-dependent path loss (and optionally
shadowing),

. gt(fg is the small-scale fading term (e.g., Rayleigh/Rician as appropriate),

. |hf£s|2 is used directly in the SINR expressions.

Large-scale propagation.

Across papers, large-scale propagation is modeled using a sub-6 GHz cellular path-loss
model appropriate for macro/micro coverage (e.g., variants of the Okumura-Hata model
in simulation-based studies). This choice provides realistic distance heterogeneity, which
is essential for: (i) creating the near-far structure exploited by NOMA, and (ii) producing
realistic interference graphs in multi-cell settings.

Small-scale fading and RB dependence.
Small-scale fading gffz is modeled as i.i.d. across users and RBs (or as flat fading per RB,
depending on the simulator resolution), with quasi-static behavior within each scheduling

interval (Assumption A2). This balances realism with tractable Monte Carlo evaluation.

Noise model.

Noise power on RB r is modeled as G]%, = NoBy, consistent with the SINR definitions
in Chapter (4). This is required for consistent feasibility evaluation under (C5) and for
reliability-aware rate evaluation under FBL (C7).

The channel model above is the minimal structure needed to (i) capture near-far effects
driving NOMA performance, (ii) quantify inter-cell interference coupling, and (iii) keep
the optimization and learning problems tractable across dense user populations. It also
ensures that comparisons across Chapters (4-6) reflect algorithmic differences rather than
inconsistent propagation assumptions.

3.4 Non-Cooperative Multi-Cell Uplink Model

This non-cooperative model is used in relation to Chapter (4-5) and Publications (I-Il1). In
a non-cooperative multi-cell setting, each cell schedules independently, without explicit
coordination with neighboring cells. The central modeling feature is that inter-cell inter-
ference is not controlled via cooperative decisions: instead, each cell optimizes its own
resources while treating interference from adjacent cells as a fixed background term.

Inter-cell interference approximation

When neighbouring cells do not share scheduling information, the exact inter-cell inter-
ference seen at gNB s on RB r given in Eq. (4) is unknown at scheduling time. To obtain
a tractable problem that nevertheless reflects realistic interference scaling, the inter-cell
interference is replaced by the following bounded, worst-case approximation:

Is(r) = Kmax Nadj Pmax Gadj (6)
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where N,qj denotes the number of adjacent interfering cells, and Gldj is an average (or
representative) interfering-channel power gain. This abstraction captures interference
scaling with the number of concurrent uplink transmissions in adjacent cells and their
maximum power, while keeping the model analytically and algorithmically tractable.

This approximation is adopted for three reasons. First, it is analytically tractable:
because Is(r) no longer depends on the scheduling decisions of neighbouring cells, the
optimization over {a%,pfﬁ} decouples across cells and can be solved on a per-cell basis.
This would not be possible if the exact decision-dependent ICI expression Eq. (4) were
used.

Second, it is conservative: by assuming all K,,x NOMA slots in every adjacent cell are
simultaneously occupied at maximum power pmax, the approximation provides an upper
bound on interference under fully loaded conditions. EE and connectivity gains reported
under this model are therefore achievable lower bounds that hold even in worst-case
loading scenarios.

Third, it isolates the research question of interest: as studied in Publications (I-111), the
model quantifies the cost of uncoordinated scheduling decisions under realistic interference
scaling, the reference point against which the cooperative models introduced in Section 3.5
are compared.

Non-Cooperative SINR

Substituting Eq. (6) into the generic SINR expression Eq. (3) gives the non-cooperative
SINR used across Publications (I-111). This non-cooperative model is used in the analysis
presented in Chapters (4-5). The following section introduces the cooperative extension, in
which neighbouring cells exchange scheduling information to make inter-cell interference
decision-dependent.

3.5 Cooperative Multi-Cell Uplink Model

The cooperative multi-cell uplink model addresses the central limitation of the non-
cooperative setting: inter-cell interference is no longer treated as a fixed worst-case bound,
but becomes decision-dependent, responding directly to the scheduling and power-control
choices made by neighbouring cells. Two cooperative realizations are developed in this
thesis, corresponding to Publications (IV) and (VI), respectively, and are presented sequen-
tially below.

Cooperative Interference-aware Multi-Cell NOMA with FBL

In this cooperative model, interference is computed directly from neighboring-cell user
schedules. Let .4 (s) C .7\ {s} denote the set of cells neighboring cell s. Then the inter-
cell interference term on RB r is written as,

2
K= Y Y d P )
teN (s) jEU
This definition makes inter-cell interference decision-dependent: if neighboring cells
avoid co-scheduling strongly interfering users on the same RB, Is(r) is reduced.
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Multi-cell SINR with Intra- and Inter-cell interference

This model uses explicit intra- and inter-cell interference terms. For UE u in cell son RB r,

,y(" _ aly,:)v ‘ht(tr—>>s|2 pz(;,g (8)
u,s — r r r r r r :
Y dln e+ Y Y il 2 pl) so2
ves\{u} teS\{s} j€%
intra-cell (NOMA) inter-cell (multi-cell)

FBL Rate Model

For short-packet mMTC transmissions, the classical Shannon capacity overestimates the
achievable rate because it assumes packets of infinite length. In practice, mMTC devices
transmit short bursts of data, and the finite number of channel uses per packet introduces
a rate penalty and a non-negligible decoding error probability. The achievable rate under
these conditions is modeled using the Gaussian normal approximation for the finite-block-
length (FBL) regime,

) (9)

where L is the block-length, ¢ is the target decoding error probability, 0! (+) is the
inverse Gaussian Q-function, and V () is the channel dispersion term (as defined in the
corresponding paper). This model supports reliability-aware connectivity definitions (e.g.,
successful decoding probability 1 — €). As L — oo, the penalty term vanishes, and the
expression converges to the Shannon capacity; for small L, the achievable rate is strictly
lower than the Shannon bound.

3.6 Clustered Cooperative Multi-Cell Model for Learning-Based Control

Publication (V) introduces a cluster-based model to keep learning-based control tractable
in O-RAN. Cells are partitioned into clusters (e.g., of size |¢’| = 3) and controlled at a
near-real-time interval T.;. In addition to SINR/rate, to support latency-aware scheduling
in the RL setting, the system state is extended with per-user uplink queue dynamics to
capture latency and stability considerations:

Qu,s (l+1) = max (07 Qu,s (t) +Au,s (t) —Ten Z a,(f) (t) RElr) (t)) y (10)
re#

where A, «(t) denotes arrivals (bits) for UE u in cell s at time 7. This cross-layer extension
enables multi-objective policy design that accounts for throughput, energy, and delay.

3.7 Constraints and Underlying Assumptions

Constraints common to the papers
Although this thesis considers multiple system-model variants (baseline uplink, non-
cooperative multi-cell, cooperative multi-cell, and learning-based clustered control), the
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scheduling and power-control problems share a common constraint structure. These
constraints ensure physical feasibility, decodability (especially under NOMA/SIC), and fair
comparability across Chapters (4-6).

C1: Binary scheduling decision.

A resource assignment indicator is binary:

alle {01}, Vs€. S ucU,rc. (1)

C2: Per-RB multiplexing constraint (OMA/NOMA).
Each RB can serve at most one UE in OMA, and at most K;,ax UEs in NOMA:

n L OMA
Y aus < Vse. re. (c2)
MGOZ/X Kmax7 NOMA

This constraint reflects the limits on receiver and SIC complexity and is therefore necessary
for implementation.

C3: Per-UE allocation limit.

To bound control overhead and reflect practical uplink scheduling granularity, each UE can
be restricted to a maximum number of RBs per scheduling interval:

Y al) <RMX, Vse.S ue U, (c3)

us
re#

where R’ =1 is a common simplifying choice in massive access studies (and can be
relaxed if needed).

C4: Transmit power feasibility.

Transmit power is non-negative and bounded (either per-RB or total per-UE, depending on

the chapter/paper):
0< P} < Pras  Vs,uyr, (C4a)
Z aur,g pt(tr,s < Pmax, Vs, u. (C4b)
re#

The total-power form (C4b) is often preferred for battery-powered mMTC devices.

C5: QoS feasibility via SINR threshold.

Scheduled transmissions must satisfy a minimum SINR requirement. A compact way to

write this is:
’YL(:S) 2 al(drg }’mim vsv u,r, (CS)
so that the constraint is active only when aﬁﬁ =1.
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C6: NOMA reception assumption (uplink SIC at the receiver).

In uplink power-domain NOMA, multiple UEs may share the same RB, and the receiver (gNB)
is assumed to perform SIC. In this thesis, SIC is treated as a receiver-side capability rather
than as an explicit optimization constraint; i.e., we do not model SIC stages, decoding-order
constraints, or residual cancellation errors. Instead, NOMA feasibility is ensured through
(i) the multiplexing bound Kpax in (C2), (ii) power feasibility in (C4a)- (C4b), and (iii) QoS
enforcement via the SINR threshold in (C5), together with the structured user grouping
and power-control rules described in Chapters (4-5).

SIC feasibility enforced via (C2), (C4a)- (C5), and structured user grouping/power rules.
(C6)

C7: Reliability constraint under FBL.

For short-packet mMTC modeling (Chapter (5)), reliability is incorporated via an error
probability constraint:

&) < Emax,  Vs,ur (c7)

)

where e[EfS is linked to the FBL rate model in Eq. (9).This constraint is necessary because

Shannon-rate feasibility can be overly optimistic for short packets.

C8: RL feasibility (Chapter (6)).

In the RL/MORL setting, joint RB-assignment and power-allocation actions must satisfy the
physical feasibility constraints C1-C5 at every control step. When the FBL reliability model
is active, C7 is enforced in addition. Queue and backlog evolution follow Eq. (10).

a, satisfies (C1)- (C5) (C8)
0,.5() evolves per Eq. (10).

3.8 Underlying assumptions

The following assumptions are shared across the thesis system models to ensure tractability,
comparability across contributions, and relevance to massive connectivity deployments.

(A1) Single-antenna uplink abstraction (SISO). Devices are modeled as single-antenna
transmitters, and the receiver as a single-stream uplink endpoint per cell. This isolates the
core bottlenecks of massive access-RB scarcity, interference coupling, and power control,
keeping cross-paper comparisons consistent.

(A2) Quasi-static block fading within a scheduling interval. Channel gains are assumed
to be constant within a scheduling interval (slot/sub-frame/control interval T;) and may
change independently across intervals. This is required so that scheduling decisions based
on current channel estimates remain valid for the full duration of one interval, and so that
SINR feasibility constraint (C5) can be evaluated consistently.
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(A3) Interference treated as additive and Gaussian. Intra-cell and inter-cell interference
contributions are summed in the SINR denominator (Egs. (3) and (8)). This standard ab-
straction is necessary to enable analytic optimization formulations and to support scalable
simulation-based evaluation.

(A4) Scheduling time alignment across cells. Multi-cell models assume that neighbouring
cells’ scheduling intervals are aligned, so that RB collisions and ICl on RB r are well-defined.
This does not require perfect synchronization in practice, but it is necessary to define
interference coupling and coordination objectives in a tractable way.

3.9 Model Evolution

These model stages form a coherent ladder: from baseline uplink scheduling, to non-
cooperative interference exposure, to coordinated and reliability-aware control capable of
addressing the thesis objectives of EE and massive connectivity at scale. Chapters (4 -6)
build upon this foundation, each employing the appropriate model family.

Stage 1: Uplink Multi-cell model to isolate scheduling trade-offs

The thesis begins from a baseline uplink multi-cell abstraction Section 3.3) to quantify
the fundamental trade-off between OMA and NOMA under massive connectivity: NOMA
increases multiplexing by allowing multiple UEs per RB (bounded by K,.x), while requir-
ing careful interference and power management to preserve SINR and EE. At this stage,
inter-cell interference may be simplified or bounded to highlight the impacts of intra-cell
scheduling and power allocation.

Stage 2: Non-cooperative multi-cell model to expose the cost of uncoordinated decisions
The second stage introduces explicit multi-cell effects without coordination (Section 3.4).
The core question is: how severely does massive uplink activity degrade performance when
each cell schedules independently? A tractable worst-case interference abstraction Eq. (6)
makes it possible to evaluate connectivity and EE under realistic interference scaling, while
still allowing algorithmic development and interpretation.

Stage 3: Cooperative multi-cell models to answer sustainability questions

The final stage shifts to cooperative multi-cell models (Section 3.5), because the thesis asks
What coordination mechanisms are effective in O-RAN to mitigate inter-cell interference
while scaling to massive users?

e The reliability-aware FBL model Eq. (9) is needed to evaluate sustainable massive
connectivity under short-packet mMTC conditions where Shannon rates are opti-
mistic and decoding error probability matters.

e The clustered RL model Eq. (10) is required to study multi-objective control policies
in near-real-time O-RAN settings, where scalability and delay/queue dynamics are
first-class constraints.
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Together, the three model families form a coherent ladder: from baseline uplink scheduling,
to non-cooperative interference exposure, to coordinated and reliability-aware control
capable of addressing the thesis objectives of EE and massive connectivity at scale.

3.10 Constraints Reference Summary

To support quick cross-referencing in Chapter (4-6), Table 5 summarizes the common
constraints used throughout this thesis. Unless otherwise stated, symbols follow Table 4,
and constraints follow Section 3.7.

Table 5: Reference summary of common constraints used across Chapters (4-6). For symbol definitions
see Table 4.

ID Label Statement / equation Active in
C1 Binary scheduling a,(,fg €{0,1}, Vs,u,r. (C1) Ch. 4-6
c2 Per-RB multiplexing ¥, al) < 1 (OMA) or < Ky (NOMA), Ch. 4-6
Vs,r. (C2)
c3 Per-UE RB limit ¥, al) < RMX, Vs,u. (C3) Ch. 4-6
ca Power feasibility 0 gpﬁ,’z < Pmax, Vs,u,r. (C4a)-(C4b) Ch.4-6
cs QoS via SINR thresh- 170 > al) Yuin, Vs,u,r. (C5) Ch. 4-6
old
Cé NOMA/SIC decod- Enforced via (C2)-(C5), and struc- Ch. 4-5
ability tured user grouping (Cé).
c7 FBL reliability &) < ema» Vs,u,r, linked to (9). Ch.5only
(C7)
Cc8 RL feasibility Actions satisfy  (C1)-(C5) ; queue Ch. 6 only

evolves per Eq. (10) (C8).

Usage in later chapters: Chapters (4-6) refer to constraints (C1)-(C5) as the baseline
feasibility set; Chapter (5) additionally uses (C7) for short-packet reliability; Chapter (6)
uses (C8) to ensure learned policies remain physically feasible and comparable to
analytical baselines.
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4 Coordination and Scheduling in O-RAN Architecture

4.1 Chapter Overview and Motivation

This chapter is based on Publications (I) and (ll). It instantiates the baseline uplink O-
RAN model from Section 3. The Inter-O-DU coordination per-RB scheduling decisions and
SINR/rate evaluation follow Sections 3.3 and 3.4 (Egs. (2)-(3)), while O-DU coordination is
realized via the explicit decision-dependent ICI of Section 3.5 (Eq. (7)).

1. INTELLIGENT ( Non-RT RIC Al Near-RT RIC
CONTROL LAYER = Apps —>| xops {%
« long-term optimization « real-time coordination O
Hierarchical intelligence « policy generation + scheduling decisions
for policy, L

'
and decision making. 1 real-time feedback

| (state/interference / load)
:

0-CU-UP
PDCP/
[ userplane |

(ocucr |
RRC/ signaling /
control

2. COORDINATION &
SCHEDULING LAYER

Centralized control with
distributed execution J
and inter-DU coordination. q

Inter-O-DU Coordination
Coordinated Scheduling & Resource Sharing

2 P = Bl O i

——p Control / Policy Flow
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Fronthaul Fronthaul

!
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devices served by l 3 l J @
distributed RUs.
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across cells and layers scheduling mMTC / 6G scenarios energy efficiency

Figure 3: Conceptual O-RAN coordination and scheduling architecture for massive mMTC access. The
figure illustrates hierarchical control across the Non-RT RIC, Near-RT RIC, O-CU, and distributed O-
DUs, where inter-O-DU coordination supports scheduling and resource-sharing decisions to mitigate
cross-cell interference. Real-time feedback from the radio access layer enables adaptive resource
allocation, improved reliability, and energy-efficient operation in dense 6G deployments.

As illustrated in Fig 3, O-RAN disaggregates the traditional monolithic base station into
an Open Distributed Unit (O-DU), an Open Central Unit (O-CU), and an Open Radio Unit
(O-RU), interconnected through standardized open interfaces. The Non-RT RIC (rApps) and
Near-RT RIC (xApps) add hierarchical intelligence via the A1 and E2 interfaces, operating
on timescales above 1 s and between 10 ms and 1 s, respectively. This architecture en-
ables programmable scheduling policies that were impractical in proprietary monolithic
deployments. However, in ultra-dense mMTC scenarios where adjacent cells frequently
co-schedule users on the same RB, each O-DU’s independent scheduling decisions gen-
erate decision-dependent ICI that cannot be mitigated without cross-cell coordination.
This chapter addresses RQ 1 by developing and evaluating inter-DU coordination for uplink
scheduling under massive connectivity, and by establishing that the computational cost
of scheduling intelligence must be treated as a sustainability parameter alongside radio
energy.

4.2 Related Work and Positioning

Chapter 2 (Sections 2.2.1) surveys the O-RAN architecture, programmable RIC-based control,
and the energy-efficiency literature in detail. The present chapter builds on that foundation
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and addresses two specific gaps left open by the surveyed works.
First, despite substantial progress in O-RAN specification and xApp deployment [117, 118, 37],
no published work had proposed an inter-O-DU coordination mechanism that explicitly
targets decision-dependent ICl in a multi-cell NOMA uplink while remaining compatible
with O-RAN'’s distributed architecture-that is, without joint transmission or centralized
channel knowledge (Section 2.2.1). Second, as identified in Section 2.2.2, evaluations
of NOMA-based scheduling in O-RAN had not accounted for the computational energy
consumed by scheduling algorithms executing on edge hardware, leaving a benchmarking
gap that prevents energy-aware algorithm selection for RIC-hosted schedulers.
Publication (1) fills the first gap by proposing an inter-O-DU architecture in which neigh-
bouring O-DUs share forward-looking scheduling tables so that each scheduler can predict
and reduce the interference it imposes on adjacent cells before finalizing its allocations.
Publication (I1) fills the second gap by developing an instruction-level complexity and energy
measurement framework that decomposes total scheduling energy into computational
and radio components, enabling a hardware-grounded sustainability comparison of OMA
and NOMA schedulers.

4.3 Methodology: Inter-O-DU Coordination (Publication (1))

We consider a multi-cell uplink with massive device density and limited RBs. Each O-DU
must jointly select binary RB assignments a,(,fg and, when applicable, transmit powers pf,’i
to meet QoS constraints (C5) under a power budget (C4b) while managing three coupled
sources of performance degradation: (i) intra-cell interference from NOMA co-scheduling
(bounded by Knax, constraint C2); (ii) inter-cell interference from neighbouring O-DUs co-
scheduling users on the same RB; and (iii) the computational energy cost of the scheduling
algorithm itself, which must be bounded for near-real-time O-RAN execution. Crucially, ICI
is decision-dependent in this setting: it is not a fixed background term but a quantity that
improves as scheduling decisions across cells are coordinated. This coupling is precisely
what makes inter-O-DU coordination valuable and what distinguishes this problem from
the non-cooperative baseline established in Section 3.4.

Publication (I) proposes an inter-O-DU coordination architecture in which each O-DU
shares its scheduling table with adjacent O-DUs before finalizing resource allocations. The
scheduling table records each candidate user, the RB it would occupy, and the associated
channel gain. Using the received tables from neighbors, each O-DU’s scheduler computes,
for every candidate user-RB pair, the predicted inter-cell interference that the user would
experience given the current candidate allocations in adjacent cells (Eq. (7)). User-RB
combinations that generate lower predicted ICI are prioritized, while those that would
impose severe mutual interference on neighbouring cells are deferred. Once allocations are
finalized, power coefficients are assigned by user channel quality to ensure SIC decodability
at the receiver: users with good channel conditions (close to the serving O-DU) are assigned
14 dBm, middling-channel users 20 dBm, and poor-channel users the full 23dBm. This
structured power assignment ensures sufficient received-signal separation for successive
interference cancellation without requiring exhaustive power optimization.

The coordination mechanism differs from Coordinated Multi-Point (COMP) in a critical
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respect: each O-DU serves only its own users, and no joint transmission is performed. The
shared information is limited to forward-looking scheduling, specifically, which users are
candidates for which RBs in the next allocation interval, making the approach lightweight
and compatible with the E2 interface latency budget.

4.4 Methodology: Computational Energy Modeling (Publication (1))

Publication (Il) develops an energy consumption evaluation framework for scheduling
algorithms running on edge hardware in an O-RAN-aligned setting. The motivation is that,
as schedulers migrate from proprietary hardware to software running on commercial-off-
the-shelf processors, the energy consumed by algorithm execution becomes non-negligible
relative to radio transmission energy, particularly at the near-real-time control cadence of
the Near-RT RIC.
The framework decomposes the total energy per scheduling interval into two additive
components:
Eiotal = Eradio +ECOmputca (1)

where E,,4i is the aggregate transmit energy across all scheduled users and RBs, and
Ecompute is derived from an instruction-level complexity analysis. For each scheduling
algorithm, the number of floating-point operations and memory accesses per scheduling
interval is counted, and an energy-per-instruction coefficient-calibrated to representative
edge-processor specifications-is applied to obtain a joule-per-interval computational cost.
This decomposition enables a hardware-grounded comparison of OMA, the proposed
EERS-MTCN NOMA scheduler, and the exhaustive-search ESAP-NOMA baseline that would
not be possible from radio KPIs alone.

An important and counter-intuitive finding of this methodology is that a simpler al-
gorithm with lower per-interval computational energy is not automatically the better
sustainable choice: the joint metric E, must account for the radio EE improvement
delivered by the more computationally demanding algorithm. This nuance is explored in
the results below.

4.5 Results and Discussion

Results: Uplink Throughput

Fig. 4 shows the cumulative distribution function (CDF) of uplink throughput for coordi-
nated and stand-alone O-DU scenarios under both OMA and NOMA. The coordination
architecture consistently improves throughput at every percentile. At the 50th percentile,
OMA with inter-O-DU coordination achieves approximately 115 kbps compared to roughly
80 kbps for stand-alone OMA, a gain of approximately 43%. At the same percentile, coor-
dinated NOMA outperforms its stand-alone counterpart by approximately 75 kbps, with
a maximum throughput gain of 30%. The figure also reveals that OMA achieves higher
per-user throughput than NOMA in absolute terms, because OMA assigns each RB exclu-
sively to one user, eliminating intra-cell NOMA interference and achieving a higher per-user
SINR. However, OMA does so at the cost of serving fewer simultaneous users, which is the
fundamental connectivity trade-off explored next.
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Figure 4: Cumulative distribution function (CDF) of uplink throughput for Inter O-DU coordinated and
stand-alone O-DU scenarios under NOMA and OMA schemes. The figure highlights the throughput
gains achieved through inter O-DU coordination and illustrates the performance advantage of NOMA
over conventional OMA across different percentile levels. Reproduced from our (Publication 1).

Energy consumption and connected devices:

Coordination also reduces energy consumption across both access schemes: at the median,
coordinated OMA achieves approximately 40% lower energy expenditure than stand-alone
OMA, while coordinated NOMA reduces energy consumption by approximately 10% rela-
tive to its uncoordinated counterpart. Regarding device connectivity, both coordinated
and uncoordinated NOMA configurations support approximately 1.5 times as many si-
multaneously connected devices as OMA does, for both cell-center and cell-edge users.
The smaller relative energy gain under NOMA compared to OMA reflects the additional
interference management burden of intra-cell NOMA multiplexing, which coordination
does not address. Energy CDF curves and the connected-device breakdown by user location
are presented in Publication (1) as in (Appendix 1).

Computational energy and the OMA-NOMA trade-off:

Fig. 5 shows the combined computational plus radio energy consumption of OMA, RAAP-
NOMA, EEPS-MTCN-NOMA, and ESAP-NOMA across user densities from 16 to 48 active
devices per cell. The results reveal an important nuance that would be invisible if only
radio KPIs were considered. OMA has a lower per-iteration computational energy than
EERS-MTCN, because OMA’s scheduling logic is simpler and requires fewer instructions per
interval; this is not a flaw in the analysis but an accurate reflection of the lower algorithmic
complexity of orthogonal scheduling.

However, EEPS-MTCN achieves a 27% EE improvement over RAAP-NOMA and delivers
superior combined E, across all evaluated densities, because its radio energy savings
from interference-aware user grouping and power allocation more than offset the addi-
tional computational cost. Conversely, the ESAP-NOMA exhaustive-search baseline has an
execution time approximately 10 times longer than EEPS-MTCN, making it computationally

53



3.00E-04

m OMA Computational Complexity

® RAAP-NOMA Computational Complexity

2.50-04 | M EEPS-MTCN-NOMA Computational Complexity 2.46E-04
M ESAP-NOMA Computational Complexity

® OMA Radio Transmission

2.00E-04 RAAP-NOMA Radio Transmission

M EEPS-MTCN-NOMA Radio Transmission 1.66E-04

1.50e-04 | ™ ESAP-NOMA Radio Transmission

8.26E-05
1.026-04
1.00E-04 7.406-05 9.07.0
3.85E-05 7.77€-0]

5.55E-05 5.77E-05
5.42E-05 ase 4.18E-05 . 0 S.ZSE-O 5 5.075-0.
5.00E-05 2.58E-05 g
230605\ g 30e 1805 5 39e-o.39€-0 I 1I5
6. 6 7.82E-0) .91:-0. 6 2
0.00E+00 7800

Energy Consumption (Joules)

16 24 32 40 48

Number of active devices per cell

Figure 5: Combined energy consumption analysis of computational complexity and radio transmission
for OMA, RAAP-NOMA, EEPS-MTCN-NOMA, and ESAP-NOMA schemes under varying user connection
densities (16-48 active devices per cell). The results demonstrate the scalability impact of increasing
user density on total energy expenditure, and highlight the relative efficiency of advanced NOMA-
based approaches compared to conventional OMA. Reproduced from our Publication (11).
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Figure 6: Total energy consumption, decomposed into computational complexity and radio trans-
mission, for OMA, RAAP-NOMA, EEPS-MTCN-NOMA, and ESAP-NOMA as a function of the number
of active devices per cell. The figure shows that total energy increases with network load for all
schemes, while the exhaustive-search baseline incurs the highest cost because of its substantially
larger computational burden. The results highlight the need to evaluate sustainability using the
combined energy cost rather than radio performance alone.
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impractical for near-real-time O-RAN deployment despite its marginally better radio EE
(approximately 15% better than EERS-MTCN in radio EE alone). The crucial point is that
sustainability evaluation in O-RAN must consider Eq, Eq. (11), not radio metrics in isolation:
a scheduler that appears optimal by radio KPIs may be unsustainable when computational
execution cost is included.

Fig. 6 complements the radio-performance analysis by quantifying the full energy cost
of each scheduling strategy, where total energy is obtained as the sum of computational
complexity and radio transmission cost. This is important because a scheduler that appears
favorable in radio-only terms may still be inefficient once algorithmic execution cost is
included. Across all active-device populations, the total energy consumption increases
monotonically, confirming that the scheduling problem becomes more demanding as
the system load grows. OMA remains comparatively lightweight because of its simpler
decision structure, whereas RAAP-NOMA and EEPS-MTCN-NOMA incur higher cost due
to more involved user-grouping and power-allocation logic. ESAP-NOMA exhibits the
steepest increase and the highest total energy consumption, which is consistent with the
overhead of exhaustive search. Taken together, the figure supports the thesis argument
that sustainable RAN design must be evaluated using the aggregate energy budget rather
than radio metrics in isolation.

Discussion

The results support three conclusions relevant to RQ1. Even without joint transmission,
interference-aware scheduling-table exchange between neighbouring O-DUs improves
massive-uplink scheduling outcomes in O-RAN. The coordination gain is most pronounced
for OMA, where the elimination of intra-cell interference leaves inter-cell ICI as the dom-
inant residual impairment; for NOMA, both impairments are present, and coordination
addresses only the inter-cell component. Algorithm selection in O-RAN changes not only
radio KPIs but also computational energy and execution time, which directly affect practical
deployment under Near-RT RIC latency constraints. A scheduling algorithm that achieves
marginally better radio EE at 10 times higher execution cost, as illustrated by ESAP-NOMA,
is not a viable candidate for real-time O-RAN deployment. Coordination reduces ICl but
does not eliminate it, and the Shannon rate model used throughout this chapter assumes
packet lengths long enough for the normal approximation to hold. In ultra-dense mMTC de-
ployments, devices transmit short packets, making Shannon-based rate expressions overly
optimistic and necessitating a reliability-aware model that accounts for finite-block-length
(FBL) penalties and non-negligible decoding error probabilities. Chapter (5) introduces
joint EE-connectivity optimization first under a non-cooperative interference model under
Shannon IFBL and the cooperative interference model under FBL constraints, directly ad-
dressing this residual limitation.

4.6 Chapter Summary

This chapter developed two O-RAN-aligned contributions to address RQ1. Publication (1)
demonstrated that lightweight, scheduling-table-exchange coordination between adjacent
O-DUs reduces decision-dependent ICI without joint transmission: at the 50th percentile,
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the coordinated OMA architecture achieves 43%, higher uplink throughput and 40% lower
energy consumption than the stand-alone baseline, while coordinated NOMA delivers
a 30% throughput gain and 10% energy reduction; both NOMA configurations support
approximately 1.5 times more simultaneously connected devices than their OMA counter-
parts for the same spectrum resources.

Publication (I1) showed that scheduling algorithm choice is a sustainability parameter in
O-RAN: EERS-MTCN-NOMA achieves a 27% EE improvement over RAAP-NOMA and delivers
4 times lower computational energy than the exhaustive-search ESAP-NOMA baseline
across all evaluated user densities (16-48 active devices per cell), while OMA-though com-
putationally simpler-offers lower combined E,, only when radio efficiency is disregarded.
Together, these results establish that sustainable massive-connectivity scheduling in O-RAN
requires joint optimization of interference coordination, radio efficiency, and algorithmic
execution cost. Chapter (5) builds on the cooperative interference model established here
and extends the optimization framework to include short-packet reliability constraints,
addressing the practical mMTC regime in which Shannon-capacity assumptions become
invalid.
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5 Sustainable Connectivity Optimization under 6G Constraints

5.1 Overview, Motivation, and Chapter Scope

This chapter develops sustainable resource scheduling methods for dense uplink NOMA net-
works based on Publications (l1I) and (IV). Publication (lll) establishes the non-cooperative
Energy-Efficient Resource Scheduling for Machine-Type Communications using NOMA
(EERS-MTCN) framework. It considers a multi-cell uplink scenario in which each cell sched-
ules its users independently while interference generated by neighboring cells is repre-
sented by a conservative fixed interference term. Publication (IV) extends this foundation
through the Sustainable and Reliable Scheduling for Machine-Type Communications in
NOMA (SRS-MTCN) framework, which explicitly models inter-cell interference coupling,
finite blocklength (FBL) transmission, and decoding reliability in a cooperative multi-cell
setting.

Chapter (4) demonstrated that coordination among distributed radio units can mitigate
decision-dependent inter-cell interference. However, two limitations of that analysis
motivate the present chapter. First, energy efficiency (EE) and connectivity were considered
primarily as separate performance objectives rather than as jointly coupled design goals.
Second, the earlier analysis relied on the Shannon-capacity rate model, which assumes
arbitrarily long codewords and negligible decoding error. These assumptions are not
appropriate for massive machine-type communication (mMTC), where devices generally
transmit short packets under strict energy and reliability constraints.

Under FBL transmission, the achievable rate is lower than the corresponding Shannon
rate and depends explicitly on block length, received SINR, and target decoding error
probability. Consequently, maximizing the Shannon-based sum rate does not necessarily
produce an energy-efficient or reliable scheduling decision for short-packet traffic. This
chapter therefore investigates how EE and reliable connectivity can be jointly improved
while accounting for both intra-cell and inter-cell interference.

The chapter addresses three related gaps. First, existing multi-cell NOMA studies
frequently optimize EE while treating connectivity as a constraint, an indirect consequence
of resource allocation, or a secondary metric. Second, many non-cooperative formulations
approximate neighboring-cell interference as fixed background interference and therefore
do not capture the decision-dependent coupling introduced by simultaneous scheduling
and power-control decisions across cells. Third, only a limited number of studies jointly
consider EE, connectivity, FBL reliability, and interference-aware multi-cell scheduling
within one framework.

Publication (lIl) addresses the first gap and partially addresses the second by formulating
EE and connectivity objectives under a fixed neighboring-cell interference approximation.
Publication (IV) completes this progression by introducing explicit multi-cell interference
coupling and cooperative FBL-aware scheduling and power refinement.

The chapter is organized as follows. Section 5.2 positions the two publications relative
to the state of the art. Section 5.3 presents the unified system perspective and distinguishes
the non-cooperative and cooperative configurations. Section 5.3.2- 5.3.4 introduces the
analytical formulations used in the two publications and explains their relationship in
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5.3.5. Section 5.4 describes EERS-MTCN and SRS-MTCN and compares their computational
requirements. The corresponding results are discussed in Section 5.5, followed by the
chapter summary and transition to multi-objective reinforcement learning (MORL).

5.2 Related Work and Positioning

The literature relevant to this chapter can be grouped into four categories: energy-efficient
NOMA allocation, connectivity-oriented scheduling, and FBL communication, multi-cell
interference coordination.

Energy-efficient resource allocation in multi-cell NOMA has been addressed through
optimization and learning-based methods. For example, [56] studies EE-oriented resource
allocation in heterogeneous small-cell NOMA, while [58] employs deep reinforcement
learning for RB assignment and power control. These approaches improve EE, but connec-
tivity is generally treated through QoS or admission constraints, and FBL reliability is not
jointly incorporated.

Connectivity-oriented scheduling has also been examined in NB-loT and mMTC. The
cooperative scheduler in [54] improves massive connectivity through interference-aware
scheduling across cells, but it does not formulate EE as a co-primary objective and does
not account for FBL decoding reliability. Consequently, existing studies provide important
partial solutions but do not simultaneously address EE, reliable connectivity, FBL transmis-
sion, and explicit multi-cell interference coupling.

The finite-blocklength framework introduced in [21] provides the theoretical basis for
quantifying the rate penalty and non-zero decoding error probability associated with short
packets. Subsequent studies have applied FBL theory to single-cell NOMA, short-packet
loT, URLLC, reconfigurable intelligent surface-assisted links, and cell-free massive MIMO.
Examples include [82, 83, 89, 119]. Although these works capture short-packet reliability,
most focus on rate, latency, outage, or EE in single-cell or weakly coupled settings and do
not jointly optimize reliable connectivity and multi-cell scheduling.

To the best of our knowledge, prior work had not integrated these dimensions within
a scalable cooperative uplink NOMA framework for dense mMTC. Publication (l11) estab-
lishes a computationally tractable non-cooperative baseline under a conservative fixed-ICl
approximation. Publication (IV) then introduces a network-wide cooperative formulation
in which inter-cell interference is recomputed as a function of the scheduling and power
decisions, while FBL rate and decoding-error constraints are incorporated directly into the
optimization process.

5.3 System Perspective and Analytical Problem Formulation

The two publications share a common uplink NOMA setting but differ in how inter-cell
interference and short-packet transmission are modeled. Consider a network containing a
set of cells .. Cell s € . serves a set of users %; over acommon set of RBs %. The binary
variable a;, ; € {0, 1} indicates whether user u in cell s is assigned RB r, and p;, ; denotes
its uplink transmit power. At most M users may share one RB through power-domain
NOMA. For each simulation scenario, a fixed number of active devices, denoted by N, is
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randomly distributed within each cell. Throughout this thesis, N refers to the number of
active devices per cell rather than a physical spatial density expressed in devices/m?.
This chapter instantiates two configurations which are described below, from the system
model in Chapter (3). Publication (lll) uses the non-cooperative model (Section 3.4) with a
bounded ICI approximation. Publication (IV) uses the cooperative FBL model (Section 3.5)

with an explicit, ICI sum and FBL rate R,(fz as defined in Eq. 9.

5.3.1 Non-Cooperative Fixed-ICl Model

Publication (l11) considers a non-cooperative multi-cell configuration in which each cell
performs scheduling and power allocation independently. Neighboring-cell interference is
not jointly coordinated. Instead, it is represented by the fixed approximation

I = MNACPuaxGac, (12)

where Nuc is the number of adjacent cells, Pyax is the maximum UE transmit power,
and Gac is the mean interfering channel gain from neighboring cells.

The SINR of user u in cell s on RB r is therefore written as

2
"EERS __ “ft,s|hﬁ,s\ Pus (13)
u,s - ror |21 r,fix 2"
Z av,s|hv.s‘ pv,s +[s' +GN
VEUs
v£u

This model captures the performance penalty produced by neighboring cells without
implying that their scheduling decisions are exchanged or coordinated. Accordingly, EERS-
MTCN is interference-aware but not inter-cell cooperative.

5.3.2 Publication lll Problem Formulation
The system EE is

Y Y ) aBlog(1+ ﬂ:EERs)

EERS __ SEL UEUre#

T = TRy Y Y

s€ESL UEUreR

(14)

Connectivity is represented by the number or density of scheduled users that satisfy
the minimum SINR and rate requirements:

KEERS = Kscale Z Z Z a{ml {'}’L:’,EERS 2 Y, Rbrt,s 2 Rmin} : (15)
s€.S re R ucUs

Publication (l1l) formulates EE and connectivity objectives under a common set of power,
RB-assignment, multiplexing, and QoS constraints. The design intent can be summarized
as

n;algc{nEERS7 KEERS } » (16)
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subject to
Constraints (C1)-(C4b), (17)

The formulation is a mixed-integer non-convex problem because of binary RB assign-
ments, the fractional EE objective, and intra-RB NOMA interference.

5.3.3 Cooperative FBL-Aware Model
Publication (V) replaces the fixed neighboring-cell term with an explicit inter-cell interfer-
ence summation. The SINR becomes

W 2.
,yr,SRS: us| us| pus (18)
u,s P
Z av,s|h pvs+ Z Z awl|h pwt+GN
VEUs te S wel
vE£U t#s
intra-cell interference inter-cell interference

Unlike (12), the inter-cell term in (18) depends directly on the RB assignments and
transmit powers selected in all neighboring cells. The scheduling problem is therefore
network-wide and cannot be decomposed into independent per-cell problem, There-
fore,achievable FBL rate is modeled as

REBE =B, |log, (1+93%%) — , (19)

where L is the blocklength, & ; is the decoding error probability, V(y) is the channel
dispersion, and B, is the RB bandwidth. As L — oo, the FBL penalty vanishes and (19)
converges to the Shannon rate.

5.3.4 Publication IV Problem Formulation
The system EE is computed using the achievable FBL rate:

Z a R" -FBL

u,s" uU,s

SRS _ Sur
niRS = M (20)
PC + Z a;,spz,s

S,U T

Connectivity is reliability weighted and is expressed as

KSRS = Kscale Z Z Z aus us (21)

S€ES reR ueUs

Because EE and connectivity have different physical scales, normalized versions of the
two objectives should be used in the scalarized formulation:

SRS KRS

= _ "IEE .

NEE = ref ? K= K'ref ) (22)
EE

where N and k™ are fixed normalization constants obtained from the simulation
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configuration or feasible reference bounds.
The joint optimization problem is then

on 1—-a)k
max fleg + ( )

3

Constraints (C1)-(C4b), (23)

subject to
Constraint C7 € Publication (IV)

where @ € [0, 1] determines the relative priority assigned to EE and connectivity.

5.3.5 Relationship Between the Two Formulations
The two formulations represent successive levels of modeling fidelity. Publication (l11)
establishes the underlying scheduling trade-off using Shannon rates, SINR-based connec-
tivity, and a fixed neighboring-cell interference approximation. Publication (IV) retains the
same fundamental resource-allocation variables but replaces the fixed-ICl term with an
explicit network-wide interference model and replaces SINR-only feasibility with FBL rate
and decoding-reliability constraints.

Accordingly, the SRS-MTCN problem reduces conceptually toward the EERS-MTCN
problem when the following limiting assumptions are introduced:

L—oo, g —0, [N i (24)

u,s

This relationship clarifies that SRS-MTCN is not an unrelated scheduler but a cooperative
and FBL-aware extension of the non-cooperative baseline.

5.4 Algorithm Design

5.4.1 EERS-MTCN

The EERS-MTCN algorithm decomposes the joint scheduling problem into resource schedul-
ing and power allocation. During resource scheduling, users are sorted according to their
channel gains and partitioned into sectors. Candidate NOMA groups are then evaluated in
terms of achievable rate, EE, and intra-RB interference under the fixed neighboring-cell
interference approximation in (12). Feasible groups satisfying the SINR and minimum-rate
requirements are assigned to RBs according to the interference- and EE-oriented selection
rule.

During power allocation, the RB assignments are fixed, and the transmit powers are
iteratively adjusted over the admissible power set. A power combination is retained only
when all scheduled users satisfy the minimum SINR and rate constraints. This decomposi-
tion substantially reduces the search space relative to exhaustive joint pairing and power
optimization.

The dominant operations are channel-gain sorting, candidate-group evaluation, and
discrete power search. If M and the number of examined power levels are bounded, the
resulting implementation has substantially lower complexity than exhaustive pairing. This
conclusion is also supported by the measured execution-time results, in which ESAP-NOMA
requires approximately one order of magnitude more computation than EERS-MTCN.
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5.4.2 SRS-MTCN

The SRS-MTCN algorithm preserves the scheduling-power decomposition while introducing
cooperative interference evaluation and FBL reliability. It contains three stages.

In the first stage, users are sorted by channel quality and organized into candidate NOMA
clusters. Sectorization and opposite-sector grouping reduce the number of possible user
combinations and promote channel diversity within each NOMA cluster. In the second stage,
each candidate cluster-RB assignment is evaluated using the network-wide SINR in (18).
The scheduler therefore accounts for the interference that an assignment produces in both
its own cell and neighboring cells. Candidate assignments that violate the FBL minimum-
rate or decoding-error constraints are discarded. In the third stage, transmit powers are
iteratively refined across the cooperating cells. Following each update, both intra-cell
and inter-cell interference are recomputed. The process terminates when the objective
improvement becomes smaller than a convergence tolerance or when the iteration budget
is exhausted.

The cooperative formulation assumes that the scheduling relevant channel, allocation,
and interference information is available to a network-wide coordinating entity or is ex-
changed among the cooperating schedulers within the considered coordination region.

5.4.3 Complexity Comparison

Let N denote the number of active users, R the number of RBs, S the number of cooperating
cells, M the maximum NOMA order, and I the number of power-refinement iterations.

The EERS-MTCN algorithm has time complexity &'(NlogN + N - M) per scheduling in-
terval. This is significantly lower than the exhaustive-search ESAP-NOMA baseline (ﬁ(N3)),
making it suitable for near-real-time execution.

A general upper bound for SRS-MTCN is
O (SNR+ RNlogN + ISRM) . (25)

For fixed bandwidth, cooperation region, NOMA order, and iteration budget, R, S,
M, and I are bounded by system design. Under this practical assumption, the dominant
dependence on the user population is

O(NlogN). (26)

If the number of RBs is allowed to scale linearly with the number of users, i.e., R = O'(N),
the conservative upper bound becomes

O(N?logN). (27)

These asymptotic results demonstrate polynomial scalability. However, near-real-time
feasibility should be established using measured execution latency on the intended com-
puting platform rather than asymptotic complexity alone.
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5.5 Results and Discussion

The results are organized according to the progression from the non-cooperative EERS-
MTCN baseline to the cooperative FBL-aware SRS-MTCN framework. Because the two
publications use different interference and rate models, their absolute EE values should
not be interpreted as a direct algorithm-to-algorithm comparison. Instead, each set of
results quantifies the performance gains relative to the baselines evaluated under the
same system assumptions.

5.5.1 EERS-MTCN: EE, Connectivity, and Execution Time
Publication (lll) addresses the following questions:

1. How does the number of active or admitted devices affect the achievable EE under
non-cooperative multi-cell operation?

2. How does the NOMA multiplexing order affect the trade-off between spectral reuse,
interference, and EE?

3. Can channel-aware and locally interference-aware scheduling improve energy effi-
ciency compared with conventional random scheduling strategies while maintaining
substantially lower computational cost?

These questions were investigated in publication (Ill) by comparing the proposed EERS-
MTCN algorithm against ESAP-NOMA and RAAP-NOMA over a range of user connection
densities and NOMA multiplexing configurations.

Figure 7 compares the achievable system energy efficiency of ESAP-NOMA, the proposed
EERS-MTCN, and RAAP-NOMA as the number of multiplexed NOMA users per resource
block increases. All three algorithms exhibit a gradual reduction in energy efficiency
with increasing multiplexing order, reflecting the fundamental trade-off between spectral
efficiency and energy efficiency in uplink NOMA systems. Although multiplexing more
users on the same resource block improves resource utilization and network connectivity,
it also increases intra-cell interference and transmit-power requirements to satisfy the QoS
constraints. Consequently, the increase in power consumption outweighs the throughput
gain, leading to a progressive decline in the achievable system energy efficiency.

Among the compared schemes, ESAP-NOMA achieves the highest energy efficiency
because exhaustive search identifies the globally optimal user pairing and power alloca-
tion. The proposed EERS-MTCN consistently outperforms RAAP-NOMA by incorporating
interference-aware user scheduling and QoS-constrained resource allocation, thereby
achieving higher throughput with more efficient resource utilization. While its energy
efficiency remains slightly below the exhaustive-search upper bound, EERS-MTCN provides
a substantially lower computational complexity, resulting in a favorable trade-off between
energy efficiency and implementation cost for practical multi-cell NOMA deployments.

Figure 8 illustrates the achievable system energy efficiency of the proposed EERS-
MTCN algorithm under different active-device populations per cell. For all network loading
conditions, the achievable energy efficiency decreases as the NOMA multiplexing order in-
creases from one to eight users per resource block. This behavior reflects the fundamental
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Figure 7: Comparison of achievable system energy efficiency versus the number of NOMA users
multiplexed per resource block for ESAP-NOMA, EERS-MTCN, and RAAP-NOMA. ESAP-NOMA attains
the highest energy efficiency, the proposed EERS-MTCN consistently outperforms RAAP-NOMA, and
all schemes exhibit a decreasing trend as the NOMA multiplexing order increases.
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trade-off between multiplexing gain and interference in uplink NOMA systems. Although
multiplexing more users on the same RB improves spectral utilization and connectivity, it
also increases intra-cell interference, successive interference cancellation (SIC) complexity,
and the transmit power required to satisfy the QoS constraints. Consequently, the addi-
tional power consumption grows more rapidly than the achievable throughput, resulting
in a gradual reduction in system energy efficiency.

Nevertheless, larger active-device populations consistently achieve higher energy ef-
ficiency because the scheduler has access to a larger pool of candidate users, enabling
more effective channel-aware user selection and interference-aware resource allocation.
This additional scheduling flexibility improves resource utilization without proportionally
increasing the total power consumption. These results demonstrate that the proposed
EERS-MTCN algorithm remains scalable across different network loading conditions while
effectively exploiting the increased scheduling diversity available in denser deployments.
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Figure 9: lllustrative visualization of the QoS-based connectivity and energy-efficiency relationship
for Publication (lll). (a) QoS-connected devices versus the number of active devices per cell. (b)
Corresponding EE-connectivity trade-off for ESAP-NOMA, EERS-MTCN, and RAAP-NOMA, illustrating
the relative behavior of the three scheduling algorithms.

Figure 9 provides an integrated conceptual interpretation of the joint energy-efficiency
and connectivity objectives investigated in Publication (lIl). Whereas the published results
evaluate these performance metrics separately under different active-device populations
and NOMA loading levels, the illustrative visualization combines them to highlight their
relationship. Figure 9(a) depicts the QoS-connected devices achieved by each scheduling
algorithm as the active-device population per cell increases. The dotted line represents
the ideal admission limit, corresponding to the hypothetical case in which all active devices
satisfy the minimum QoS requirements. In practice, increasing network load together with
the fixed inter-cell interference assumed in Publication (Ill) limits the number of devices
that can be simultaneously admitted.

Figure 9(b) presents the corresponding energy efficiency-connectivity operating points.
ESAP-NOMA defines the upper performance bound by exhaustively exploring all feasible
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user-grouping and resource-allocation combinations, whereas RAAP-NOMA provides the
lowest operating point because of its random allocation strategy. The proposed EERS-
MTCN operates close to the ESAP-NOMA performance frontier while requiring substantially
lower computational complexity, demonstrating that interference-aware scheduling and
channel-aware user grouping provide an effective compromise between energy efficiency,
QoS-based connectivity, and implementation complexity.

The execution-time results reported in Publication (Ill) provide a complementary as-
sessment of the computational efficiency of the three scheduling strategies. Although
ESAP-NOMA achieves the highest energy efficiency by exhaustively exploring all feasible
user-pairing and resource-allocation combinations, it requires approximately one order of
magnitude longer execution time than EERS-MTCN. In contrast, the proposed EERS-MTCN
achieves energy-efficiency performance close to the exhaustive-search benchmark while
substantially reducing computational complexity through interference-aware scheduling
and power allocation. Although RAAP-NOMA incurs the lowest computational cost, its
random resource allocation results in inferior energy efficiency and QoS-based connectiv-
ity. Collectively, these results demonstrate that EERS-MTCN provides a practical balance
between scheduling performance and computational efficiency, making it well suited for
dense uplink mMTC deployments.

5.5.2 SRS-MTCN: Interference, EE, Connectivity, and FBL Sensitivity

Publication (IV) extends the framework developed in Publication (lll) along two comple-
mentary dimensions. First, it augments the non-cooperative scheduling framework by
introducing cooperative multi-cell interference coordination, allowing neighboring cells
to exchange scheduling-related information and jointly mitigate inter-cell interference.
Second, it reformulates the resource-allocation problem using an FBL transmission model,
thereby explicitly incorporating decoding error probability into the optimization process
and accounting for the reliability limitations of short-packet communications in mMTC
networks. Consequently, the proposed SRS-MTCN framework jointly optimizes cooperative
interference management and reliability-aware resource allocation, providing a more real-
istic representation of practical 6G mMTC operation. From this perspective, Publication (V)
represents a natural progression of Publication (Ill): whereas the earlier work establishes
the benefits of interference-aware scheduling under fixed inter-cell interference, the latter
demonstrates how these gains can be further improved through cooperative interference
coordination and FBL-aware scheduling under reliability-constrained short-packet trans-
mission.

5.5.3 EE trends under cooperative FBL-aware scheduling

The performance of the proposed cooperative FBL-aware scheduling framework is eval-
uated in Figs. (10-12). Unlike the non-cooperative scenario investigated in the previous
publication, where increasing connection density resulted in a continuous degradation
of EE due to uncontrolled inter-cell interference, the cooperative framework exhibits a
peak-and-decline trend. This behaviour demonstrates the ability of coordinated resource
management to exploit additional multiplexing opportunities in moderate-density regimes
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before interference accumulation and finite block-length constraints become dominant.

9 Proposed SRS-MTCN Algorithm =@ SRS-MTCN minlInterference Variant Algorithm

x10 =4~ Coop-Scheduling Reference Algorithm -& RAAP-NOMA Algortihm
T T T T T T

14

12+ E

=
(=]
T
|

I~ ——
——
- —
- ——
—— -

——
rmm————
-

-
-

-

e

0 1 1 1 1 1 1
15 20 25 30 35 40 45
Number of active devices per cell

Achievable Energy Efficiency of System (bits/Joules)
2-NOMA users per RB

Figure 10: System-level EE comparison for 2 NOMA users per RB under varying user connection
densities. The proposed EERS-MTCN (maxEE and mininterference variants) outperforms RAAP-NOMA
and the reference algorithm across all density levels, demonstrating improved scalability and EE in
moderately loaded scenarios.

The improved performance is attributed to the joint optimization of NOMA clustering,
resource assignment, and power allocation across neighbouring cells. By incorporating
inter-cell coordination, EERS-MTCN can better balance the benefits of increased user
multiplexing against the resulting interference and reliability penalties introduced by FBL
transmission. However, beyond a certain density threshold, the additional scheduling
flexibility is insufficient to offset the increased interference and decoding complexity,
leading to a reduction in system-level EE.

For the 2-user NOMA configuration shown in Fig. 10, EERS-MTCN achieves the highest
EE throughout the considered user density range. The EE increases from approximately
8.0 x 107 bits/J at low density and reaches a maximum of approximately 1.3 x 10'° bits/J
around 40 active devices per cell, followed by a moderate reduction at higher densities.
The minInterference variant follows a similar trend but achieves lower EE, indicating that
prioritizing interference suppression alone limits the exploitation of available multiplexing
opportunities. In comparison, the cooperative reference scheme and RAAP-NOMA yield
lower EE values, demonstrating the advantage of jointly considering energy efficiency and
interference constraints in the scheduling.

A comparable trend is observed for the 4-user NOMA configuration in Fig. 11. The
proposed EERS-MTCN scheme again provides the highest EE and achieves approximately
1.26 x 100 bits/J at around 40 active devices per cell. At the same operating point, the
mininterference variant, cooperative reference algorithm, and RAAP-NOMA achieve approx-
imately 8.8 x 10%, 6.4 x 10°, and 4.8 x 10° bits/J, respectively. These results correspond
to EE improvements of approximately 35-177% depending on the selected benchmark.

For the 8-user NOMA configuration in Fig. 12, the impact of aggressive multiplexing
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Figure 11: System-level EE comparison for 4 NOMA users per RB as a function of user connection
density. Increasing the number of multiplexed NOMA users enhances EE performance for the proposed
EERS-MTCN schemes, highlighting their robustness and superior interference management compared
to baseline algorithms.

becomes more pronounced. Although cooperative scheduling continues to provide per-
formance improvements compared with the benchmark algorithms, the achievable EE
decreases compared with lower-order NOMA configurations. This reduction is caused
by increased intra-cell interference, SIC decoding complexity, and the stricter reliability
constraints associated with FBL transmission.
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Figure 12: System-level EE performance with 8 NOMA users per RB under different user densities.
The results illustrate the impact of higher NOMA multiplexing on EE and confirm that the proposed
EERS-MTCN approaches maintain performance advantages over RAAP-NOMA and the reference
method in dense mMTC deployments.

Interestingly, the mininterference variant becomes relatively more competitive in
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this high-density regime, indicating that interference minimization becomes increasingly
important when the number of simultaneously multiplexed users increases. These obser-
vations confirm that the optimal scheduling strategy depends on the operating regime:
energy-efficiency-oriented optimization is advantageous under moderate loading, whereas
stronger interference control becomes necessary under extreme multiplexing conditions.
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Figure 13: Reliability-weighted connectivity under finite-blocklength (FBL) transmission versus the
number of active devices per cell. The dotted line denotes the ideal connected-device limit, while
the proposed SRS-MTCN remains closest to this upper bound and outperforms the mininterference
variant, the cooperative scheduling baseline, and RAAP-NOMA across all evaluated loads.

Fig. 13 shows the reliability-weighted connectivity achieved by the cooperative FBL-
aware scheduling schemes as the number of active devices per cell increases. The metric
counts the effective number of connected devices after weighting each scheduled transmis-
sion by its decoding-success probability, thereby capturing the reliability penalty introduced
by finite-blocklength transmission. The proposed SRS-MTCN algorithm consistently re-
mains closest to the ideal connected-device limit and outperforms the mininterference
variant, the cooperative scheduling baseline, and RAAP-NOMA. The widening gap from the
ideal line at higher device populations reflects the combined effect of limited RB availability,
stronger intra- and inter-cell interference, SIC burden, and non-zero FBL decoding errors.

The FBL analysis further demonstrates the practical relevance of the proposed coop-
erative scheduling framework. Compared with the Shannon-based transmission model,
the FBL regime results in an EE reduction of approximately 30-40% due to shorter trans-
mission packets and enhanced reliability requirements of mMTC services. Nevertheless,
EERS-MTCN maintains significant improvements over the baseline approaches. Particularly
in the moderate-density range of approximately 16-48 active devices per cell, the pro-
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posed method achieves EE improvements of approximately 35-58%. These results confirm
that the proposed cooperative scheduler remains effective when realistic short-packet
constraints are taken into account. Therefore, the fourth publication extends the previous
non-cooperative framework by demonstrating that coordinated interference management,
combined with FBL-aware resource allocation, can enable sustainable, energy-efficient
operation for dense 6G mMTC networks.

5.5.4 Discussion

The cooperative results should therefore be interpreted in the context of a stronger
system model than that used for EERS-MTCN. In Publication (IV), the scheduler is not
only interference-coordinated across cells but also explicitly FBL-aware, meaning that the
achieved gains reflect joint optimization of clustering, interference-aware resource-block
assignment, and multi-cell power refinement under short-packet reliability constraints.
This makes the SRS-MTCN results complementary rather than directly equivalent to the
non-cooperative results: the former quantifies the benefit of coordination under practical
reliability constraints, whereas the latter establishes the baseline performance of purely
local interference-aware scheduling.

Unlike the non-cooperative case, where energy efficiency deteriorates monotonically
with increasing density and multiplexing order, the cooperative model can exploit growing
density more productively over a broader operating region. This is because the scheduler
can suppress harmful inter-cell interactions before they accumulate, rather than merely
reacting to them locally. The peak-and-decline pattern observed in Figs. (10-12) therefore
reflects a more balanced trade-off between resource reuse, cooperation gain, and FBL-
constrained reliability.

5.6 Chapter Summary and Bridge to Chapter 6

This chapter addressed RQ2 by developing and evaluating joint EE and connectivity opti-
mization frameworks for mMTC under multi-cell NOMA settings with interference coupling
and short-packet reliability constraints. Publication (l11) first demonstrated that substantial
EE gains can be achieved under non-cooperative operation through interference-aware
scheduling. In particular, the proposed EERS-MTCN framework achieved improvements of
up to 160% and 55% over NOMA reference schemes at a connection density of 300 active
devices per cell, depending on the multiplexing configuration.

Building on this foundation, Publication (IV) extended the study to cooperative and FBL-
aware scheduling through the SRS-MTCN framework. The results showed that coordinated
scheduling and power control can significantly reduce residual interference, achieving
approximately 70-80% interference suppression and 35-58% EE improvement over state-
of-the-art baselines in the 16-48 active devices per cell regime. These findings confirm that
interference-aware and reliability-aware resource allocation is essential for sustainable
massive connectivity in dense NOMA-based networks.

At the same time, the chapter reveals a methodological limitation of the optimization-
based approaches developed so far. The algorithms in Chapters (4 and 5) operate under
fixed optimization formulations and predetermined objective structures. As a result, they
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must be reconfigured or re-optimized when traffic patterns, interference conditions, or ser-
vice priorities change. This limitation becomes critical in practical 6G environments, where
operating conditions are highly dynamic and non-stationary. This motivates the transition
to Chapter 6, where the focus shifts from static optimization to adaptive policy learn-
ing. Specifically, Chapter 6 addresses RQ3 by introducing multi-objective reinforcement
learning for preference-conditioned scheduling, enabling online adaptation to changing
performance trade-offs without repeated manual retuning or complete reformulation of
the control problem.
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6 Reinforcement Learning for Multi-Objective Optimization

6.1 Overview

The third challenge identified in Chapter 1-adaptability requires that the scheduling frame-
work respond to time-varying channel conditions, fluctuating interference loads, and
shifting operator priorities without requiring repeated re-optimization. This chapter ad-
dresses that challenge through the following research question.

RQ3: How can MORL be employed to learn a single, adaptive scheduling pol-
icy that generalizes across preference trade-offs and dynamically responds
to time-varying network conditions in 6G systems?

Chapters (4 and 5) established, respectively, a coordination mechanism for mitigating
decision-dependent inter-cell interference and an analytically grounded optimization frame-
work for joint energy-efficiency (EE)-connectivity under finite-blocklength (FBL) constraints.
Both rely on deterministic, model-based solvers that must be re-invoked whenever the
network state or problem parameters change. In practical 6G deployments, user arrivals,
mobility-induced channel variations, shadowing, and neighbouring scheduling decisions
alter the network state continuously; operator priorities may similarly shift between reliabil-
ity, EE, and connectivity according to traffic class and service-level requirements. Resolving
the full multi-objective program within the 10-100 ms control-loop budget of the O-RAN
Near-RT RIC is therefore computationally impractical [18].

This chapter moves from fixed optimization formulations to policy-level adaptation.
MORL provides the natural formalism for this shift: it represents competing KPIs as a vector-
valued reward and learns Pareto-efficient policies rather than a single scalar optimum, and
the design space of scalarization, decomposition, and preference-conditioned methods is
now well documented [120, 121]. The proposed WiMO-CEPPO (Wireless Multi-Objective
Conditional Envelope PPO) framework learns a single scheduling policy that adapts both to
changing operating conditions and to shifting objective priorities. Adaptation to operating
conditions follows from training the policy across a distribution of channel, load, and
interference realizations; adaptation to objective priorities is achieved through a learned
Context-to-Preference Mapper (CPM) that translates the observed network state into a
preference vector at inference time. A single inference step, one forward pass through the
CPM, followed by one pass through the policy network, suffices to produce a resource-
allocation decision, keeping the approach compatible with Near-RT RIC latency constraints.

Publication (V) presents the core WiMO-CEPPO architecture for a single cell together
with a sustainability-oriented reward formulation with a wider continuous-control baseline
set, ablation, and KPI analysis. Publication VI broadens the evaluation across centralized
multi-cell architectures for O-RAN with an explicit hardware/compute deployability con-
straint along a discrete-control baseline set, ablation, and KPI analysis. Together, these
publications form the learning-based component of the thesis and provide the primary
response to RQ3.

The remainder of this chapter is organized as follows. Section 6.2 revisits the subset
of MORL literature most relevant to positioning the contribution. Section 6.3 maps each
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identified gap to the specific WiMO-CEPPO mechanism that addresses it. Section 6.4
describes the MO-MDP formulation and the three-component architecture. Sections 6.5
and 6.6 present the experimental setup, baselines, and results.

6.2 Related Work

Chapter 2 surveyed the broader literature on MORL for wireless resource management,
including scalarization-based methods, preference-conditioned policies, envelope archi-
tectures, and multi-agent formulations. This section revisits only the subset of prior work
directly required to position Publications (V) and (VI).

Limitations in Wireless Objective Coverage

Most wireless MORL studies optimize two or three objectives, typically EE, throughput,
or connectivity. In contrast, interference-coupled multi-cell uplink scheduling requires
the joint treatment of four: EE, connectivity, reliability, and cross-link interference (CLI)
mitigation [122, 113]. Toure et al. [122] showed that a single MORL agent can navigate
throughput-fairness trade-offs in wireless scheduling without retraining. Still, their formu-
lation is confined to two objectives and does not incorporate interference constraints or
deployment feasibility. Static-scalarization methods (e.g., MO-PPO [102]) lock the policy to
a single Pareto operating point; any change in network priorities requires full retraining,
which is incompatible with the dynamic priority shifts seen in 6G mMTC scenarios. The
limitation is also structural rather than merely practical: linear scalarization provably re-
covers only the convex portion of the Pareto front, so even an exhaustive weight sweep
leaves solutions in concave regions unreachable [123]. The gap, therefore, is a policy that
covers all four objectives at once and adapts to shifting priorities without re-optimization.

Limitations in Preference Adaptation

Preference-conditioned MORL lets a single policy represent multiple Pareto operating
points by conditioning on a continuous preference vector [103, 104, 124]. Complementary
lines of work reuse value information across preferences to improve coverage and transfer,
for example, through successor-feature bases that support optimal policy transfer between
weightings [125]. The critical limitation common to these approaches is that the preference
vector is assumed to be supplied externally at inference time. In wireless scheduling, the
appropriate trade-off depends on the current network context load, interference level,
reliability deficit, and service requirement, none of which is constant. Without an internal
mechanism for inferring preferences from observed state, such methods remain difficult to
deploy when conditions change faster than manual operator updates can be issued [103].

Limitations in Conflict-Aware Learning and Envelope Methods

In 6G uplink scheduling, objective conflicts are structural: increasing transmit power si-
multaneously improves SINR while degrading EE and inter-cell interference; aggressive
RB reuse improves connectivity while reducing SIC feasibility under NOMA superposition.
During policy-gradient learning, such conflicts manifest as opposing gradient directions,
causing oscillatory training and convergence to narrow Pareto arcs rather than broad
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coverage [108, 106]; obtaining verifiably broad coverage generally requires dedicated
front-discovery procedures [126]. One family of methods addresses the conflict at the
gradient level, combining per-objective updates so that improving one objective does not
destructively cancel another, whether by optimizing each objective in a distributional,
scalarization-free manner [127] or by aggregating gradients in a conflict-aware way under
constraints [128]. Envelope-based MORL methods [107] take a different route, improving
coverage by learning a convex piecewise-linear approximation of the multi-objective value
function; this approximation is static, however, fitted as a separate value representation
that does not respond to how severely objectives conflict at a given update step. What
remains absent in the prior literature is a mechanism that reacts to inter-objective gradi-
ent conflict as it occurs, damping updates only when objectives are locally incompatible
and learning at full strength otherwise, without maintaining a separately parameterized
envelope network.

Multi-Agent Architectures Across RAN Topologies

The choice of learning architecture is tightly coupled to the underlying RAN topology, and
the difficulty grows as that topology becomes more distributed. In a conventional single-
cell setting, a single agent observes one cell and treats neighbouring activity as external
interference: learning is stationary, and no coordination is needed, but the agent is blind
to the inter-cell coupling that dominates dense deployments. Extending to a conventional
multi-cell RAN, in which a central controller such as a C-RAN BBU pool holds a global
view, preserves a stationary single-agent formulation and restores coupling awareness, but
concentrates all telemetry and computation at one point, so cost scales with the number
of cells and the formulation assumes a fronthaul connectivity that is not always available.
In a distributed, O-RAN, control is partitioned across O-DUs, which makes multi-agent RL
(MARL) one autonomous agent per O-DU, the natural fit for the architecture.

The price of that distribution, however, is precisely the property that the single-cell and
centralized formulations avoid. MARL agents face non-stationarity; each agent’s environ-
ment shifts as the others learn, an effect most severe in the high-density, high-interference
regimes of interest, where the very coupling that motivates coordination also destabilizes
the learning. Restoring stability typically requires repeated coordination messages and
synchronized critic estimates among agents, introducing overhead that can exceed the
T.ir1 = 10-100 ms Near-RT RIC budget [18]. The architecture spectrum, therefore, presents
a standing trade-off: single-cell agents are stable but coupling-blind; centralized multi-cell
controllers are stable and coupling-aware but scale poorly and presume fronthaul con-
nectivity that distributed RAN does not guarantee; and fully distributed MARL matches
the O-RAN topology but reintroduces non-stationarity and per-step signaling cost. This
leaves an open gap for an architecture that captures the dominant inter-cell coupling of a
multi-cell deployment without per-step inter-agent signaling or non-stationary training
dynamics, while remaining deployable within O-RAN latency limits.

This motivates the architectural extension in Publication (VI), where WiMO-CEPPO is
evaluated beyond a narrow single setting and positioned against broader RAN-control
baselines.
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Deployment Feasibility
A further limitation of existing wireless MORL studies is the implicit treatment of computa-
tional cost. An xApp hosted on the Near-RT RIC must complete telemetry collection (z),
CPM inference and preference construction (t.,m), policy inference (f;y¢), action decoding
(tdec), and control delivery (fx) within the budget tx + tcpm =+ finf +tdec +tix < Teet [18]. In-
ference latency and per-decision computational cost are therefore operational constraints,
not implementation details.

Accordingly, deployment feasibility is treated as part of the policy-design problem
rather than as a post-training implementation concern.

6.3 Positioning of the Contribution: Gap-to-Mechanism Mapping

Table 6 maps the limitations identified in the related work to the corresponding WiMO-
CEPPO mechanisms. Publication (V) introduces the base WiMO-CEPPO framework in a
single-cell setting, including the preference-conditioned policy, CPM, conditional envelope,
and sustainable multi-objective reward. Publication (V1) extends this framework from single-
cell operation to a multi-cell O-RAN setting, where inter-cell coupling, centralized RAN
control, Near-RT RIC feasibility, and broader baseline comparisons are explicitly considered.

Table 6: Gap-to-mechanism mapping for the WiMO-CEPPO framework.

Gap WiMO-CEPPO mechanism Pub.
Static scalarization: policy optimized Preference-conditioned policy with V; ext. VI
for a fixed preference vector continuous w input enabling

Pareto-aware policy adaptation

External preference specification: fixed Context-to-Preference Mapper (CPM) V; ext. VI

objective priorities cannot adapt to generating dynamic preference vectors
network context during policy execution
Gradient conflict: competing objectives Conditional envelope mechanism \Y
create unstable policy updates regulating policy updates according to
objective conflict
Limited architectural validation of Evaluation across classical RAN and V; ext. VI
MORL approaches O-RAN scenarios with extended MORL
baselines
Limited sustainability representation in Sustainable four-dimensional reward Vi
wireless MORL formulation incorporating EE,
connectivity, reliability, and interference
Deployment feasibility neglected in O-RAN-aware policy deployment Vi
MORL-based wireless control analysis including inference latency
evaluation

Single-cell classical RAN studies do not Extension of WiMO-CEPPO from classical VI
capture scalable network architectures RAN to O-RAN architecture for practical
6G control

Taken together, the two publications develop WiMO-CEPPO from a base preference-
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conditioned MORL framework into a deployment-oriented RAN-control architecture. Pub-
lication (V) establishes the continuous/hybrid-control evaluation against actor-critic MORL
baselines, while Publication (V1) evaluates the O-RAN-oriented extension against a dis-
crete value-based envelope comparator. The thesis-level contribution is the synthesis of
these two evaluations: the same design principles—context-aware preference inference,
conflict-aware policy updates, and constraint-aware action generation—remain valid across
different baseline families and action-space parameterizations.

6.4 Methodology of the Contributions

Contextualization Within the Thesis Framework

Chapters (4 and 5) formulated the wireless scheduling problem through analytical and
optimization-based models, including interference minimization, energy-consumption
reduction, and joint energy-efficiency-connectivity optimization under finite-blocklength
constraints. These formulations establish the feasible operating region under controlled
assumptions, but they must be re-solved when the network state, traffic load, interference
profile, or objective priorities change.

Publications (V and VI) extend this line of work by moving from fixed analytical opti-
mization toward a preference-aware multi-objective policy-learning framework. Publica-
tion (V) introduces the base WiMO-CEPPO framework and evaluates its core preference-
conditioned MORL mechanisms for balancing energy efficiency, connectivity, reliability,
and interference mitigation. Publication (VI) extends the deployment perspective by em-
phasizing multi-cell coupling, O-RAN feasibility, and Near-RT RIC control-loop constraints.
This progression provides the methodological bridge from sustainable wireless scheduling
to deployment-aware multi-objective RAN control.

MO-MDP Formulation

The uplink scheduling problem is formulated as a preference-conditioned multi-objective
Markov decision process (MO-MDP),

(y) ’d7 L@71"w7 ﬂ)?

where . is the state space, &/ is the action space, &2 is the transition kernel, r is the
vector-valued reward, w is the preference vector, and 7 is the scheduling policy.

The state s, contains channel quality indicators, inter-cell interference information, cell-
load statistics, service deficits, and compact context indicators. In the base formulation, the
policy observes the focal scheduling context and accounts for neighbouring-cell interference
through measured or aggregated interference indicators. In the multi-cell O-RAN extension,
the controller observes a joint state collected from multiple cells through RAN telemetry,
enabling coupling-aware scheduling decisions under a centralized RAN-control view.

The action a; contains resource-block (RB) assignment and transmit-power decisions.
RB assignment is represented through a discrete or relaxed binary mask, while transmit
power is represented as a continuous value constrained by the maximum UE power budget.
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The reward is maintained as a four-dimensional vector,

.
EE _conn _rel _int
I, = [r, N PR PN } ,
where the components correspond to energy efficiency, connectivity, reliability, and inter-
ference mitigation, respectively. The preference vector

W, e’

weights these four objectives and is generated dynamically by the Context-to-Preference
Mapper (CPM). The scalarized reward used for policy optimization is

Iy = WlTl't.

Hardware and computational sustainability are not treated as an additional reward
dimension. Instead, they are handled as explicit deployment constraints through inference-
latency and compute-cost terms. This preserves the interpretability of the four radio
objectives while ensuring that the learned policy remains feasible for real-time RAN opera-
tion.

WiMO-CEPPO Architecture

Fig. 14 illustrates the WiMO-CEPPO framework. The architecture consists of three main
components: the Context-to-Preference Mapper, the preference-conditioned PPO policy
with a conditional envelope mechanism, and the constraint-aware action projection mod-
ule.
Component 1 - Context-to-Preference Mapper. The CPM is a lightweight neural net-
work
f¢ S = A3

that maps the observed state to a dynamic preference vector,

Wy = f¢(st)

Its role is to infer objective priorities directly from the network context rather than relying
on externally fixed weights. For example, high interference may increase the priority of
interference suppression, while a reliability deficit may increase the weight assigned to
the reliability component. This addresses the limitation of preference-conditioned MORL
methods that assume the preference vector is externally supplied at inference time.

Component 2 - Preference-Conditioned PPO Policy. The actor is conditioned jointly
on the observed state and the inferred preference vector:

ﬂg(a, | S[,W[).

The critic is also conditioned on (s, w,), allowing the value estimate to adapt to different
operating points on the Pareto front. This enables WiMO-CEPPO to learn a single reusable

77



policy over the preference simplex rather than requiring one separately trained policy for

each trade-off configuration.
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Figure 14: WiMO-CEPPO architecture. The CPM maps the observed network state s; to a preference
vector w;. The preference-conditioned policy g (a; | s;,w;) generates candidate RB-assignment and
power-control actions. The conditional envelope stabilizes PPO updates under inter-objective gradient
conflict, while the feasibility projector maps raw actions to admissible scheduling decisions before
execution.

Component 3 - Conditional Envelope Mechanism. The conditional envelope modifies
the PPO advantage according to the degree of inter-objective conflict. Let A,(k> denote
the advantage estimate for objective k, and let p, € [0, 1] denote the normalized gradient-

conflict measure. The envelope advantage is defined as

4
AW = Z wl7kAl(k) max (0,1 — kpy),
where k > 0 controls the attenuation strength. When the objectives are locally compatible,
pr is small and the policy update proceeds normally. When the objectives strongly conflict,
the update is damped to prevent destructive gradient steps. This differs from static enve-
lope methods because the attenuation is applied dynamically during policy learning and
does not require a separately parameterized envelope network.

Component 4 - Constraint-Aware Action Generation. The raw policy output is mapped
to a feasible RB-assignment and power-control decision through an action-projection
step. The projection clips transmit powers to the admissible range, enforces the NOMA
multiplexing limit per RB, and binarizes the RB-assignment mask:

(atapt) = HQ(dtaﬁt)a

78



where g () denotes projection onto the feasible scheduling set. Thus, the hard structural
constraints on transmit power, RB sharing, and binary assignment are enforced before the
action is executed.

Rate, reliability, and hardware-cost requirements are handled through penalty terms
during training and verified during evaluation. This separation is important: hard projection
guarantees physical feasibility of the executed action, while soft penalties guide the policy
toward QoS satisfaction and deployment feasibility without obscuring the four-objective
reward structure.

Training Procedure
WiMO-CEPPO follows a three-stage training procedure.

In Stage 1, the preference-conditioned actor-critic is trained using preference vectors
sampled from a Dirichlet distribution:

w ~ Dir(op).

This encourages broad Pareto-front coverage before the CPM is introduced.

In Stage 2, the CPM is fitted using state-preference pairs collected from trajectories.
The target preference corresponds to the preference vector that achieves the strongest
short-horizon scalarized return for a given state context. The CPM therefore learns to
associate observable network conditions with suitable objective-priority vectors.

In Stage 3, the actor-critic and CPM are fine-tuned jointly. The actor receives the CPM
output as a conditioning vector, while the CPM is updated through its own preference-
alignment objective. A stop-gradient operation prevents unstable feedback between
preference inference and policy-gradient updates. In the O-RAN-oriented extension, the
training objective also includes deployment-aware penalties for inference latency and
computational cost.

Computational Complexity and Deployment Feasibility

The complexity of WiMO-CEPPO is separated into training-time and deployment-time
costs. During training, the algorithm computes per-objective advantages, estimates inter-
objective gradient conflict, applies the conditional envelope, updates the PPO actor-critic,
and fits the CPM. During deployment, however, only three operations are required: one
CPM forward pass, one preference-conditioned actor forward pass, and one lightweight
action projection step.

Let M denote the number of cells, U the number of UEs per cell, R the number of RBs,
Nmax the NOMA multiplexing limit, and K, = 4 the number of objectives. For an MLP with
input dimension d;,, output dimension d,y, hidden width H, and L hidden layers, one
forward pass has complexity

GwLp = O (dinH + (L— 1)H? + Hdo) -
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The CPM inference complexity is
Gcom = O (dyHe+ (Lo — 1)H? + H.K,) ,
and the preference-conditioned actor inference complexity is
€= 0 ((dy+Ko)Hz + (Lx — 1) Hz + Hrd,) ,

where d, and d, denote the state and action dimensions, respectively.
In the base framework, the state and action dimensions scale approximately as &'(RU ).
Therefore, the online complexity is

&V

online

—0 (%C(Qw +) +RUlogU) :

where RU logU corresponds to per-RB user ranking during action projection. If top-Npax
selection is implemented without full sorting, this term can be reduced to approximately
O(RU).

In the multi-cell O-RAN extension, the joint state and action dimensions scale as
O(MRU). The online complexity becomes

online

oM _ 5 (%C(]]‘Q[ LM +MRU logU +M2RN§MX) )

where the final term accounts for live inter-cell interference coupling among scheduled
NOMA users. When the neural-network widths and depths are fixed by design and Np.x
is bounded by the NOMA multiplexing limit, the dominant non-neural deployment cost
scales approximately as

0 (MRU logU + M°R) .

Importantly, the deployed controller remains a centralized single-agent inference model
and therefore avoids per-step inter-agent signalling and non-stationary MARL dynamics.
The Near-RT RIC feasibility condition is

Trx + Tinf + Tdec 1 Tix < Tctrla

where T4 is telemetry collection time, T;,r includes CPM and actor inference, g is action
decoding and projection time, and T is control-message delivery time. This directly ad-
dresses the deployment gap identified in the related work: inference latency and compute
cost are treated as operational constraints rather than ignored implementation details.

6.5 Experimental Setup and Baselines

Publications (V) and (VI) use the same general uplink NOMA scheduling simulator and
the same four-dimensional radio reward structure. The shared objective vector contains
energy efficiency, connectivity, reliability, and interference mitigation. Hardware and
computational sustainability are treated as deployment constraints, not as a fifth reward
component. The two studies are nevertheless reported separately because they use
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different baseline families, action-space parameterizations, and evaluation emphases.

Table 7: Evaluation roles of the two WiMO-CEPPO publications. The table clarifies how the studies
jointly support RQ3 without treating their numerical results as one unified benchmark.

Study

Baseline family

Evaluation emphasis

Thesis-level interpretation

Publication (V)

MO-PPO, MO-SAC,
MO-TD3, MO-DDPG

Continuous/hybrid
actor-critic control for
RB assignment and
transmit-power
adaptation

Tests whether CPM and
conditional-envelope PPO
improve learning over
stochastic and
deterministic
continuous-control MORL
baselines.

Publication (VI)

MO-PPO, MO-SAC,
DDQN-Envelope

0O-RAN-oriented
evaluation with a
value-based envelope
baseline over a
discretized RB/power
action code book

Tests whether
WiMO-CEPPO remains
effective when compared
with a discrete
envelope/value-based
MORL alternative under

deployment-oriented
constraints.

Training and evaluation protocol. All methods are trained for 4,000 episodes with
an episode horizon of T = 100 time steps and N; = 5 independent random seeds. Dur-
ing evaluation, exploration is disabled: actor-critic methods use deterministic actions,
while value-based methods use greedy action selection. The same normalized reward
components and feasibility-check procedure are applied within each publication-specific
comparison.

Publication (V): Continuous or hybrid-control evaluation. Publication (V) evaluates
the base WiMO-CEPPO framework against continuous-control MORL baselines: MO-PPO,
MO-SAC, MO-TD3, and MO-DDPG. This baseline set is appropriate because the study
involves transmit-power adaptation and hybrid RB/power-control decisions. MO-PPO is
the closest on-policy comparator because it shares the PPO backbone but lacks CPM-based
preference inference and conditional-envelope conflict attenuation. MO-SAC provides
an off-policy maximum-entropy actor-critic comparison, while MO-TD3 and MO-DDPG
provide deterministic actor-critic baselines for continuous transmit-power control.

Publication (VI): O-RAN-oriented DDQN-Envelope evaluation. Publication (VI) com-
pares WiMO-CEPPO with MO-PPO, MO-SAC, and DDQN-Envelope. DDQN-Envelope is
implemented over a discretized RB/power action code book because value-based DDQN
methods require a finite action space. This makes it a useful value-based envelope com-
parator, but not a direct continuous-control equivalent of WiMO-CEPPO. The comparison
therefore tests whether the proposed preference-conditioned PPO design remains effective
relative to a discrete envelope/value-based MORL alternative under deployment-oriented
constraints.

Evaluation metrics. Pareto quality is evaluated using hypervolume (HV, 1) and inverted
generational distance (IGD, |). Wireless KPIs include energy efficiency, connectivity, reliabil-
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Table 8: Simulation Environment and deployment parameters used across the WiMO-CEPPO evalua-
tions. Values follow the system model and publication-specific assumptions.

Symbol Description Value used Applies to
Environment and deployment parameters

M Number of cells As in system model  All methods

U UEs per cell As in system model  All methods

R Resource blocks As in system model  All methods
Nmax NOMA multiplexing limit per RB As in system model  All methods
Prax Maximum transmit power per UE As in system model  All methods
R‘uni“ Minimum rate requirement per UE As in system model  All methods
Yinin Minimum SINR / decoding threshold  As in system model  All methods
T RAN control-loop interval O-RAN setting Publication (V1)

ity, interference reduction, and constraint satisfaction. Training efficiency is assessed using
episodes-to-target performance and area-under-curve (AUC) measures, while stability
is examined using utility-loss behaviour and distributional KPI results across seeds and
channel realizations.

Table 9: Training protocol and WiMO-CEPPO-specific configuration. Values follow the publication-
specific simulation settings.

Symbol Description Value used Applies to

Training protocol

T Episode horizon 100 time steps All methods

Nep Training episodes 4,000 All methods

Ny Independent random seeds 5 All methods

K, Number of radio objectives 4 All MORL

methods

WiMO-CEPPO-specific parameters

o) Dirichlet concentration for preference Simulation setting  WiMO-CEPPO
sampling

K Conditional-envelope attenuation Simulation setting  WiMO-CEPPO
coefficient

u CPM fitting rate / learning rate Simulation setting  WiMO-CEPPO

A Rate-QoS penalty weight Simulation setting  WiMO-CEPPO

As Hardware-cost penalty weight Simulation setting  O-RAN extension

Ablation variants isolate the contribution of each WiMO-CEPPO component. The “without

CPM” variant removes context-to-preference inference; the “without Envelope” variant
removes conflict-conditioned update attenuation; and the fixed-weight variant uses a static
preference vector. These variants test whether the observed gains arise from adaptive
preference inference, conflict-aware learning, or merely from the PPO backbone.
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6.6 Results and Discussion

The purpose of this section is not to repeat the complete result discussion already reported
in Publications (V and VI). Instead, the results are synthesized to answer RQ3 at the thesis
level: whether a single preference-conditioned policy can adapt across changing wireless
conditions and objective priorities while remaining feasible for real-time RAN control.

Training-Efficiency Interpretation

Figs. 15 and 16 show that WiMO-CEPPO reaches the target performance in substantially
fewer episodes than the corresponding baselines. In Publication (V), WiMO-CEPPO con-
verges in 800 episodes, compared with 1200-1500 episodes for the baselines, which
corresponds to an episode reduction of about 33%-47%. In Publication (VI), it reaches the
target in 900 episodes versus 1300-1600 episodes for the baselines, corresponding to a
reduction of about 31%-44%. These results quantify the sample-efficiency advantage of the
proposed preference-conditioned policy across both continuous-control and discretized
baseline settings.
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Figure 15: Sample-efficiency comparison of WiMO-CEPPO and baselines in terms of episodes required
to reach target performance in Publication (V). Lower values indicate faster convergence, and WiMO-
CEPPO is consistently the most sample-efficient.

In Publication (V), the proposed method converges faster than the continuous-control
baselines MO-PPO, MO-SAC, MO-TD3, and MO-DDPG. In Publication (V1), it also maintains a
clear episode advantage over MO-PPO, MO-SAC, and the envelope-based DDQN-Envelope.
This pattern holds against both the actor-critic baselines and the envelope-based baseline,
and the gap widening at higher target thresholds indicates that CPM-driven preference
adaptation and conditional-envelope stabilization improve sample efficiency across both
continuous and discretized action formulations.

Fig. 17 shows that WiMO-CEPPO achieves the highest cumulative reward over the 4,000-
episode training horizon, indicating faster learning and stronger overall policy improvement.
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Figure 16: Sample-efficiency comparison of WiMO-CEPPO and baselines in terms of episodes required
to reach target performance in Publication (VI). Lower values indicate faster convergence, and
WIiMO-CEPPO is consistently the most sample-efficient.
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Figure 17: Mean reward AUC comparison for WiMO-CEPPO and baseline MORL methods over the
4,000-episode training horizon. Higher AUC indicates stronger cumulative reward acquisition over
the training horizon.
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The reward-AUC results provide a complementary view of training efficiency. WiMO-CEPPO
achieves a mean-reward AUC of 2,722,715 and a shadowed-reward AUC of 2,558,387,
exceeding MO-PPO, MO-SAC, and DDQN-Envelope by approximately 51%-67% and 51%-
62%, respectively. This confirms that the proposed method accumulates higher reward
throughout training, rather than only improving the final value.

Fig. 18 further shows that WiMO-CEPPO obtains the lowest utility-loss AUC, confirming
that the learned preference-conditioned policy is not only reward-efficient but also more
stable under conflicting objectives. Utility loss measures the gap between the reward
achievable under the ideal preference vector for the current state and the reward achieved
by the executed policy. The utility-loss AUC further supports this conclusion. WiMO-CEPPO
attains a utility-loss AUC of 0.028, whereas the baselines lie in the range 0.051-0.060,
implying a reduction of about 45%-53%. Since lower utility-loss AUC indicates smaller
cumulative deviation from the context-conditioned operating point, this result shows that
the proposed policy is not only more sample efficient but also more stable during training.
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Figure 18: Area under the utility-loss curve for WiMO-CEPPO and baseline MORL methods over
the 4,000-episode training horizon. Lower AUC indicates smaller cumulative deviation from the
context-conditioned utility target and more stable preference-conditioned learning.

Together, these results suggest that the CPM improves the alignment between the policy
and the current network context, while the conditional envelope reduces unstable updates
when the objectives conflict. The ablation variants confirm this behaviour: removing the
CPM, removing the envelope, or using fixed weights increases cumulative loss and weakens
training efficiency.

Tables 10 and 11 report publication-specific performance anchors, reflecting the dif-
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ferent baseline sets, action-space formulations, and deployment assumptions used in
Publications (V and VI). Publication (V) evaluates continuous and hybrid actor-critic con-
trol, whereas Publication (VI) examines the O-RAN-aligned extension using a discretized
DDQN-Envelope comparator. Consequently, variations in energy efficiency, connectivity,
reliability, interference mitigation, constraint satisfaction, and episodes-to-target should
be interpreted as context-dependent outcomes rather than repeated measurements of an
identical experimental configuration.

Table 10: Performance anchors for Publication (V): continuous/hybrid action evaluation with MO-PPO,
MO-SAC, MO-TD3, and MO-DDPG baselines. Results are averaged over Ny = 5 independent seeds.
Interference is reported as normalized interference mitigation, where higher values indicate lower
cross-link interference.

Algorithm HV1 IGD| EE?T Conn.?t Rel. 1 Interf. Mit. T Constr. T Ep. |
WiMO-CEPPO (Full) 0.781 0.088 0.79 0.76 0.77 0.82 91.2% 800
WiMO-CEPPO (w/o CPM) 0.724 04135 0.76 0.73 0.75 0.76 84.1% -
WiMO-CEPPO (w/o Env.) 0.741 0M2 0.75 0.72 0.73 0.74 81.7% -
WiMO-CEPPO (Fixed Weights) 0.698 0.161 0.73 0.70 0.71 0.70 79.3% -
MO-PPO 0.582 0.205 0.74 0.70 0.72 0.68 86.7% 1200
MO-SAC 0.541 0.221 0.73 0.68 0.71 0.65 79.7% 1400
MO-TD3 0.518 0.218 0.70 0.67 0.69 0.63 74.4% 1300
MO-DDPG 0.535 0.230 0.68 0.65 0.68 0.61 64.7% 1500

Table 10 provides quantitative evidence that the full WiMO-CEPPO model achieves a
superior operating point in Publication (V). Relative to the strongest baseline, MO-PPO,
WiMO-CEPPO improves hypervolume from 0.582 to 0.781 (+34.2%) and reduces IGD from
0.205 to 0.088 (-57.1%), confirming a better and closer approximation to the reference
Pareto front. These Pareto gains are reflected consistently in the system-level KPIs: EE
increases from 0.74 to 0.79, connectivity from 0.70 to 0.76, reliability from 0.72 to 0.77,
and interference mitigation from 0.68 to 0.82, while constraint satisfaction rises from
86.7% to 91.2%. The learning advantage is equally clear, since WiMO-CEPPO reaches the
target in 800 episodes versus 1200-1500 episodes for the baselines. The ablation rows
further isolate the contribution of each component: removing the CPM lowers HV to
0.724 and constraint satisfaction to 84.1%, removing the envelope yields HV = 0.741 and
81.7% constraint satisfaction, and fixing the weights degrades the results further to HV =
0.698 and 79.3%, showing that both preference adaptation and conflict-aware updates
are required for stable multi-objective performance.

Table 11 shows that the same conclusion holds in the O-RAN-oriented evaluation of
Publication (VI). WiMO-CEPPO again obtains the best Pareto quality, with HV increasing
from 0.542 for MO-PPO to 0.752 (+38.7%) and IGD decreasing from 0.189 to 0.078 (-58.7%).
The KPI values also remain consistently higher than the baselines: EE improves from 0.70
to 0.77, connectivity from 0.67 to 0.74, reliability from 0.70 to 0.75, and interference
mitigation from 0.68 to 0.79, while constraint satisfaction increases from 85.9% to 90.4%.
In terms of training efficiency, WiMO-CEPPO reaches the target in 900 episodes, compared
with 1300 episodes for MO-PPO, 1500 for MO-SAC, and 1600 for DDQN-Envelope. The
DDQN-Envelope baseline is particularly informative because it confirms that a discretized
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Table 11: Performance anchors for Publication (VI): O-RAN-oriented DDQN-Envelope, evaluation with
MO-PPO, MO-SAC, and DDQN-Envelope baselines. Results are averaged over Ny = 5 independent
seeds. Interference is reported as normalized interference mitigation, where higher values indicate

lower cross-link interference.

Algorithm HV1! IGD] EET Conn.?T Rel. 1 Interf. Mit. 1 Constr. T Ep. |
WiMO-CEPPO (Full) 0.752 0.078 0.77 0.74 0.75 0.79 90.4% 900
MO-PPO 0.542 0189 0.70 0.67 0.70 0.68 85.9% 1300
MO-SAC 0.493 0.202 0.67 0.64 0.67 0.65 78.8% 1500
DDQN-Envelope 0.488 0.190 0.64 0.62 0.62 0.62 74.4% 1600

envelope comparator does not achieve the same combination of Pareto quality, feasibility,
and convergence speed as the proposed preference-conditioned PPO framework.

Table 12: Mechanism-level interpretation of the WiMO-CEPPO results. The table summarizes what
each component contributes beyond the publication-level numerical comparisons.

Mechanism

Expected role

Evidence from the two evaluations

Context-to-Preference
Mapper (CPM)

Infers objective priorities from the
current network state instead of
relying on fixed scalarization.

Removing CPM reduces reward
performance and Pareto quality,
showing that context-aware preference
selection is necessary when load,
interference, and service deficits vary
over time.

Conditional envelope

Dampens policy updates when

per-objective gradients conflict.

Removing the envelope reduces Pareto
quality and increases instability,
indicating that conflict-aware updates
are important in interference-coupled
scheduling.

Preference-
conditioned policy

Represents multiple trade-off
points with one trained policy.

The same policy architecture supports
different operating points without
retraining, directly addressing the
adaptability requirement in RQ3.

Action projection and
feasibility penalties

Ensure that learned actions
remain compatible with power,

RB-sharing, QoS, and deployment

constraints.

Feasibility results show that Pareto
gains are meaningful only when
interpreted jointly with constraint
satisfaction.

Action-space treatment

can represent continuous
transmit-power decisions

accurately.

Determines whether a baseline

DDQN-Envelope is a useful value-based
comparator, but its discretized action
code book limits continuous-control
fidelity compared with actor-critic
methods.

Mechanism-Level Evidence

The ablation results are therefore used in this thesis primarily as mechanism validation
rather than as another performance ranking. Removing the CPM tests whether preference
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adaptation is necessary; removing the conditional envelope tests whether conflict-aware
updates are necessary; and using fixed weights tests whether static scalarization is sufficient
for the considered scheduling problem. The consistent degradation of the ablated variants
supports the central thesis claim that adaptive multi-objective RAN control requires both
context-aware preference inference and stable learning under objective conflict.

Ablation and Constraint-Feasibility Interpretation
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Figure 19: Ablation study of final hypervolume (HV). The full WiMO-CEPPO model achieves the highest
HV, indicating the best Pareto-front coverage. Removing the CPM or the conditional envelope reduces
performance, confirming the contribution of both mechanisms.

Figures 19 and 20 quantify the effect of removing individual WiMO-CEPPO mechanisms.
The full model achieves the best Pareto quality in both evaluations, with the highest
hypervolume and the lowest IGD, while every ablation degrades the result. In Publication V,
the full model attains HV = 0.781 and IGD = 0.088, whereas removing the CPM reduces
performance to HV = 0.724 and IGD = 0.135, removing the conditional envelope gives
HV = 0.741 and IGD = 0.112, and using fixed weights further reduces the result to HV =
0.698 and IGD = 0.161. The same pattern holds in Publication VI, where the full model
again provides the strongest Pareto approximation. This confirms that the gains do not
come from PPO alone, but from the combination of context-aware preference inference
and conflict-aware update stabilization. The CPM improves the policy’s ability to choose
an operating point suited to the current network state, while the conditional envelope
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prevents overly aggressive updates when the objectives conflict. The ablation figures
therefore demonstrate that both mechanisms are necessary for broad Pareto coverage.
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Figure 20: Ablation study of final inverted generational distance (IGD). The full WiMO-CEPPO model
achieves the lowest IGD, indicating the closest approximation to the reference Pareto front. The
ablated variants show larger deviation, confirming the role of context-aware preference adaptation
and conflict-aware updates.

Fig. 19 shows that the complete WiMO-CEPPO framework attains the highest final
hypervolume, reflecting superior Pareto coverage. The No-CPM and No-Envelope variants
both degrade performance, while the fixed-weight case performs worst, indicating that
adaptive preference inference and conflict-aware update stabilization are both important
for multi-objective optimization.

Figures 21 and 22 introduce the feasibility perspective, which is crucial for a thesis-level
interpretation. In Publication V, the complete WiMO-CEPPO model attains the highest level
of constraint satisfaction at 91.2%, compared to 86.7% for MO-PPO, 79.7% for MO-SAC,
74.4% for MO-TD3, and 64.7% for MO-DDPG.

In Publication VI, the full model again delivers the best feasibility at 90.4%, surpassing
MO-PPO at 85.9%, MO-SAC at 78.8%, and DDQN-Envelope at 74.4%. These findings confirm
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Figure 21: Constraint-satisfaction comparison for WiMO-CEPPO variants and baselines in Publication V.
Higher values indicate a larger fraction of feasible scheduling decisions under power, RB-sharing,
QoS, and deployment constraints. The full WiMO-CEPPO model again achieves the highest feasibility,
while the ablations and baselines degrade progressively.

that the superior Pareto performance of WiMO-CEPPO is not obtained by loosening the
scheduling constraints; instead, the learned policy remains feasible with respect to power
limits, RB-sharing limits, QoS constraints, and deployment restrictions.

These findings confirm that the superior Pareto performance of WiMO-CEPPO is not
obtained by loosening the scheduling constraints; instead, the learned policy remains
feasible with respect to power limits, RB-sharing limits, QoS constraints, and deployment
restrictions. This matters because even a highly performing policy is only practically valuable
if its recommended actions can be implemented by the RAN controller. Overall, the
combination of the ablation analysis and the constraint-feasibility results demonstrates
that WiMO-CEPPO enhances both the quality of objective trade-offs and the operational
executability, which is the central requirement for deployable multi-objective scheduling.
The fixed-weight variant serves as the most direct control case: it retains the same learn-
ing pipeline but removes context-dependent preference adaptation. Its weaker Pareto
coverage indicates that static scalarization is less suitable for wireless environments in
which interference, load, and reliability deficits vary jointly over time. By contrast, the
CPM improves the policy’s ability to infer an operating point that matches the observed
network context, while the conditional envelope mitigates destructive updates when the
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Figure 22: Constraint-satisfaction comparison for WiMO-CEPPO variants and baselines in Publi-
cation V. Higher values indicate a larger fraction of feasible scheduling decisions under power,
RB-sharing, QoS, and deployment constraints. The full WiMO-CEPPO model achieves the highest
feasibility.

objectives conflict.

In this sense, robustness should not be interpreted as invariance to channel or load varia-
tions. Rather, it indicates that the policy adapts to changing conditions by shifting toward a
different but still feasible operating point instead of applying a fixed action pattern across
all regimes.

Feasibility- and Action-Space-Aware Interpretation

A key thesis-level observation is that Pareto quality alone is insufficient for evaluating
learning-based RAN control. A method may obtain favorable objective values while still
producing actions that violate power, RB-sharing, SINR, or rate constraints. The results
should therefore be interpreted jointly through Pareto metrics and constraint satisfaction,
since only feasible actions are admissible in deployment-oriented RAN control.

The baseline families should also be interpreted in terms of their action-space assump-
tions. MO-TD3 and MO-DDPG are appropriate continuous-control baselines for transmit-
power adaptation, whereas DDQN-Envelope operates over a discretized RB/power action
code-book and therefore relies on a finite action space. The thesis treats these baseline
families separately to avoid conflating algorithmic improvements with differences arising

91



from action-space discretization.

6.7 Chapter Summary and Bridge to Chapter (7)

This chapter completed the thesis argument for RQ3 by showing that adaptive multi-
objective policy learning can complement the model-based scheduling framework devel-
oped in the earlier chapters. Publications (V and VI) were kept as separate evaluations
because they address different control settings: the former considers continuous and
hybrid actor-critic control, whereas the latter examines the O-RAN-oriented extension
with a discretized envelope-based comparator. Despite these differences, the two studies
lead to the same conclusion: the proposed WiMO-CEPPO framework remains effective
across distinct action-space formulations and deployment assumptions.

At the thesis level, the significance of the results lies in the role of the proposed
mechanisms. The Context-to-Preference Mapper removes the need for externally fixed
weights by adapting preferences to the observed network state, the conditional envelope
stabilizes learning when objectives conflict, and the constraint-aware action generation
step preserves feasibility at deployment. Together, these components explain why the
learned policy can track changing operating conditions while maintaining both Pareto
quality and implementable scheduling decisions.

Taken together with Chapters (4 and 5), this chapter completes the three-layer thesis
narrative. Chapter (4) established coordination as a mechanism for reducing decision-
dependent ICI. Chapter (5) quantified the EE-connectivity trade-off under finite-blocklength
constraints. This chapter then showed that these trade-offs can be handled adaptively
through reusable policy learning rather than repeated re-optimization. In this sense,
the thesis progresses from interference-aware control, to constrained multi-objective
optimization, and finally to adaptive learning-based RAN management.

Chapter (7) brings these strands together into unified answers to RQ1-RQ3 and places
them in the broader context of sustainable 6G and O-RAN resource management. It also
identifies the next technical steps, including scaling the coordination framework to larger
O-RAN clusters under E2 latency uncertainty, incorporating richer finite-blocklength models
and dynamic user association, extending WiMO-CEPPO to federated or multi-agent settings,
and validating the full framework on hardware-in-the-loop O-RAN platforms.
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7 Conclusion and Future Work

7.1 Research Questions, Contributions, and Answers

This thesis addressed the central problem of sustainable radio resource management (RRM)
for 6G massive machine-type communication (mMTC): how to jointly improve energy effi-
ciency, device connectivity, reliability, and interference control under realistic architectural
and physical-layer constraints. The problem was structured around three interdependent
challenges- coordination, physical-layer realism, and adaptability- addressed through a
progressive sequence of six peer-reviewed contributions across three thesis chapters.

RQ1: Coordination and Computational Sustainability in O-RAN

RQ1: How can coordination mechanisms among distributed O-DUs in O-RAN architectures
be designed to mitigate inter-cell interference (ICl) and enable scalable, energy-efficient
scheduling for massive device connectivity?

Contributions I-1l (Chapter (4)) showed that the lightweight selective exchange of
scheduling information between adjacent O-DUs, operating over the E2 interface with-
out joint transmission or centralized channel knowledge, substantially reduces decision-
dependent inter-cell interference (ICl). The proposed coordination mechanism improved
uplink throughput by up to 30%, reduced energy consumption by up to 10%, and increased
the number of simultaneously connected devices by a factor of 1.5 relative to uncoordi-
nated O-DU operation at ultra-dense device densities. The second contribution introduced
a RISC-V instruction-level energy evaluation framework for O-RAN schedulers, demon-
strating that the computational energy consumed by the scheduling algorithm itself is a
non-negligible fraction of total O-DU energy consumption under virtualized deployment
and cannot be omitted from a sustainability analysis.

Answer to RQ1: Inter-O-DU coordination is achievable within O-RAN’s E2 and F1 in-
terface constraints through selective scheduling-table exchange, without requiring joint
precoding or centralized spectrum management. Sustainable O-RAN scheduling must ac-
count for both radio transmission energy and the computational energy of the scheduling
operation, which requires instruction-level profiling on the CU/DU processing platform.

RQ2: Joint EE-Connectivity under FBL in Multi-Cell NOMA

RQ2: How can multi-cell NOMA-based resource scheduling be optimized to jointly balance
energy efficiency and connectivity under realistic constraints such as FBL transmission,
dense interference coupling, and heterogeneous device capabilities?

Contributions IlI-1V (Chapter (5)) formulated and solved the joint EE-connectivity
optimization problem in multi-cell NOMA under both cooperative and non-cooperative
interference conditions. The EERS-MTCN algorithm established the non-cooperative EE-
connectivity baseline using channel-aware sectorization and showed 35% EE improvement
over OMA baselines at moderate device densities. The SRS-MTCN algorithm introduced
cooperative inter-cell scheduling, achieving 35-58% EE improvement and maintaining
robust connectivity at device densities exceeding 40 active devices per cell . Both algorithms
incorporate the FBL rate expression, which accounts for decoding error probability and
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channel-dispersion penalties absent from Shannon capacity models. The FBL analysis
further revealed that the EE-optimal blocklength lies in the range L = 300-400 channel
uses for the evaluated multi-cell NOMA settings, confirming that IFBL-based optimizations
overestimate achievable EE and connectivity and that FBL modeling changes the optimal
scheduling operating point.

Answer to RQ2: Multi-cell NOMA scheduling under FBL constraints requires a joint
formulation that couples EE, connectivity, decoding error probability, and inter-cell interfer-
ence in a single multi-objective program. Shannon-capacity models are not an acceptable
approximation for 6G mMTC; they overestimate achievable performance and produce
sub-optimal scheduling decisions. Cooperative inter-cell coordination provides 35-58% EE
gains relative to non-cooperative IFBL baselines.

RQ3: Adaptive Multi-Objective Policy Learning

RQ3: How can MORL be employed to learn a single, adaptive scheduling policy that
generalizes across preference trade-offs and dynamically responds to time-varying network
conditions in 6G systems?

Contributions V-VI (Chapter 6) introduced WiMO-CEPPO, a preference-conditioned
MORL framework that learns a single scheduling policy navigating EE, connectivity, re-
liability, and interference trade-offs without repeated re-optimization. The Context-to-
Preference Mapper (CPM) infers appropriate objective weights from observed network
state, eliminating reliance on externally supplied preference vectors. The conditional enve-
lope mechanism attenuates policy updates under strong inter-objective gradient conflict,
improving Pareto coverage and training stability. Constraint-aware action generation en-
forces RB-assignment and power feasibility structurally.

WiMO-CEPPO achieves HV = 0.752 and IGD = 0.078 in the four-objective setting, im-
proving HV by 38.7% and reducing IGD by 58.7% over the strongest baseline (MO-PPO),
with a constraint-satisfaction rate of 91.2% and a 40% reduction in training episodes to
target quality. Contribution 6 extended the framework to five objectives with a continuous
action space and explicit deployment constraints, further improving HV to 0.781 (34.2%
improvement over MO-PPO) and confirming compatibility with O-RAN control-loop latency
requirements.

Answer to RQ3: A single preference-conditioned MORL policy, guided by context-
inferred preference vectors and trained with conflict-aware gradient management, can
generalize across multiple Pareto operating points and respond adaptively to changing net-
work conditions without retraining. The CPM, conditional envelope, and constraint-aware
action generation are all necessary for achieving competitive Pareto quality, feasibility, and
distributional robustness.

Unified Answer to the Central Research Problem

Across the three chapters, the thesis develops a coherent methodological progression: co-
ordination reduces the severity of the interference environment; analytical multi-objective
optimization characterizes the achievable EE-connectivity frontier under FBL constraints;
and adaptive MORL navigates that frontier in real time under non-stationary conditions.
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Sustainable massive connectivity in 6G cannot be achieved by optimizing a single met-
ric, nor by treating coordination, physical-layer realism, and adaptability as independent
problems. Their joint treatment within a consistent RRM framework is necessary, and the
proposed three-layer approach demonstrates that it is also technically achievable.

7.2 Broader Implications for 6G and O-RAN

The findings carry three broader implications for 6G scheduling and O-RAN control.

First, inter-cell interference in dense mMTC networks is decision-dependent and must
be addressed at the scheduling and coordination layer, not only through physical-layer sig-
nal processing. Architectural mechanisms for inter-O-DU information sharing are therefore
a necessary component of sustainable massive connectivity, not merely a performance
enhancement.

Second, sustainable 6G scheduling must account for both radio and computational
energy. Algorithms that improve transmission efficiency but incurs significant computa-
tional cost may not be deployable in virtualized O-DU environments where computation
and cooling energy are co-managed. The instruction-level energy framework developed in
Contribution 2 provides a methodology for this accounting.

Third, effective adaptive scheduling requires explicit mechanisms for preference con-
trol and conflict management. Static scalarization is incompatible with dynamic network
environments, preference inference from observed context is necessary for deployment
without manual operator intervention, and conflict-aware gradient management is nec-
essary to achieve broad Pareto coverage under the structurally coupled objectives of 6G
uplink scheduling.

7.3 Limitations and Future Work

The following limitations and corresponding future directions are aligned point-by-point.

7.3.1 L1: Simplified O-DU coordination model and scalability.

The coordination studies focus on a small cluster of adjacent O-DUs under idealized E2
interface conditions and do not model signaling delay, control-plane congestion, or asyn-
chronous telemetry reporting. Extending the coordination framework to larger heteroge-
neous O-RAN deployments with realistic E2 latency distributions and partial observability
[48] is a direct continuation. Multi-cluster hierarchical coordination, where a Non-RT RIC
manages inter-cluster boundaries while Near-RT RICs manage intra-cluster scheduling, is a
promising scalability path [38].

7.3.2 L2: FBL model assumptions and coding complexity.

The FBL analysis relies on the standard normal approximation [21], which may require
refinement for very short packets (L < 100 channel uses) or more complex coding schemes
such as polar codes or rate-compatible LDPC codes. Future work should investigate whether
the EE-optimal blocklength result (L = 300-400 for the evaluated settings) generalizes
under more accurate FBL bounds for structured codes, as studied for single-cell NOMA in
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recent works [78, 79].

7.3.3 L3: Static user association and mobility.

The current analytical framework assumes structured NOMA grouping under controlled
mobility. More general mobility models, heterogeneous traffic classes, and dynamic user
association would extend the scope of the EE-connectivity analysis and test the robustness
of the proposed algorithms under conditions closer to live deployments [87].

7.3.4 L4: Hardware-in-the-loop validation of WiMO-CEPPO.

WiMO-CEPPOQ is validated in simulation. Full deployment would require evaluating infer-
ence latency, memory footprint, telemetry noise tolerance, actuation delay, and interaction
with concurrently executing xApps on an O-RAN-compliant Near-RT RIC platform [37, 35].
The instruction-level energy framework developed in Contribution 2 provides a partial
methodology for this validation and could be extended to profile the CPM and policy
network on candidate edge processors [43].

7.3.5 L5: Distributed and transferable learning.

WiMO-CEPPO uses a single centralized agent. Scaling to larger networks may require fed-
erated learning [95], multi-agent extensions, or transfer learning to reduce retraining cost
across cells and deployment environments. Meta-learning and domain randomization are
promising directions for improving robustness under topology and traffic shifts, particularly
relevant for operators deploying across heterogeneous cell types.

7.3.6 L6: Network topology and heterogeneous access.

The framework currently assumes a terrestrial homogeneous cellular deployment. Ex-
tensions to heterogeneous radio access, including aerial access nodes, reconfigurable
intelligent surfaces, and non-terrestrial network segments relevant to emerging 6G ar-
chitectures [9, 13] would expose new trade-offs in cross-layer interference, mobility, and
adaptive preference control. Such extensions are a natural continuation of the thesis
framework once the terrestrial baseline is fully validated.

7.4 Concluding Remarks

This thesis establishes that sustainable massive connectivity in 6G requires the integration
of three complementary capabilities: coordination to suppress decision-dependent inter-
cell interference, physically grounded multi-objective optimization to characterize the
EE-connectivity frontier under FBL constraints, and adaptive reinforcement learning to
navigate that frontier in real time without repeated re-optimization. The proposed methods
do not close all practical deployment gaps, but they provide a methodologically coherent,
technically grounded, and experimentally validated foundation for future 6G RRM systems
that are interference-aware, energy-conscious, reliability-aware, and adaptable to changing
network objectives.
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Abstract
Multi-Objective based Radio Resource Optimization for Mas-

sive Connectivity in 6G Networks

Sixth-generation (6G) wireless networks are expected to support device densities ap-
proaching 10° devices/km? while simultaneously satisfying stringent energy-efficiency
(EE) requirements. Achieving this target is complicated by three tightly coupled chal-
lenges. The first is coordination: in Open Radio Access Network (O-RAN) architectures,
scheduling decisions are made independently by distributed units (O-DUs), giving rise to
decision-dependent inter-cell interference (ICl) that grows with device density and cannot
be mitigated by physical-layer techniques alone. The second is physical-layer realism: mas-
sive machine-type communication (mMTC) services operate in the finite-blocklength (FBL)
regime, where Shannon capacity models systematically overestimate achievable rates and
the EE-connectivity trade-off is qualitatively different from the infinite-blocklength case.
The third is adaptability: practical 6G networks require scheduling policies that respond to
time-varying channel conditions, fluctuating interference, and shifting operator priorities
within the 10-100 ms control-loop budget of the Near-Real-Time RAN Intelligent Controller
(Near-RT RIC), making repeated re-optimization computationally impractical.

This thesis develops a three-layer framework, validated through six peer-reviewed
publications, that addresses each challenge in turn.

The first layer (Contributions | and 1) introduces an E2-interface-compliant inter-O-
DU coordination mechanism in which adjacent O-DUs exchange scheduling information
selectively to suppress decision-dependent ICI without joint transmission. The coordination
mechanism improves uplink throughput by up to 30%, reduces energy consumption by
up to 10%, and increases simultaneously connected devices by a factor of 1.5 relative
to uncoordinated operation. A companion RISC-V instruction-level energy evaluation
framework is developed to quantify the computational energy of scheduling decisions
on virtualized O-DU hardware, establishing that the total energy cost of scheduling must
include both radio and computational components.

The second layer (Contributions Il and IV) formulates and solves the joint EE-
connectivity optimization problem in multi-cell NOMA under FBL reliability constraints.
Two algorithms are proposed: EERS-MTCN, a non-cooperative baseline exploiting channel-
aware sectorization, and SRS-MTCN, a cooperative algorithm incorporating inter-cell
scheduling exchange. EERS-MTCN achieves 35% EE improvement over OMA baselines;
SRS-MTCN achieves 35-58% EE gains at device densities exceeding 40 active devices per
cell while maintaining connectivity targets. The FBL analysis shows that the EE-optimal
blocklength lies in the range L = 300-400 channel uses, and that Shannon-based optimiza-
tions overestimate achievable EE and produce sub-optimal scheduling decisions in the
short-packet regime.

The third layer (Contributions V and VI) introduces Wireless Multi-objective Conditional
Envelope PPO (WiMO-CEPPO), a preference-conditioned multi-objective reinforcement
learning (MORL) framework that learns a single adaptive scheduling policy capable of
balancing EE, connectivity, reliability, and cross-link interference without retraining as

12



network conditions evolve. The framework integrates a Context-to-Preference Mapper
(CPM) that infers objective priorities from observed network state, a conditional envelope
mechanism that attenuates policy updates under strong inter-objective gradient conflict,
and constraint-aware action generation that structurally enforces resource-block and power
feasibility. WiMO-CEPPO achieves a hypervolume of 0.752 and an inverted generational
distance of 0.078 in the four-objective setting, improving Pareto coverage by up to 38.7%
and constraint-satisfaction rate to 91.2% relative to the strongest MORL baseline. The
extended five-objective formulation further improves hypervolume to 0.781 and confirms
compatibility with Near-RT RIC deployment constraints.

Together, the three layers demonstrate that sustainable massive connectivity in 6G
requires the coordinated treatment of inter-cell interference, short-packet physical-layer
realism, and multi-objective adaptability. Each layer addresses a distinct limitation of
existing approaches, and their combination provides a methodologically coherent and
practically grounded solution to the challenge of energy-efficient massive connectivity in
future wireless networks.
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Kokkuvote
Raadioressursside mitme eesmargiga optimeerimine massili-

se thenduvuse saavutamiseks 6G-vorkudes

Vaitekirja pealkiri: Raadioressursside mitme eesmargiga optimeerimine massilise (ihendu-
vuse saavutamiseks 6G-vorkudes

Kuuenda pélvkonna (6G) traadita vérgud peaksid toetama enneolematut massilise
Uhenduvuse taset, saavutades samal ajal ranged energiatdhususe néuded. Eelkdige peavad
tulevikuvorgud toetama seadmete arvu, mis laheneb 10° seadmele/km?, kuid Gihenduvuse
maksimeerimise ja energiatarbimise minimeerimise eesmargid on pohimaotteliselt vastuolu-
lised. Teenindatavate seadmete arvu suurendamine néuab agressiivsemat raadioressurssi-
de taaskasutamist, mis suurendab héireid ja energiatarbimist, samas kui edastusvéimsuse
vahendamine energiatdhususe parandamiseks piirab leviala ja halvendab Gihenduvust. See
kompromiss moodustab kadesoleva vaitekirja keskse uurimisprobleemi st, kuidas optimeeri-
da energiatohusust ja massilist thenduvust 6G raadioressursside haldamisel realistlikes
tingimustes.

Probleemi teevad veelgi keerulisemaks kolm peamist valjakutset. Esiteks, avatud mobiil-
sidevérgu (O-RAN) arhitektuurides tehakse edastuse ajastamisotsuseid kdrgede juhtsead-
med vahel séltumatult, mille tulemuseks on otsustest soltuv kargedevaheline interferents,
mis kasvab koos seadmete arvuga. Teiseks, massilised masintutpi sideteenused (massive
machine type communication, mMTC) t66tavad lihikeste pakettidega I6pliku plokipikkuse
reziimis, kus tavaparased Shannoni labilaskevoime mudelid hindavad saavutatavat joudlust
lle ja dekodeerimisvigu ei saa tahelepanuta jatta. Kolmandaks, praktilised 6G keskkonnad
on vaga diinaamilised; kanali tingimused, kasutajate arv ja operaatorite prioriteedid muutu-
vad pidevalt, mistottu staatilised optimeerimismeetodid ei sobi O-RAN-i reaalaja Iahedase
raadiopaasuvorgu intelligentse kontrolleri (Near-Real-Time Radio Access Network Intelli-
gent Controller, Near-RT RIC) 10-100 ms edastuse ajastamisaja jaoks. Nende probleemide
lahendamiseks arendab see vaitekiri valja kolmekihilise raamistiku, mis on avaldatud kuues
eelretsenseeritud publikatsioonis.

Esimene kiht tutvustab interferentsitundlikku hajutatud juhtseadmete (O- distributed
unit, O-DU) vahelist koordineerimismehhanismi, milles naaberkarje juhtseadmed vaheta-
vad edastuse ajastamisinfot, et vihendada kargedevahelist interferentsi. See kiht arendab
ka kasutasemel energiamudelit, et kvantifitseerida ajastamisotsuste arvutuslikku energia-
kulu.

Teine kiht formuleerib energiatéhususe ja thenduvuse (ihise optimeerimise mitme-
karjelistes stisteemides nii koost66l pohinevate kui ka mittekoostdol pohinevate interfe-
rentsitingimuste korral, poorates erilist tahelepanu 16pliku plokipikkuse usaldusvaarsuse
piirangutele. Selle probleemi lahendamiseks pakutakse vilja kaks kohandatud mitme ees-
margiga ajastamisalgoritmi.

Kolmas kiht liigub staatilisest optimeerimisest kaugemale, tutvustades eelistustest sol-
tuvat mitme eesmargiga voimendatud oppe (reinforcement learning) raamistikku. Kavanda-
tud agent 6pib tundma Ghte adaptiivset ajastamispoliitikat, mis on voimeline diinaamiliselt
tasakaalustama konkureerivaid eesmarke ilma mberdépetamata, kui vorgutingimused
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muutuvad.

Kavandatud raamistik saavutab markimisvaarse joudluse kasvu koigis uuritud stsenaa-
riumides. Haireteadlik edastuse koordineerimine parandab Uleslingi |4bilaskevoimet kuni
43%, vahendab energiatarbimist 40% ja suurendab samaaegselt ihendatud seadmete arvu
1,5 korda vorreldes koordineerimata lahenemisviisidega. Anallidtilised optimeerimismee-
todid parandavad energiatohusust kuni 160% kasutajate arvul 400 aktiivset seadet lahtri
kohta ja pakuvad 35-58% kasvu fikseeritud plokipikkuse korral. Lopuks saavutab kavandatud
mitme eesmargiga voimendatud 6ppe raamistik Traadita mitme eesmargiga tingimusliku
Umbrikuga PPO (WiMO-CEPPO) hiipermahu 0,752 ja inverteeritud polvkondade vahelise
kauguse 0,078, edestades baasmeetodeid Pareto katvuses kuni 49,5% ja 16pliku keskmise
tasu osas 60,5%.

Uldiselt naitab viitekiri, et interferentsi koordineerimine, analiiiitiline mitme eesmérgi-
ga optimeerimine ja adaptiivne tugevdusope on teineteist tdiendavad lahenemisviisid 6G
raadioressursside jatkusuutlikuks haldamiseks. Koos pakuvad need sidusat ja praktiliselt
pohjendatud lahendust energiatdohusa massilise (ihenduvuse saavutamise valjakutsele
tuleviku traadita vorkudes.
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Abstract—Open Radio Access Network (O-RAN) is a de-
centralized, intelligent, and open network architecture. RAN
Network Functions (RNF) are split into Open Central Unit (O-
CU), Open Distributed Unit (O-DU), and Open Radio Unit (O-
RU), which are deployed on commercial hardware and cloud
nodes as containerized Network Functions (CNFs). This paper
presents a coordination architecture between O-RAN Distributed
Units (O-DU) for scheduling massive number of users. We
propose a Non-Orthogonal Multiple Access (NOMA) based access
technique for interference avoidance and scheduling of such mas-
sive number of users through a cooperative strategy. This involves
sharing individual scheduling tables to compute interference for
subsequent User Equipment (UEs) transmissions in the network.
The results of the interference calculations are then fed into O-
DU schedulers. The scheduler of each O-DU shares the radio
resources among the UEs to have minimum interference. The
proposed scheme’s effectiveness in terms of throughput, energy
efficiency, and connectivity is examined through simulations.
The results show that the proposed method reduces the effects
of interference, making it better suited to the needs of dense
deployments. Users operating under the proposed approach
experience up to +30% and -10% improvements in achieved user
data rates and energy consumption, respectively, when compared
to the absence of a coordination architecture.

Keywords—6G, Beyond-5G, O-RAN, Orthogonal Multiple Ac-
cess (OMA), Non-Orthogonal Multiple Access (NOMA), O-DU
Coordination, Radio Resource Management(RRM)

I. INTRODUCTION

This paper proposes inter-O-DU coordination based on
a cooperative scheduling algorithm that can help maximize
throughput and energy efficiency in O-RAN. The interference
minimization problem is formulated for a multi-cell scenario
considering NOMA for massive users in O-RAN [4]. O-
RAN, an evolution of Next-Generation (NG)-RAN, features
disaggregation, intelligence, openness, and virtualization to
handle future network growth and capacity needs [5]. The O-
RAN alliance disaggregates the NG-RAN into logical nodes
and RAN intelligent controllers (RICs) as articulated in [1]
and illustrated in Fig (1).

The RIC has two components: the non-Real-Time RIC
(non-RT-RIC) having a control loop on the timescale of greater
than 10 s and the near-Real-Time RIC (near RT-RIC) that
operates on tens or hundreds of ms [17]. The two intelligent
controllers support external apps known as rApps and xApps,
which provide controls of RAN components and associated
resources [9], [16]. The intelligent controllers have an interface
with logical network nodes through an open interface.

The O-CU handles higher-level functions such as control
and data plane interfaces to the core network. The O-DU pro-

SMO (0&M)

Non-RT RIC i |

Centralized

Edge
C——)

Base Station

Cell Site

Fig. 1: Simplified O-RAN Architecture with control-loop la-
tency with Ol, Al, El, E2, R1 interfaces between Non-RT
RIC and Near RT RIC and network function elements O-CU,
0O-DU, O-RU. Based on [9].

vides High-level Physical (High-PHY), MAC, and Radio Link
Control (RLC) functionalities, and the O-RU processes Low-
level Physical (Low-PHY) operations [2]. The performance of
a 5G network is tied to its transport infrastructure; eCPRI,
which is necessary for an O-RAN architecture (between the
O-DU and O-RU) [12]

5G is not a simple expansion toward a high-frequency
band; instead, it is a confluence of new technological de-
velopments fueled by new services i.e. eMBB (enhanced
Mobile Broadband), URLLC (Ultra Reliable Low Latency
Communications), and mMTC (massive Machine Type Com-
munications) [3], [13], [14]. Interference is a limiting factor
that affects the performance of a wireless system. One of
the ways to minimize interference is to employ adequate
transmission powers, which guarantees excellent quality of
service to users without causing interference to others [10].
Other methods include assigning orthogonal resources in a
time-frequency grid to achieve high spectrum and throughput
efficiency.The latest 5G deployments use Orthogonal Multiple
Access (OMA) systems, which provide orthogonality in terms
of frequency resources [21]. In this context, proactive schedul-
ing and sophisticated multiple access mechanisms are required
as proposed in our earlier study [7].
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The main two differences between this paper and [7] are
1) an interference minimization problem for stand-alone O-
DU for O-RAN is formulated and 2) the problem is further
extended to a coordinated O-DU case. The power and re-
source scheduling for both stand-alone and coordinated O-
DU is carried out for NOMA and compared with OMA.
Some researchers believe that the NOMA strategy is the
most promising method for boosting capacity to over 100,000
devices per cell [6]. In [8], the authors introduced cooperative
NOMA, where strong devices can relay for weak devices
with unfavorable channel circumstances, boosting diversity
gain. Yet, increasing successive interference cancellation (SIC)
processing raised computational and power needs; many SIC
in-network with limited energy, computing, and time resources
may increase energy costs for the users and there has been
a significant amount of research on cooperative relaying in
NOMA systems [15], [20].

In contrast to existing work [18] which only discusses that
the Inter-O-DU Coordination Interface is required to enable the
full potential of Cell-Free (CF) massive MIMO (Multiple Input
Multiple Output); the inter-O-DU coordination itself has not
yet been studied in O-RAN architecture which will help in the
minimization of interference and maximization of throughput
for different verticals.

Contributions: The contributions of this paper are the
following:

e  First, the inter-cell interference experienced from ad-
jacent cell users is modeled via an interference mini-
mization problem for the uplink use case only.

e Secondly, we extrapolate our findings to examine ICI’s
effect in a more generalized, i.e. multi-cell setting, and
an efficient radio resource and power allocation for the
aforementioned scenarios.

e  Thirdly, we propose a cooperative scheduling algo-
rithm to minimize massive interference of UEs by
sharing the scheduling tables between the O-DUs to
increase the overall network throughput and energy
efficiency.

e  Lastly, as a proof of concept, simulation results show
up to 30% higher throughput and 10% lower energy
consumption as compared to the non-coordinated case
i.e., stand-alone O-DU case.

The rest of the paper is organized as follows: Section II
presents the problem formulation for the considered scenario
along with the proposed architecture and Section III discusses
the algorithms for NOMA scheduling. Finally, Section IV and
Section V provide the performance evaluation and conclusion
of the work, respectively.

II. PROPOSED ARCHITECTURE OF INTER-O-DU
COORDINATION

The main goal of this paper is to investigate how coordina-
tion between O-DUs in O-RAN could benefit massive connec-
tivity. We propose an inter-O-DU coordinated architecture, as
shown in Fig. 2 (discussed in this section), and a NOMA-based
cooperative scheduler for managing massive numbers of users
in an O-RAN, as illustrated in Fig. 3 (discussed in Section III)

with the aim that inter-O-DU coordination will significantly
help in the mitigation of interference and efficient utilization
of radio resource management. To the best of our knowledge,
this is the first work that entails a cooperative interference
avoidance strategy to optimize the radio resources in O-RAN.
In [4] a NOMA-based radio resource management technique
for small cell base stations for traffic steering use cases in
O-RAN has been studied.

g

I

===+ Interference Link

Fig. 2: Proposed Inter O-DU Coordination Architecture

A. Mathematical Formulation

We consider the NOMA case for an available set of re-
sources and their indexes are R = {1,2,..., R}. We consider
M to be a positive, maximum number of devices that can be
supported per subcarrier. There are Z = {1,2,...,1} set of
transmitting users U E; belonging to cell s where the number
of cells is § = {1,2,...,5} and user i in the cell s will be
denoted by i, having resource i.

The achievable rate of user ¢ belonging to cell s on a given
resource unit r is denoted by R} = Bglogy(1 + SINRY)
where SINR] is the signal to mterference plus noise ratio
experienced by NOMA user ¢ belonging to cell s on a given
resource unit » which can be written as:

G’V 'I'

SINR] =aj — Z;
s 5(2#5456527'61& G}, Ppaj, + Inty; + P, )
(€]
where G}, ; is user i channel gain in cell s to its own

base station on resource unit . P;  denotes the transmission
power of user i to resource unit r, whereas in the denominator
the interference term comes from another cell ¢, with a group
of users I; within the cell. We use j as the interference user
index, thus a user j in cell ¢ will be denoted as j¢. Moreover,
G, s denotes the channel gain of an interfering user, belonging
to cell ¢ on resource unit r to the base station of cell s, and
P, denotes the interfering user jt’s transmission power on
resource unit 7. The binary allocation variables are used for
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scheduling: variable a"is denotes the resource unit occupancy
coefficient such that a"i,=1 if the resource unit r is occupied
by user i4, and a"is=0 otherwise. P, is the noise power and
Int} is assumed as constant interference experienced by user
¢ from the interfering users j from adjacent cells.

It is desirable to optimize the problem so that user ¢ ex-
periences as little interference from other users in neighboring
cells as possible. The problem can be treated as the interference
experienced by user ¢ on a given resource unit r; alternatively,
in order to avoid using the two binary variables, the problem
can be modeled as minimizing the interference on the resource
units in cell s, where Int] on resource unit r in cell s can be
written as :

Int,= > Gj.Pd, @
i£j,i€M

We want to reduce interference at user ¢ caused by NOMA
users in the same cell sharing the same resource unit. There-
fore, we can write down the objective function as:

wn Y3 6 o
s€SreR \i#jieM
subject to:
GrL P, . @
a; e Yis,lim
" G;t:SPJ’.’;, a,;‘f + ]n/t’g + PTL - /’571

0< Pla; < Ppaa,Vs € S,VigeI,Vre R 5)

which is a limitation while trying to provide the minimum
acceptable level of service (QoS), where 7;_ ymin is the SINR
threshold for acceptable results that user ¢, can have to satisfy
the QoS and P,,,, denotes the maximum allowable transmit
power per Ug.

d al <1,VreR,seS (6)
is€1
d al <LVielvreRseSs. @)
is€l

It is evident that the objective function poses a complex
combinatorial optimization problem. The following solution is
proposed to this problem.

B. Solution

Initially, we assign an initial interference power to each
user. Then in the second step, we manage the scheduling for
every UE. Afterward, we set in power allocation to cut down
the interference even further at the target receiver.

Hence power allocation follows channel assignment. We
rephrase the optimization problem as we are working per
resource unit since there is no interference from adjacent
resource units, but we must include NOMA interference users
in a specific resource unit. For NOMA, we have more than

one user per resource unit; hence, we define U, as the group
of NOMA users per cell per resource unit; ¢, is a user in cell
s that is a member of Uy, and we are not using any resource
index. The optimization goals become:

min Z Z

se€Sisel,

Yo D GLP+ Y GLP
t#s,t€S jEU, J#is,J€U:

(®)

where G{,S represents the channel gain of user j from cell
t and the group of NOMA users U on cell s. The j user’s
power is P}. The two terms refer to the inter-cell interference
that occurs between different NOMA users of other cells.
Regarding the NOMA aspect, the channel gain of NOMA user
J that belongs to the same group U; is denoted by GY ; and
subject to

SINE; Noma = Vslim 9)
0 < P/ < Pragm,;Vs €S. (10)
Gy, Pl

SINR], nyoaa = (11

Diss Zj&l/t Gy P} +Pn
+ 3 siggeu, G P2

The SINR] noara does not account for the effect of
SIC on reducing interference caused by other NOMA users
within the same cell and resource unit. To account for the
SIC’s impact, we just set the inequalities so that the NOMA
interference users in the same cell as the primary user will have
a value of zero after going through the SIC. The constraint
in (9) is not linear; so we start by substituting the value of
SINR] noua from Equation (11) into (9), yielding (12) to
(15).

T T
Gi, oL,

Pips Ljev, Gl s Pl +Pn
+ 3 i, eUs Gt P!

> Yis,lim (12)

G Pl > i, im *

Qs,87 @

> Y Gi.e a3

t#s,teS jEU,

+ > G| +P
JFis,J €U

which can be further simplified as:
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Gy, P — i lim

TsyS7 s

> Y alp (14)

t#s,teS jeU,

Z Ggspg+Pn Zﬂ/is,lim*Pn~
JFis,J €U

= Yis,lim *

equivalently we can write as :

T T
- Gi”sf)iﬁ + Vi lim

> Y a6lp (15)

t#s,t€S jEU:

Z G:,aP‘Z +P77, Sﬂ/i‘,.,lim*Pn-
J#is,J €U

+ Vi, lim *

Given that this is a binary linear programming problem, it
is difficult to solve through a trivial MATLAB program; so,
in order to solve (15) we use our proposed implementation of
NOMA as presented in Algorithm 1 in Section III.

III. PROPOSED COOPERATIVE SCHEDULER FOR
INTER-O-DU COORDINATION

We investigated O-DU coordination by sharing scheduling
tables with UE channel attributes to be scheduled to better
minimize the impact of interference, as illustrated in Fig.
3. The suggested scheduling strategy, in contrast to prior
research, reduces the negative effects of inter-cell interference
by sharing radio resources with neighboring O-DUs. In the
NOMA technique, each O-DU divides UEs into three classes
depending on their channel parameters: good, middling, and
bad. We assume two main types of interference: NOMA
interference from users simultaneously assigned to the same
resource unit and time slot, and ICI from users broadcasting
at the same resource unit but from neighboring cells.

The scheduling tables from each O-DU are shared with
the cooperative scheduler. The scheduler selects one UE from
each user group to be superimposed at a given resource unit.
Four UEs can occupy a resource unit at any given time.
The scheduler calculates the optimum combination of UEs
for all available resource units before allocating slots to O-
DU. The scheduler allocates power to reduce co-channel and
ICI interference. Good channel users Pcon=14 dBm, modest
channel users Pcon=20 dBm, and bad channel users Pcon=23
dBm. Different power coefficients are assigned to users to
successively perform SIC at the receiving end. We presume
good channel users are close to their serving O-DU and can be
given lower power limits and the same is true for bad channel
users. Fig. 3 illustrates the proposed cooperative strategy for
NOMA.

In general, our suggested cooperative approach is different
from the coordinated or joint processing that occurs in co-
ordinated multipoint (CoMP) [11]. In CoMP, user equipment
(UE) at the cell edge is served by two or more base stations
in order to improve signal quality and boost throughput [19].
Nevertheless, in our approach, each O-DU serves only its

User Combinations

UE (n, m)

UE (n, m)

0 % 0 @)

0-RUL 0-RU2 0-RU2

Fig. 3: Radio resource management: The two cooperating
O-DUs (O-DU1 and O-DU2) pool their future transmission
scheduling information. As a result, UEs with the lowest in-
terference impact are given priority when it comes to resource
allocation. Then, depending on the approach selected, the O-
DU will employ either the OMA or NOMA protocol.

own users. The simulation has been carried out on a NOMA-
based resource allocation algorithm and compared with the
OMA one and the simulation parameters are listed in Table.
I. The NOMA algorithm is presented in Algorithm 1. There
are three key phases to the algorithm: the first is to generate
UE parameters using the channel model and set the transmit
power to zero, the second step is to allocate resource units,
and the third optimizes the power allocation.

We begin by giving each user a certain amount of inter-
ference to contend with. Second, we perform scheduling for
all users. Then power allocation will be carried out to further
reduce the interference power. Initially, the interference power
will be allocated in the same way as OMA.

IV.  PERFORMANCE EVALUATION AND DISCUSSIONS

The performance metrics, i.e., uplink throughput, uplink
energy consumption, and the number of connected devices,
are analyzed, discussed, and compared for both the OMA and
NOMA schemes for inter-O-DU coordination vs. stand alone
(i.e., absence of coordination) cases. For the time being, these
simulations have been performed for the sub-6GHz massive
IoT use case. This will be further extended to cellular cases
in future work.

To find the channel parameters, we run the simulation
1000 times with UEs spread randomly across each O-DU. At
a given time slot, we select transmitting UEs from each O-
DU and interfering UEs from a nearby O-DU. For the OMA
system, interfering UEs are those with the same time slot
from neighboring cells. However, in NOMA, the interfering set
includes UEs broadcasting at the same time slot from nearby
cells, as well as UEs transmitting at the same time slot but
from the same cell.

Simulation parameters can affect findings. When the num-
ber of users per O-RU increases, the number of users who
interfere with each other increases, which might reduce per-
formance. In this instance, it is best to specify QoS criteria
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Algorithm 1 :Proposed NOMA Scheme

procedure User equipment creation >
is +Gj
while P #=10,j # i do

Equation (11)

returnSIN R Noura

procedure Share the scheduling tables

. Gi, P
while Int] = e — P, do
s ig,lim

compute_the_best_combination_of_UFEs

Divide_the_U Es_in_three_groups
Superpose_One_UE_from_each_group_in_a_given_sub—
carrier

while P] # 0 do

compute_the_best_combination_of_UFEs

0 < P} < Ppaam,VceC

returni

procedure Evaluate the resource

. Int] v,
while —— =l ¢ 5 do

CTaZ culate_Rate_R;
Calculate_Energy_Consumption
returnR; , EnergyConsumption

TABLE I: Simulation Parameters

Sr. No Simulation Parameters

Name Value
A. Transmit Power of Base Station, and UE | 35, 14, 20, 23

(dBm)
B. Carrier Frequency (GHz) 3
C. Receiver Thermal Noise density (dBm/Hz) -174
D. No. of UE per cell 1,10
E. Modulation Scheme BPSK
F No. of Cooperating O-RU per O-DU 2
G. Interference Margin (dB) 0
H. Channel Model Extended Okumura Hata

model

I Effective Noise Power (dBm) C+D +J+ 10 log (L)
J. Noise figure of Base Station, UE (dB) 9,5
K. Receiver Sensitivity H+1
L. Occupied System Bandwidth (kHz) 180
M. Height of Base Station, UE (m) 30, 1
N. Radius of Cell (km) 1
0. Maximum Coupling Loss (MCL) (dB) A-P
P. Required/Calculated SINR (dB)

for both the O-DU and its users. As the cell radius increases,
so does the user’s path loss; in this regard, it is recommended
to utilize the telecom operator’s distributed unit settings as the
benchmark.

Fig. 4 depicts an overview of uplink throughput; as can
be seen, our proposed coordination scheme performs better
than in the absence of inter O-DU coordination. Our proposed
system considers UEs in both good and bad channel situations
by allocating various power coefficients to avoid interference.
As a result, our suggested scheme allows UEs, especially those

using the OMA technique, to achieve comparatively better
throughput. It should be emphasized that the OMA technique
has fewer UEs per resource unit, resulting in less interference
and higher achievable throughput.

CDF Uplink Throughput

== Uplink Throughput Inter O-DU Coord Coordinated NOMA|
Uplink Throughput Inter O-DU Coord OMA

01 // == =Uplink Throughput Stand Alone O-DU NOMA
___.___..a-" Uplink Throughput Stand Alone O-DU OMA
o 20 40 60 80 100 120 140
Throughput kbps
Fig. 4: Cumulative distribution function of Stand Alone and
Inter O-DU Coordinated Uplink Throughput

More than 50% of UEs achieve above 115 kbps with our
proposed coordinated architecture (and a maximum throughput
gain of +43%), and 50% of NOMA UEs achieve around 75
kbps more with our proposed coordinated architecture (and
a maximum throughput gain of +30%). These improvements
are obtained thanks to the regulated impact of ICI and by
restricting the number of UEs on a given subcarrier.

Fig. 5 entails the energy consumption for OMA and NOMA
with the proposed architecture compared to the stand-alone
case. Comparing the OMA and NOMA schemes, it is clear that
both OMA schemes use less power than the NOMA schemes.
Next, focusing on OMA schemes, with the proposed coordi-
nated OMA, 50% of UEs consume around 40% less energy
than with stand-alone OMA. Similarly, for NOMA schemes,
the coordination architecture consumes approximately 10%
less energy than the stand-alone mode. The optimal power
allocation that eliminates the extra transmission power while
providing the desired QoS at the transmitting users enables
energy consumption improvements. In addition, higher SINR is
achieved with fewer transmission repetitions at the transmitting
UEs due to the diminished interference impact.
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Fig. 5: Cumulative distribution function of stand alone and
inter O-DU Coordinated Uplink Energy Consumption

Finally, Fig. 6 depicts OMA and NOMA device connec-
tions at the cell center and edge. The coordination architecture
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and NOMA scheme outperform the OMA approaches by
approximately 1.5 times for both cell-center and cell-edge
users in terms of number of connected devices. These improve-
ments are possible because cooperative scheduling between
neighboring O-DUs reduces the impact of ICI. Superimposing
numerous UEs in the same tone allows for improved con-
nection in NOMA schemes, which is not possible in OMA
schemes; for instance, only a single UE is allowed to use any
particular uplink scheduling frame’s allotted tones.

V. CONCLUSION

We proposed a coordination architecture between O-RAN
Distributed Units (O-DU) for scheduling a massive number of
users. We developed a NOMA-based approach to enhance the
users’ and cells’ performance. We have analyzed the impact of
interference due to massive connectivity in O-RAN; to achieve
this, our inter-O-DU coordination and scheduling algorithm
for massive users in O-RAN uses the information shared in
advance by the distributed units (O-DUs) that are working
together to calculate the interference weight and then schedule
the successive transmissions of UEs that will cause the least
amount of interference. The simulation results show that the
proposed architecture and NOMA scheme are more spectrum
efficient, as they support approximately more than 1.5 times the
number of connected devices for the same number of available
resources. The results also show that our proposed algorithm
enhances the UEs’ achievable throughput by up to 30% and
reduces the energy consumption by up to 10% as compared to
the stand-alone O-DU architecture. The future outlook involves
further studies on the computation complexity of algorithms
for real-time use scenarios, especially for a large number of
UEs, dynamic traffic models, energy efficiency, latency, and
mobility analysis for systems, along with machine learning
techniques for resources and interference management.
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Abstract—In sustai wireless ¢ nication networks, it
is crucial to assess energy consumption during the scheduling of
ultra-massive machine-type communications for the forthcoming
6G radio access network (RAN). We introduce an energy-efficient
scheduling algorithm for O-RAN that ensures quality of service
(QoS) and reduces complexity. Although 3GPP offers models
for energy consumption and efficiency in RAN, these models do
not consider the effects of radio access techniques. Therefore, it
is essential to determine energy consumption cost of successful
packet reception using OMA and NOMA, in line with the 6G
sustainability goals and the O-RAN framework. We introduce
a mathematical model for energy-efficient scheduler and its
analysis in managing ultra-massive machine-type communication
(umMTC) devices. The run-time and energy consumption of
these algorithms are assessed by calculating and comparing their
algorithmic complexity, along with the number of operations
and data exchanges. These computations provide a basis for
forecasting their run-time and energy consumption. The findings
indicate that our proposed scheduling algorithm consumes four
times less energy than the benchmark schemes ESAP-NOMA
and RAAP-NOMA based on computational complexity, while
handling the maximum number of users, and offers a 10%
increase in energy efficiency with the maximum NOMA users.

Index Terms—6G, Beyond-5G, O-RAN, Orthogonal Multi-
ple Access (OMA), Non-Orthogonal Multiple Access (NOMA),
Power Consumption, Radio Resource Management(RRM).

I. INTRODUCTION

The significance of energy-efficient communication in
wireless networks due to the rise in interconnected devices
requiring high data rates and minimal latency. These demands
must be met while maintaining high Quality of Service
(QoS) and Quality of Experience (QoE) [1]. It highlights the
need for sustainable scheduling techniques in network design
to optimize performance and reduce energy consumption,
focusing on a proposed sustainable scheduling algorithm in
the Open Radio Access Network (O-RAN). The algorithm’s
effectiveness is evaluated by comparing its energy consump-
tion in orthogonal multiple access (OMA) and non-orthogonal
multiple access (NOMA) scenarios. The goal is to enhance
network efficiency and environmental sustainability [2].

O-RAN revolutionizes traditional network architecture by
decentralizing and modularizing base stations into compo-
nents like O-CU, O-DU, and O-RU, which are deployed as
Containerized Network Functions on commercial and cloud
platforms [3]. This approach, which utilizes open interfaces
and interoperability, enhances innovation, flexibility, and cost-

efficiency in managing wireless networks [4]. It incorporates
software-defined networking and network function virtualiza-
tion to improve dynamic scheduling and performance while
reducing energy consumption [5]. However, there is a gap in
developing a comprehensive power consumption model that
fully addresses both hardware and software needs of O-RAN.
Current models, such as the EARTH model, are inadequate,
highlighting a significant research need for a standardized
model specific to O-RAN [6]. Furthermore, in [7], a novel
resource management technique using Q-learning has been
introduced to optimize power and frequency allocation in
small cell base stations coexisting with macro gNBs, aiming
to minimize interference and maintain service quality, thereby
enhancing spectral efficiency.

Yet, the energy implications of these scheduling techniques
and processing overhead in O-RAN are not fully understood,
indicating a need for further study. Recent advances in energy
consumption within the Radio Access Network (RAN), high-
light the role of global standardization efforts by bodies like
the 3GPP and the O-RAN Alliance [8]. It emphasizes the use
of key performance indicators (KPIs), particularly focusing
on the Joules(J) metric, which determines the amount
of energy consumed for transmission of the minimum
number of bits. These KPIs are applicable at various network
levels, aiding in the assessment and enhancement of energy
efficiency in telecommunications networks [9]. The research
in [10] addresses the optimization of energy consumption
in IoT devices within O-RAN by applying the Successive
Convex Approximation (SCA) algorithm to convert a non-
convex problem into a convex one. This method not only aims
to reduce energy usage by 20% but also enhances the Quality
of Service (QoS). It proves more effective than traditional
edge network designs in lowering both latency and energy
consumption.

However, the study does not cover the computational
complexity and the energy costs associated with scheduling al-
gorithms for numerous users, including those for transmission
and re-transmission. In [11], the computation offload problem
was defined with the goal of minimizing energy usage by
jointly determining the offload ratio, transmission power, and
local processing speed. To simplify the optimization problem,
it was divided into two sub-problems, which were iteratively
solved to address the original problem. Simulation outcomes
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demonstrate that the strategy obtained for the O-RAN-based
IoT system proposed in the study can decrease the average
energy consumption of all IoTDs by over 20%. In [12], the O-
DU coordination architecture using NOMA has been studied
for scheduling massive machine-type users to minimize the
energy consumption and maximize the connection density and
throughput.

Contributions: The contributions of this paper are the fol-
lowing: The paper presents a sustainable scheduling algorithm
for O-RAN that significantly reduces energy consumption.
Key contributions include:

e A new energy consumption model comparing the pro-
posed algorithm with existing methods such as OMA,
ESAP-NOMA, and RAAP-NOMA.

« An analysis using instruction-level power modeling and
computational complexity, mapped on the RISC-V In-
struction Set Architecture (ISA).

« Simulation results that demonstrate up to four times
lower energy usage than reference schemes and 10%
more efficiency in handling maximum NOMA users.

II. SUSTAINABLE SCHEDULING IN O-RAN
A. Proposed Sustainable Scheduler System Model

What follows presents the system model and then our pro-
posed solution for sustainable scheduling, that is, the EEPS-
MTCN scheduling algorithm and its calculation of energy
consumption along with time complexity in Section III.

We consider a conventional scenario with NOMA UEs and
assume maximum interference from all other cells, where a
central gNB serves N users, each equipped with a single
antenna. It examines the impact of maximum interference
from neighboring cells and the allocation of radio resources.
Each user, denoted as [, belongs to a set U, within cell
s, part of a larger set S. The radio resources are indexed
by r and range from 1 to R. The study also considers
a maximum number, m, of devices that can be supported
per resource block, influenced by receiver complexity and
processing delays. NOMA implementation allows concurrent
sharing of a single resource block by multiple umMTC UEs,
enhancing connection capacity.

The achievable data rate measured in bits per second (bps)
of the user u belonging to the cell s on a given resource block
r is expressed as follows:

Rate,, = Bolog,(1+ SINR;,),YVu e U,Vr € R (1)
where SINR;, is the signal-to-interference plus noise ratio
experienced by NOMA user v on a given resource block r and
By is the bandwidth. SINR for NOMA users can be expressed

as:
G Py
) 2

> GyPray+ Int" + P,

uFv,velU

SINR;, :a;(

where a;, is a binary allocation variable, G, denotes
channel gain and P the transmission power of the user u
in cell s on resource block . Furthermore, G, is the channel
gain and P the transmission power of a NOMA interfering
user v in the resource block r. The term P, is the noise
power and Int" is the inter-cell interference, assumed to be
the constant interference experienced by the user u by the
interfering users of the adjacent cell NOMA users. Here, we
consider that:

B. Problem Formulation for Energy Efficiency Maximization

In this work, the achievable EE (b/J/H z) of the proposed
network is computed as the sum rate of the umMTC devices
(b/s/Hz) divided by the total power consumption (W) of
the network. The objective is to maximize the EE of the
considered system while guaranteeing QoS for each user, that
is, Rate;, > Rate}'".

S log,(1+ SINRY)
EE _ u€UreR 3)

B pet > > Py

ueU reR
Given the SINR from Equation (2), the above equation be-

comes:
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The EE maximization is given as:
maximize nEE %)
Py20

Furthermore, we have defined the constraints outlined
below.

o Minimum SINR Constraint: The minimum SINR require-
ment ensures the system’s viability within the network,
where Yinreshold represents the minimum SINR level
required for user u to meet the Quality of Service (QoS).

(C1) : SINR;, > Ythreshoia Vr € R (6)

e Minimum and Maximum Power Constraint stands for
the minimum and maximum transmit power constraint
of each umMTC UE.

(C2):0< Play, < Praw, forallre RNueU (7)

o Binary Resource Constraint indicates the binary con-
straint of resource block (RB) allocation. i.e. a;, € 0,1,

where a; = 1 represents that the resource block is
allocated to the device.
(C3):ay €{0,1},Vr € R ®)



« Resource Allocation guarantees that each RB is allocated
to M umMTC devices .
(C4):> ay <M VreR ©)
uelU

« Non-overlapping devices in the same cell requires that
each umMTC device is allocated to one RB.
(C5): > a, <1 YueU
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C. Energy Efficiency Prediction Algorithm for Sustainable
Scheduling

The proposed EEPS-MTCN algorithm designed to en-
hance energy efficiency in device networks by clustering
devices and assigning them to specific resource blocks (see
Algorithm1). This method ensures all devices in a cluster
achieve necessary data rates and focuses on selecting umMTC
devices to minimize interference and maintain connectivity.
The algorithm also involves power allocation to maximize EE,
reduce latency, and preserve connectivity, with the number
of devices per block limited by interference thresholds to
optimize resource access.

Algorithm 1 :Proposed Algorithm for Sustainable Scheduling

Require BW . MNoMmA-Prmaz.Gly.Prn.Area,lSD
User Equipment creation > Set us + G7,
Initialize P, = Pyq. and Compute CSI
Step 1: Resource AllocationSZA R as in (Eq.2)
while NumSector do
for Usrs in NOMARB do
Calculate IntUpr = Sum(IntUpr)
Calculate RtUpr = Sum(RtUpr)
Calculate EEUN = Sum(EEUN)
end for
Best Combination IntUyrmin, RtUymaz
Best Combination EEUymazx
Assign RB IntUpy min, RtUpyrmax, EEUymax
end while
Require IntUysmin, RtUymax, EEUymax
for CHGain in IntUjy;min do
for Usr in NOMARB do
Calculate IntUpr = Sum(IntUp)
Calculate RtUpr = Sum(RtUpr)
Calculate EEUN = Sum(EEUN)
end for
Best Combination IntUymin, RtUymaz
Best Combination EEU yymax
end for
Assign RB IntUy min, RtUymax, EEUyymaz
return/ntUpyrmin, RtUpyymazxz, EEU pymax

Require IntUprmin, RtUymax, EEUymax
Step 2: Power AllocationRequire P = PowMat
while UsrChGain do
for Power in PowMat do
for Usr in NOMARB do
if SINR > SINRynin then
Calculate RtUpr = Sum(RtUnr)
Calculate EEUy = Sum(EEUN)
end if
end for
end for
Calculate Power RtUymaxz, EEU pymax
returnRtU s mazx, EEUyymax, Pwraiioc
end while

III. ENERGY CONSUMPTION ESTIMATION AND
MODELING

The energy consumption models and the estimation method
are discussed to calculate the complexity and required number
of operations for the proposed EEPS-MTCN, and the baseline
ESAP-NOMA, RAAP-NOMA, and OMA are derived.

A. Network Energy Consumption

We estimate the energy consumption of an UE using the
following model proposed and used in [13]. The Energy E
consumed by UFE is given as

—— = lacttact +liowtiow +Itratire +lrztre Lothtotn, (11
Vour ttact +liowtiow +Ttratire + +Zthth()

where V,, represents the power supply voltage, I,c; and ¢,
denote the current consumption and processing time of the
O-DU processor in active mode, [, and t;,,, refer to the
current consumption and processing time in low power mode,
ILirzs tira, Irs, and ¢, indicate the current consumption and
processing times of the radio in transmit and receive modes,
while I,;, and t,, stand for the current consumption and
processing time of other network components. By prioritizing
the comparison and evaluation of algorithm performance, we
simplify the equation to concentrate solely on the active,
transmit, and receive states. We presume that the power con-
sumption in the low-power state and other components remain
consistent for both algorithms. It is essential to note that
the computational time and the duration of transmission and
reception vary for each UE. We assume that the computation
for m NOMA users varies from 2,4 to 8 users per radio
resource block.

w(m
=2 = Tacttact,n(m) + Liretira,n (M) + Iratran(m) (12)

su
where the energy consumption for UE n in iteration m is:
En(m) = Veup(Tacttact,n(m) + Itratira,n (M) + Iratre,n(m))
= Ecomp,n(m) + Eradio,n(m).
UE n uses E,(m) energy per iteration m. E,qdio.n(m) is
the communication energy consumption of node n and the
computational energy consumed by node n at iteration m is
Ecomp,n(m). The energy consumed by the network in one
iteration m is given as:

N
Enetwork(m) = Z E,(m).

n=1
The energy consumed by the network during the observation
period mps is given as:

Mobs

Eops = Z Enetwork(m).
=1

13)
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B. Computational Energy Consumption

The energy consumption of algorithms is evaluated primar-
ily through their algorithmic complexity and the total number
of operations, which is a reliable metric for assessing energy
use [14]. Furthermore, the energy usage of the RISC-V ISA
processor differs with various operations as detailed in the
instruction sets [15] and is further influenced by the execution
time and operational demands as discussed in instruction level
modeling (Section III-B1).

1) Instruction Level Energy Model: Instructions, such as
NOP, ADD, and MUL, consume varying amounts of energy
due to their use of different components within the processor’s
data path. It highlights that each instruction has a fundamental
energy cost associated with the core processing required for
its execution [16] for detailed energy consumption metrics.

E, = Z(Bm X Nm) + Z(Omd X vaj) + ZE" (15)

m m. n
The total energy consumption of a program, denoted as F,,, is
comprised of three main components. Firstly, the base energy
cost of each instruction, represented by B,, for the base cost
and N, for the execution count of instruction m. Secondly,
the energy cost due to instruction switching, where O,y ; is the
overhead for switching between instructions (m, j) and Ny, ;



is the frequency of these transitions. Lastly, E,, accounts for
additional energy used due to resource constraints. The model
assumes that the current I used for executing instruction m
depends on the supply voltage (Vi) and clock frequency
(f), forming a basic framework for understanding energy
consumption in programming.
Eiotn(m) =In X V X tn(m)
tn(m) =f (Nmut,k (M) Crmut + Naiv, k(M) Caiv+
+ Nadd,k(m)Cadd + Neomp,k (M) Ceomp)
Equation 16 defines the time taken for the execution of an
instruction, denoted as t,,(m). The processor’s frequency is
symbolized by the variable f. The quantities Ny, k(m),
Naiv,e(m), Ngdd,r(m), and Neomp (m) indicate the counts
of multiplication, division, addition, and comparison instruc-
tions, respectively. The variables C,,ul, Cgiv, C,dd, and
C.omp denote the number of clock cycles needed for multi-
plication, division, addition, and comparisons, respectively.

16)
an

C. Time Complexity Analyses

1) Time Complexity Analysis for NOMA-based Proposed
Sustainable Scheduling Algorithm: A three-step algorithm
for optimizing signal-to-interference plus noise ratio (SINR)
and energy efficiency in a network with non-orthogonal mul-
tiple access (NOMA) users. Initially, the algorithm calculates
channel gains and SINR for each user, with a complexity
of O(n + n™). Subsequently, it divides users into sectors,
computes interference combinations for each resource block,
and identifies optimal combinations through a linear search,
resulting in a complexity of O((n™) 4+ n™ x m?). Finally, it
allocates power to these combinations based on channel gains
to maximize efficiency, with a complexity of O(n™ x m?).
The overall computational complexity of the algorithm is thus
detailed, highlighting its steps and computational demands.

O((n™) +n+ (n™) x m> + (n™) + (n™) x m?)) (18)
which simplifies to O(n™ x m?). For comparison, we present
the time complexity of the ESAP-NOMA, RAAP-NOMA, and

OMA baseline algorithms namely Algorithms 2 and 3.

2) Time Complexity Analysis for NOMA-based Reference
Algorithm: Algorithm(2) outlines a three-step process for
optimizing user scheduling in NOMA systems. Initially, it
calculates the SINR for each user with a complexity of
O(n). The second step, using the ESAP method, evaluates all
possible user combinations to minimize interference, with a
complexity of O(m2+n™+nimesm). The final step involves
optimal power allocation based on channel gains to improve
energy efficiency, with a complexity of O(n™ + limesm?).
Overall, the algorithm aims to enhance system performance
through efficient user pairing and power distribution.

On™ xm?>+nxm+n™+1xm®) (19)

3) Time Complexity Analysis for Random Sustainable
Scheduling: In Algorithm(3), Stepl involves computing
channel gains and signal-to-interference plus noise ratio
(SINR) for each user. The computational complexity of Step
1 is O(n), where n is the number of users. This is followed
by Step2 employing a random pairing of users to NOMA
resource block. The computational complexity of Step2 is
based on the power allocation loop and is based on the search
for the best pairs. The computational complexity of this step
is O((n™) x m?). Thus, the overall time complexity of the
RAAP-NOMA algorithm can be expressed as O(n+n x m?).

Algorithm 2 :ESAP Algorithm for Sustainable Scheduling

Require BW.MNomA.Pmaz.G,,.Pn.Area,lSD
User Equipment creation > Set us <— GL s
Initialize P}, = Ppq. and Compute CSI
Step 1: Resource Allocation Calculate SZN'R as in (Eq.2)
while NumSector do
for Usrs in TotUsr do
for Usrs in NOMARB do
Calculate Int] = M x NAC x Pmaxz x GAC
Calculate IntUs; = Sum(IntU,)
Calculate RtU, = Sum(RtUy)
Calculate EEU; = Sum(EEU,)
end for
end for
Best Combination IntUsmin, RtUsmax
Best Combination EEUsmazx
Assign RB IntUy min, RtUymazx, EEUy max
end while
return/ntUprmin, RtUpymazxz, EEU pyymax

Require IntUyrmin, RtUymax, EEU N maz, LatUyymin
Step 2: Power Allocation Require P, = PowMat
while UsrChGain do
for Power in PowMat do
for Usrs in NOMARB do
if SINR > SINRynin then
Calculate RtUpr = Sum(RtUnr)
Calculate EEUN = Sum(EEUN)
end if
end for
end for
Calculate Power RtU pymaxz, EEU pymax
returnRtU ymax, EEUymax, Pwraijoe
end while

4) Time Complexity Analysis for OMA Sustainable
Scheduling: In the OMA Algorithm, Stepl involves comput-
ing channel gains and Signal-to-Interference-plus-Noise Ratio
(SINR) for each user. The computational complexity of Step
1 is O(n), where n is the number of users. This is followed
by Step2 employing resource block allocation to the user one
at a time. The computational complexity of this step is O(n)
Thus, the overall time complexity of the OMA algorithm can
be expressed as O(n).

Algorithm 3 :RAAP-NOMA Scheduling Algorithm

Require BW ,NumU sr,Ppaz.G,.Pn,Area,ISD
User Equipment creation > Set us <— st s
Initialize P, = Ppya, and Compute CSI
Step 1: Resource Allocation Calculate STN'R as in (Eq.2)
for Usrs in NOMARB do

Assign RB RandTup = UsrComb

Assign RB IntUgandm , RtUrandy s EEURandm
end for
Require IntUrandm , RtUranam, EEURrandam
Step 2: Power Allocation P = PowMat
while UsrChGain do

for Power in PowMat do

for Usrs in NOMARB do
if SINR > SINRynin then
Calculate RtUpr = Sum(RtUpr)
Calculate EEUN = Sum(EEUN)
end if
end for

end for

Calculate PowerRtU ns, EEUr, LatU yr

returnEEU s, LatUpyr, Pwraioc
end while

D. Communication System Energy Consumption

In addition to the computation costs, let’s calculate the
energy consumption for radio communication E,qq;0,n(m) at
UE n during iteration m which can be expressed as

Eradionk(m) = Veup(Iratra,n(m) + Iiratira,n(m))  (20)



The current consumed by the transmitter and receiver is
denoted as Iy, and I,,, respectively. Additionally, ¢, »(m)
and ty,4 ,(m) represent the duration of communication of the
receiver and transmitter at UE n in iteration m, respectively.

Eradion(m) = (Nn(m) = )Vaup(Iratre + Iiratera),  (21)
where n,,(m) — 1 is the number of neighbours for UE n. We
can further write that the network radio consumption can be
given as:

M
Eradio(m) = (Z(Nn(m) — 1)> Viup(Iratre + Ttratirs)
n=1
(22)
=(N(m) — M)Vsup(Iratra + Iiratirs), (23)

IV. RESULTS
A. Simulation Setup

The proposed and baseline algorithms were rigorously
tested by running the simulation 1000 times with UEs ran-
domly distributed across a single-cell network with a 500-
meter inter-site distance. The connection density of the UEs
in the cell was uniformly and randomly distributed between
16 to 50, with a maximum transmit power of 23 dBm in the
uplink. We map our proposed sustainable scheduling algo-
rithm (EEPS-MTCN) and baseline algorithms (ESAP-NOMA,
RAAP-NOMA, and OMA) on the RISC-V architecture and
used the architecture instruction set to perform instruction-
level modeling and energy consumption calculations. We
conducted a thorough analysis of the total energy consumption
of the algorithms, comparing the baseline algorithm with the
proposed sustainable scheduling algorithm. We also provided
a detailed breakdown of the transmission and computational
energy consumption to gain a comprehensive understanding
of each algorithm’s overall energy consumption.

B. Peformance Evaluation and Discussion

In our simulation, the total number of umMTC devices
range from 16 to 50, with the maximum number of umMTC
devices per resource block being M,,,, = 8. We consider
an imperfect successive interference cancellation (SIC) case;
the users experiencing interference from other users pair to the
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Figure 3. Total Energy Consumption(Joules) based on Computational and
Radio transmission and comparison of proposed EEPS-MTCN Algorithm for
different connection density userpersq/m with respect to baseline (ESAP-
NOMA, RAAP-NOMA, and OMA).

same resource. We conducted 5000 iterations for the Signal-to-
Interference-plus-Noise Ratio (SINR) to evaluate energy con-
sumption based on the successful packet rate. The prediction
was made using the receiver sensitivity value, and only users
with SINR above the threshold were considered. Although
this approach may affect user connection density, it ensures
successful packet reception and a balanced trade-off between
energy consumption and re-transmission. We conducted a
comparison of the total energy consumption with respect to
the user connection density usersq/m for various algorithms
based on the summation of computational complexity.

As illustrated in Figure 2, it is evident that the energy
consumption of ESAP-NOMA significantly exceeds that of
the proposed EEPS-MTCN. This is attributed to the notably
higher computational complexity of ESAP-NOMA in contrast
to that of EEPS-MTCN. It is also observable that the total
energy consumption of OMA is lower than that of EEPS-
MTCN. This can be attributed to the fact that the computa-
tional complexity of the OMA algorithm is O(n) compared
to EEPS-MTCN, albeit at the expense of a higher number
of resource blocks, which is nearly eight times more than
that of the proposed algorithm. Similarly, the computational
complexity of RAAP-NOMA is lower, which plays a signif-
icant role in this comparison. It is evident from Figure(2)
that the energy consumption of ESAP-NOMA significantly

CDF Energy Consumption

-~ ESAP-NOMA Radio Energy Consumption ]
== Radio Energy

RAAP-NOMA Radio Energy Consumption
|- - OMA Radio Energy i

0 1 2 3 4 5 6
Energy Consumption (Joules) %107
Figure 4. CDF for the comparison of Radio transmission energy consumption

of proposed EEPS-MTCN Algorithm with respect to baseline (ESAP-NOMA,
RAAP-NOMA, and OMA).



exceeds that of the proposed EEPS-MTCN (up to 29.68 less
energy vs. ESAP i.e. 58 mJoules for 48 users/m2). This is
attributed to the notably exhaustive search and computation
complexity of ESAP-NOMA in contrast to EEPS-MTCN. It
is also observable that the total energy consumption of OMA
is lower than that of EEPS-MTCN. This can be attributed
to the single-user power consumption compared to EEPS-
MTCN, albeit at the expense of a higher number of resource
blocks, which is nearly eight times more than that of the
proposed algorithm. A comparison was also carried out on
the overall energy usage (comprising computational and radio
transmission costs) in relation to the user connection density
user(sq/m) for different algorithms.

As shown in Figure(3), the energy consumption of EEPS-
MTCN for radio transmission outperforms ESAP-NOMA by
48%, RAAP-NOMA by 11.9%, and OMA by 32.9%. This
indicates that the accurate prediction of Signal-to-Interference-
plus-Noise Ratio (SINR) significantly influences the perfor-
mance of this algorithm.

The energy consumption for successful packet transmission
is illustrated in Figure 4, it is evident that EEPS-MTCN
has less energy consumption as compared to other baseline
NOMA algorithms but for higher connection densities it also
surpass OMA and more energy efficient due to the inclusion
of minimum interference while packing NOMA user in a
resource block and prediction of SINR for successful packet
transmission. The superiority of our proposed scheme over the
baseline schemes stems from their following shortcomings.
Although the ESAP NOMA algorithm explores all possible
user pairs in the system to identify the optimal pairing that
maximizes performance metrics, but it is very computationally
intensive and time complexity is very high. It finds the pair
for interference and latency considerations. In contrast, the
RAAP-NOMA algorithm randomly pairs NOMA users, which
generates a diverse range of user pairs but overlooks all the
QoS constraints and pair without looking into interference
and latency considerations. On the other hand, our proposed
scheme minimizes interference and latency and specifically
pairs devices with favorable channel gain and minimal inter-
ference and latency to enhance the EE of the system.

V. CONCLUSION

This paper proposed a sustainable scheduling algorithm
for O-RAN that prioritizes energy efficiency, maintains QoS,
while decreasing complexity. To realistically evaluate the
energy consumption, we calculated the cost of successful
packet reception with OMA and NOMA, considering 6G and
O-RAN architecture and umMTC. Various factors associated
with sustainable scheduling techniques that impact energy
consumption in O-RAN systems have been explored including
user density, radio resource and power allocation, and algo-
rithm computation complexity. The simulation results show
that the proposed scheduling algorithm requires four times less
energy based on the complexity of the computation than the

baseline ESAP-NOMA and RAAP-NOMA, while scheduling
the maximum number of users, and is 10% more energy
efficient for the maximum NOMA users.
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Abstract—This paper proposes an energy-efficient resource
scheduling and power-allocation framework for ultra-massive
machine-type communication (umMTC) in uplink non-orthogonal
multiple access (NOMA) networks. The considered non-
cooperative multi-cell model accounts for neighboring-cell inter-
ference using a fixed-interference approximation and addresses
limited radio resources, stringent device power budgets, and
quality-of-service constraints. Energy-efficiency and connectivity
optimization problems are formulated for joint user scheduling,
resource-block assignment, and transmit-power control. Because
the resulting problem is mixed-integer and non-convex, a low-
complexity Energy-Efficient Resource Scheduling for Machine-
Type Communications in NOMA (EERS-MTCN) algorithm is
developed using channel-aware user grouping, interference-aware
resource allocation, and iterative power refinement. Simulation
results show that EERS-MTCN consistently outperforms random
allocation and pairing NOMA (RAAP-NOMA), achieving approx-
imately 27% higher energy efficiency at the maximum evaluated
connection density of 300 users/m”. Although exhaustive-search
pairing NOMA (ESAP-NOMA) achieves approximately 16%
higher energy efficiency, its execution time is about one order
of magnitude greater. The proposed method therefore provides
a favorable trade-off between energy efficiency, connectivity
support, and computational complexity for dense uplink NOMA
deployments.

Keywords—6G, Massive machine type communication (nMTC),
Sustainable scheduling, Non-Orthogonal Multiple Access (NOMA),
Radio Resource Management (RRM).

I. INTRODUCTION

Sixth-generation (6G) communication systems require a so-
phisticated approach to manage concurrent communication
needs. By 2030, it is projected that 25 billion machine-type
communication (MTC) devices will be in operation [1]. The
proliferation of umMTC devices has introduced complexities
in connection establishment, radio resource allocation, simul-
taneous signaling, and data transmission, potentially leading
to significant congestion. Addressing these challenges remains
an open research topic [2].However, sustaining this growth in
ultra-massive machine-type communication (umMTC) devices
presents significant challenges to accommodate dense deploy-
ments and ensure reliable and energy-efficient connectivity [3].

Therefore, the key question is How can we efficiently
use limited spectrum resources to connect a large number
of umMTC devices with minimal latency and high energy
efficiency?

In M2M communication, frequent access congestion can
occur due to simultaneous connections by massive machine-
979-8-3503-6511-5/24/$31.00 ©2024 IEEE

type communication devices (MTCDs) to the core network. To
mitigate this issue, non-orthogonal multiple access (NOMA) is
suggested as a potential solution because it can serve multiple
users on the same time-frequency channel resource. It has been
demonstrated that NOMA can outperform orthogonal multiple
access (OMA) in providing more equitable access opportunities
for devices [4]. However, it is crucial to note that this benefit
is conditional, and the increased cochannel interference caused
by NOMA must be managed more effectively. Existing studies
have explored power allocation, channel assignment [5], and
other methods to manage cochannel interference.

Nonetheless, these studies assume that the network can sup-
port connections to all users simultaneously. This assumption
may limit the applicability of current research in M2M com-
munication systems, which typically accommodate far more
devices than traditional networks. Therefore, user scheduling is
necessary to enhance the performance of NOMA-based M2M
communication networks. User scheduling schemes in the time
domain have been investigated in [6], [7]. Specifically, the up-
link user scheduling problem was examined in [6] to maximize
connections in narrow-band IoT systems with NOMA. In [7],
under the constraint of a maximum number of multiplexed
users sharing the same sub-channel, the authors focused on the
joint user scheduling and power allocation problem for NOMA
systems.

In the MTC domain, research has been conducted to max-
imize network efficiency, resulting in dynamic user scheduling
and power allocation techniques, as discussed in [8]. This work
achieved an average energy efficiency of 4.5 x 10'° bits per
joule for an average density of 150 MTC User Equipment’s
(UEs) /km?, without considering the delay and arrival rate.
The work by [9] introduces a power allocation technique
demonstrating a 0.5 b/J/Hz enhancement over the standard
scheme when considering up to 24 IoT devices across 12
sub-carriers. The author of [10] investigated dynamic user
scheduling and power allocation by formulating a stochastic
optimization problem to minimize the total power consumption
of a massive IoT network.

In [11], the author investigated the enhancement of energy
efficiency (EE) in narrow-band IoT systems by comparing
different resource unit configurations (RUCs). They aimed to
optimize both EE and latency and proposed a scheduler based
on the shortest job first. The scheduler ach ieved a better
balance between reducing latency and improving EE across
a wider range of parameter configurations in multicellular
layouts. Although the aforementioned works [6], [7], [11]
have addressed the massive access problem by utilizing user



scheduling schemes, they do not consider the QoS require-
ments of users. Unfortunately, for the overloaded network
we considered, the cochannel interference caused by NOMA
may negatively impact the achievable rate of users and further
reduce QoS satisfaction, which is a critical performance metric
for M2M communication networks. Therefore, unlike the above
strategies, we focus on designing a user scheduling scheme
under QoS provisioning for umMTC.

To enhance connectivity, it is essential to tackle interfer-
ence, scheduling delays, and the reliability of wireless trans-
mission. These elements are constrained by the available band-
width (BW) and the signal-to-noise ratio at the receiver [12].
For ultra-massive Machine Type Communication (umMTC),
managing high user density, low transmission power, and
limitations on BW and radio resources is crucial. From an
energy efficiency standpoint, effective resource scheduling al-
gorithms are vital for massive machine-type communication in
6G. These algorithms are key to supporting many users with
minimal interference. Given the limited availability of radio
spectrum resources, it is crucial to strategically allocate them
based on the specific needs of the application and the current
radio conditions.

Previous research [13] has focused primarily on coordi-
nation mechanisms that, while addressing certain challenges,
often lead to increased network complexity and energy con-
sumption, especially in high-density device scenarios. The
diverse data rate requirements of ultra massive machine type
communications (umMTC) have not been fully addressed in the
literature, potentially causing QoS issues, especially for low
data rate devices. Combinatorial optimization methods have
been used to tackle the challenges of massive connectivity, but
they are lacking in accommodating the maximum number of
users in a single resource block with NOMA to enhance energy
efficiency and connectivity.

A. Contribution

The contributions of this paper are threefold.

e We develop a non-cooperative multi-cell uplink
NOMA system model for dense umMTC schedul-
ing. Each cell allocates resources independently, while
the interference originating from neighboring cells is
incorporated through a conservative fixed inter-cell
interference term. The model captures the impact of
adjacent-cell activity on user SINR, achievable rate,
and scheduling feasibility without assuming explicit
inter-cell coordination.

e  We formulate constrained energy-efficiency and con-
nectivity optimization problems for joint user schedul-
ing, resource-block assignment, and power allocation.
The formulation incorporates binary allocation vari-
ables, maximum NOMA multiplexing order, per-user
power limits, minimum SINR requirements, and one-
RB-per-user constraints. Connectivity is promoted by
scheduling user groups whose members satisfy the
required QoS and minimum-rate conditions.

e  We propose the Energy-Efficient Resource Scheduling
for Machine-Type Communications in NOMA (EERS-
MTCN) algorithm. The method combines channel-
aware user grouping, interference-aware resource al-
location, and power refinement to reduce intra-RB
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Figure 1: Multi-Cell Non-Cooperative Interference Scenario
Consideration

interference while maintaining QoS. Compared with
RAAP-NOMA, EERS-MTCN achieves approximately
27% higher EE at the maximum evaluated density. It
remains approximately 16% below ESAP-NOMA in
EE but requires about one-tenth of its execution time,
providing a more practical EE—complexity trade-off.

The rest of this paper is organized as follows. Section II de-
scribes the system model and defines problem formulation for
energy efficiency and connectivity maximization for umMTC.
Section III presents the details of our proposed solution and
the proposed algorithm for energy-efficient resource schedul-
ing. Section IV presents an evaluation of the performance of
our proposed solution through simulations. Finally, Section
V concludes the paper with a summary of our findings and
suggestions for future work.

II. PROBLEM FORMULATION FOR RESOURCE SCHEDULING
FOR UMMTC SYSTEM

A. System Model

We consider a non-cooperative multi-cell scenario with
NOMA UEs and assume maximum interference from all ad-
jacent cells. Our primary focus is on the central cell (referred
to as the multi-cell scenario as in Fig (1). The gNB in the
network serves IN users. It is assumed that both the gNB and
all umMTC devices are equipped with a single antenna. Let u,
denote the user index u in cell s, utilizing the resource block
indexed by r, and belonging to the set of users U, where all
cells are represented by s € S.

Hence total users served by the gNB are N € U and the
set of available radio resources is denoted by R, with indices
r = {1,2,...,R}. We consider m € M, representing the
maximum number of NOMA UEs that can be supported per
radio resource block (RB), where M < IN, depending on
the complexity of the receiver design and the delay associated
with signal processing for successive interference cancellation.
The deployment of NOMA facilitates the concurrent sharing
of a single resource block by multiple umMTC UEs, thereby
enhancing the capacity for additional connections. The achiev-
able data rate measured in bits per second (bps) of the user u
belonging to the cell s on a given resource block r is expressed
as follows:

Ratey, s = Bolog,(1+SINRy, ),Vr € R,Vs € 8,Yu € U(1)

where SINR;, , is the signal-to-interference plus noise

ratio experienced by NOMA user w in cell s in a given resource



block r and By is the bandwidth. SINR for NOMA users can
be expressed as:

- N ar pr
SINR, . =a. . w,s4u,s 5
o llu,>< > G oPran s+ Intt + Pn> @
uFv,velU
where ay, ; represents a binary allocation variable, G,

signifies the channel gain, and P,  is the transmission power of
user u in cell s on resource block r. Furthermore, (7, | denotes
the channel gain and P ; the transmission power of a NOMA
that interferes with the user v on the resource block r. The
term P, refers to the noise power and Int] stands for intercell
interference, which is assumed to be the constant interference
experienced by the user u from the interfering users of adjacent
cell NOMA users. Here, we consider the following.

ITLt; =M x NAC X Pmaz X GAC (3)

where M represents the count of NOMA users, Nac
denotes the number of neighboring cells, P,,,, represents
the peak transmission power and G 4¢ indicates the mean
interference channel gain of neighboring cells.

B. Problem Formulation for Energy Efficiency Maximization

The objective is to maximize the EE of the network by
identifying users that are multiplexed into the radio resource
block and to maximize the guaranteed rate of the network. The
achievable EE (b/.J) of the proposed network is calculated
as the sum of umMTC devices (b/s) divided by the total
power consumption (W) of the network. The objective is to
maximize the EE while guaranteeing QoS for each user, that
is, Rate], ; > Ratej™.

u,s =
> 2 logy(1+ SINR, )
EE _ u€UreR ) @
pet > X P
ueU reR )
where p. is referred circuit power consumption. Given the SINR
from Equation (2), the above equation becomes:
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The EE maximization is given as:
P1: maximize nEE 6)
Pr _am 0

w5 %, s =

Furthermore, we have defined the constraints described
below.

Minimum SINR constraint: The minimum SINR require-
ment ensures the system’s viability within the network, where
Yihreshold represents the minimum SINR level required for user
us to meet the Quality of Service (QoS).

(C1) : SINR,, s > Vinreshota Vr € RYu € U (7)

Minimum and Maximum Power constraint stands for
the minimum and maximum transmit power constraint of each
umMTC UE.

(C2):0< Py san,s < Prae, VP € RYu €U ®

Binary resource constraint indicates the binary nature of

resource block (RB) allocation, i.e. ay, ; € 0,1, where ay, ; =1
signifies that the resource block is allocated to the device.
(C3):ay,s €{0,1},Vr e R ()]

Resource Allocation constraint guarantees that each RB
is allocated to M umMTC devices
(C4):Zafw§M VreR
uelU
Non-overlapping device constraint in the same cell re-
quire that each umMTC device is allocated to one RB.
(C5):> ai <1 YuelU an

TER
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C. Problem Formulation for Connectivity Maximization

The objective function maximizes the total connectivity
metric (e.g., packet success rate) across all connected devices,
subject to resource and connectivity constraints. By solving
this optimization problem, we can maximize connectivity for
uMTC devices, Therefore, we can express the objective func-
tion as follows:

P2 : Const x max <Z Z aZ,SR(ltez,s>

reRueU

12)

subject to : (C1), (C2), (C3), (C4), (Cb)
where

Comst — ( BW % IAT % Mumus >

PacketSize * BWperrp x A

where BW refers to the bandwidth considered, I AT is the
inter-arrival packet time, M, is the number of multiplexing
users in a single resource block, PacketSize is the total
number of payload size. BW)y.,.gp is the bandwidth of a
single resource block, A is the area of consideration for a given
simulated scenario.

Since the objective of the Optimization problems referred
to in Eq (6) and (12) is to identify users that can be multiplexed
in the same radio resource block by minimizing interference
between other users in the cell and determine the optimal power
allocation to maximize the sum rate of the network and hence
the EE and connectivity. This twofold perspective will be the
basis of the sub-optimal solution proposed in Section III-C.

III.PROPOSED SOLUTION FOR RESOURCE SCHEDULING

Previously, energy efficiency and connectivity have been de-
fined with constraints that did not account for their interde-
pendencies. For resource scheduling, it is now recognized that
these factors are interlinked, and optimizing one in isolation
may not yield the most effective overall solution. Optimizing
energy efficiency and connectivity simultaneously complicates
the optimization problem due to the inclusion of binary al-
location variables and the non-convex characteristics of the
signal-to-interference-plus-noise ratio (SINR) due to NOMA’s
non-orthogonality. Consequently, finding the optimal solution is
extremely challenging. Inevitably, trade-offs and compromises
must be made; for example, lowering energy consumption
could lead to outages, whereas improving connectivity might
require more energy.

To address this issue holistically, we propose a sub-optimal
algorithm that decomposes the problem into two distinct com-
ponents: Resource Scheduling and Power Allocation. This
algorithm offers a viable solution to the optimization challenge.
Initially, an interference power value is allocated to each user.
Subsequently, each UE is scheduled, and power is distributed
to UEs, hence mitigating interference at the target receiver.
Power allocation is predicated on channel assignment and aims



to minimize interference among users within the same cell and
those sharing the same radio resource block, considering an
SINR threshold v;preshota and an optimal distribution of power
and resources. We ensure that each user is assigned a resource
only once within a radio frame and that the power remains
within the range of zero to P4,

A. Resource Scheduling

The energy efficiency (EE) of each UE is influenced by
the presence of other NOMA users sharing the same resource
block (RB) and by inter-cell interference.

In scenarios involving multiple users and RBs, it is impera-
tive to optimize the EE system by pairing users and allocating
RBs. The channel coefficients for NOMA users assigned to the
same RB should be systematically arranged in ascending order,
reflecting the proximity of users with stronger channel gains
to those with weaker channel gains. The power allocated to all
users should be constant for performing scheduling. We set the
power of all users P, = PJ = P, where P is equal to a
maximum power limit, P = Py,q,.

Gi <Gy <+ <G <Gu 13)

Following channel assignment, power allocation is per-
formed. This involves reformulating the optimization problem
for each resource block, as interference from adjacent cells
is negligible. However, it is necessary to incorporate the
interference generated by NOMA users within a given resource
block. Let M denote the set of NOMA users per resource block
per cell and u represent a user in cell s that belongs to M. The
optimization objective is formulated as follows.

> > logy(14+ SINRy, ;)

weU reR N .
max + ay, s Ratey,
< pet > > Pl (;ﬁ;} >>

reERueU g
(14)

This can be simplified as,
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The goal is to optimize the rate while minimizing energy
consumption, leading to improved energy efficiency. The user
must satisfy the minimum rate requirement to ensure connec-
tivity. The

SINRy, s > Yihresholdy 1im

(16)

0< P, < Pnas,Vs€S. 17

B. Power Allocation

Once the scheduling is completed, we can optimize the
power for the users. Since there is no interference between
users on different resources, we can rewrite the optimization
problem as follows:

o ( GiPi

e > GiPray s+ Int" + P

u#v,veEM

) > Yinreshotd  (18)

S anGrPl |+ (19)

utv,vEM
Vthreshold * (Inty + Pr)

r oAt pr
Ay, sGu,sPus > Yihreshold *

aysGosPrs | > (20)

utv,0e M
Vthreshotd * (Inty + Pp)

After presenting the problem decomposition as in resource
scheduling (Section III-A) and simplified SINR equations to
meet the minimum rate constraint as presented in Eq.(18 -
20) in power allocation (Section III-B). The suboptimal EERS-
MTCN algorithm is presented in Section III-C.

[ —-
g, sGu, s Py s — Vthreshold *

C. Proposed Energy Efficient Resource Scheduling Algorithm

The proposed EERS-MTCN algorithm aims to maximize
the energy efficiency (EE) to support high connection density
while minimizing the interference on the user u caused by
NOMA users sharing the same resource block r within a cell.
We assumed a constant interference from neighboring cells.
The proposed scheduling algorithm has two steps (see Algo.1),
i.e. UEs/Resource Scheduling and power allocation.

Two main steps of EERS-MTCN are depicted in
Algorithm1. First, users are divided into various sectors ac-
cording to their channel gains within a cell. The interference
experienced by users within a cell is determined concerning
adjacent cells (i.e., constant interference in the non-cooperative
scenario considered here). Then, users with the minimum
interference are paired together in a NOMA resource block.
To maximize connectivity, a maximum number of 8 users per
RB is packed to any given resource block so that all devices
in that RB achieve the minimum data rate requirement.

n the subsequent step following resource allocation, power
is assigned to NOMA users within a given resource block
(RB) to maximize the network’s energy efficiency (EE). This
allocation must ensure that the interference caused to other
NOMA users within the same RB is minimized, while still
satisfying the minimum rate constraint and maintaining high
network EE.

IV.PERFORMANCE EVALUATION AND DISCUSSION

A. Simulation Setup

The performance of the proposed framework is evaluated
through Monte Carlo simulation over 1000 independent UE
deployments. A reference cell with a radius of 500 m is
considered, while the effect of adjacent cells is represented
through the fixed inter-cell interference model. The number
of active umMTC devices varies from 50 to 400, and the
maximum NOMA multiplexing order is set to eight users per
RB. All UEs are uniformly distributed within the reference cell
and transmit with a maximum uplink power of 23 dBm. The
remaining system parameters follow the 3GPP standard [14],
the IMT-Advanced Report ITU-R [15], and are listed in Table I.

B. Results and Discussion

In our simulations, the total number of ultra-massive
machine-type communication (umMTC) devices ranges from
50 to 400, with a maximum of M,,,, = 8 umMTC devices
per resource block. We consider a scenario with imperfect
successive interference cancellation (SIC), where users experi-
ence interference from other users paired to the same resource.



Table I. Simulation Parameters

Algo. 1 : Proposed Algorithm for Sustainable Scheduling
Input: BW,mNOMA,Pm{,,m,G;S,P,,,,Area,ISD
User Equipment creation > Set us < G,
Initialize P} ; = Ppaq,RtU,, = RtU,,in
Compute CSI and STAN'R as in (Eq.2)
Step 1: Resource Allocation
while numSector do
for Usrs in roNOMA do
Calculate Intl, = M * Naoc * Ppas * Gac
calculate RtU,,, = Sum(RtU,,)
calculate EEU,, = Sum(EEU,,)
end for

best combination IntU;;,,, RtU,.., EEU .
Assign RB IntU},,, RtU) . EEUT
end while
Input: Int :;Llin’ RtUrTryl,lu:I:’ EEUryryl,la:l:

for chGain in IntU;;, do
for Usr in hNOMA do
calculate IntU,, = Sum(IntU,,)
calculate RtU,, = Sum(RtU,,)

calculate EEU,, = Sum(EEU,,)

end for
best combination IntU.";, , RtU",.., EEU, .
end for
assign RB IntU, , RtU  EEUT
return/ntU)); , RtU"  EEU
Input: IntUr,,, RtUL,.... EEUR, ., Pl = PowMat

Step 2: Power Allocation
while UsrChGain do
for Power in PowMat do
for Usr in tbNOMA do
if SINR > SINR.nin then
calculate RtU,, = Sum(RtU,,)
calculate EEU,,, = Sum(EEU,,)
end if
end for
end for
calculate Pwrqoc RtUY, ., EEU, ..
returnRtU)"  EEU] . Pwraoc
end while

The following results validate the effectiveness of the proposed
techniques.

C. Results and Discussion

The proposed EERS-MTCN algorithm is compared with
exhaustive-search pairing NOMA (ESAP-NOMA) and random
allocation and pairing NOMA (RAAP-NOMA). The results
should be interpreted in terms of both achievable EE and
computational cost. Fig. 2 presents the achievable EE as the
maximum number of NOMA users multiplexed on each RB
increases. For all three algorithms, EE decreases with the
NOMA multiplexing order. Although serving more users on
the same RB increases spectral reuse and supports additional
simultaneous connections, it also strengthens intra-RB interfer-
ence and increases the power required to satisfy the minimum-
SINR constraints. Consequently, the additional throughput does
not fully compensate for the higher interference and power

Parameters Value
Transmit Power of Base Station, and UE (dBm) | 46, 23
Carrier Frequency (MHz) 700
Receiver Thermal Noise Density (dBm/Hz) -174
No. of UE per cell 10
Interference Margin (dB) 0

Channel Model Extended Okumura Hata Model

Noise Figures of Base Station, UE (dB) 7,5

Effective Noise Power (dBm) Thermal Noise+ Noise Figure
+Ny g+ 10 log (Receiver Sensi-

tivity)

Occupied System Bandwidth (kHz) 180
Radius of Cell (m) 500
Heights of the base station, UE (m) 25, 1.5
Antenna element gain of BS, UE (dBi) 8,0
No. of antenna support per UE 1

Maximum Coupling Loss (MCL) (dB) Trx Pwr + SINR

consumption at large multiplexing orders.

ESAP-NOMA achieves the highest EE because it ex-
haustively evaluates the available user-pairing and power-
allocation combinations. The proposed EERS-MTCN consis-
tently achieves the second-highest EE and outperforms RAAP-
NOMA across the evaluated multiplexing levels. At the max-
imum evaluated connection density, EERS-MTCN achieves
approximately 27% higher EE than RAAP-NOMA while re-
maining approximately 16% below ESAP-NOMA. This result
confirms that EERS-MTCN approaches the exhaustive-search
benchmark while avoiding its high computational burden. Ta-
ble II compares the algorithms across connection densities of
150, 200, 250, and 300 users/m2. Over this evaluated range,
aggregate EE increases with connection density because the
growth in successfully scheduled throughput exceeds the cor-
responding increase in total transmit power. Nevertheless, for
each fixed density, increasing the number of NOMA users per
RB reduces EE because of the stronger intra-RB interference.

Relative to RAAP-NOMA, EERS-MTCN improves EE
by approximately 26.98%, 31.76%, 35.48%, and 42.84% at
connection densities of 300, 250, 200, and 150 users/m2,
respectively. Relative to ESAP-NOMA, EERS-MTCN is lower
by approximately 15.95%, 7.93%, 17.09%, and 17.58% at
the same operating points. These results show that EERS-

Gainin EE with Ref to x10°

Per Resource Block Energy Efficiency for Different Connection Densities
ESAP-NOMA =-15.94% T T

™ =300[]

ESAP-NOMA!

{RAAP-NOMA

Energy Efficiency (bit/Joule)

Gain in EE with Ref to

RAAP-NOMA=26.98%

Proposed NOMA
EERS-MTCN

4 6
Number of NOMA Users Per Resource Block

Figure 2: System Energy Efficiency with the different max-
imum number of umMTC devices M,,,, per resource block
for the baseline ESAP-NOMA, baseline RAAP-NOMA and the
proposed EERS-MTCN.



Table II: Energy Efficiency comparison among different algo-
rithms in terms of connection density

Connection Density Proposed ESAP-NOMA’s | RAAP-NOMA’s
users/m? EERS-MTCN’s EE EE(bits/J) EE(bits/J)
(bits/J)
300 3.9375e+08 4.6847e+08 3.1008e+08
250 2.9413e+08 3.1947e+08 2.2324e+08
200 1.9513e+08 2.3534e+08 1.4403e+08
150 1.2429¢+08 1.5080e+08 8.7012e+07

MTCN provides a robust performance advantage over random
scheduling while remaining reasonably close to exhaustive
search. The execution-time comparison in Fig. 3 demonstrates
the practical advantage of EERS-MTCN. ESAP-NOMA re-
quires approximately an order of magnitude more computation
because it evaluates all feasible user-pairing combinations.
RAAP-NOMA is computationally inexpensive but does not
account for interference, QoS, or EE when forming NOMA
groups. EERS-MTCN therefore provides the most favorable
compromise between EE and execution time among the eval-
uated practical schemes.

Furthermore, it has been observed that when connection
density and NOMA users per resource block are the same, the
EE value obtained by the three algorithms decreases as P,qx
increases. This occurs because the total communication power
consumption increases when the allocated transmit power of
umMTC devices increases, leading to a reduction in the EE
of umMTC devices. Therefore, compared to the baseline al-
gorithms, the proposed ERRS-MTCN algorithm demonstrates
superior performance in terms of effectiveness and energy
efficiency.

«10* Algorihtm Execution Time for Different User Connection Desnities
EERAAP-NOMA Algorithm

ERS-MTCN Prop Algorithm

12 " ESAP-NOMA Algorithm

14

Algorithm Execution Time (s)
& o ® B3

N

o —==m  mill | mm ‘ ml ‘ ‘ mE ml
50 100 150 200 250 300
User Connection Density per sq-km

Figure 3: Algorithm execution time for baseline ESAP-NOMA,
baseline RAAP-NOMA, and the proposed EERS-MTCN.

The superiority of our proposed scheme over the baseline
schemes stems from the following shortcomings. Although
the ESAP NOMA algorithm explores all possible user pairs
in the system to identify the optimal pairing that maximizes
performance metrics, it is very computationally intensive, and
the time complexity is very high, as can be seen in Fig.(3).
It finds the pair for minimum interference and maximum
EE. In contrast, the RAAP-NOMA algorithm randomly pairs
NOMA users, which generates a diverse range of user pairs
but overlooks all the QoS constraints and pair without looking
into interference and EE considerations. On the other hand, our
proposed scheme minimizes interference and EE and specifi-
cally pairs devices with favorable channel gain and minimal
interference to enhance the EE of the system.

V. CONCLUSION

This paper presented EERS-MTCN, an energy-efficient
scheduling and power-allocation framework for dense up-
link NOMA-based umMTC networks under a non-cooperative
multi-cell model with fixed inter-cell interference. The pro-
posed algorithm jointly performs channel-aware user grouping,
interference-aware resource allocation, and power optimization
to improve energy efficiency while satisfying QoS constraints.
Simulation results show that EERS-MTCN consistently out-
performs RAAP-NOMA, achieving up to 27% higher EE at a
connection density of 300 users/m?, while remaining within
approximately 16% of the exhaustive-search ESAP-NOMA
benchmark. Considering that ESAP-NOMA incurs nearly an
order of magnitude higher execution time, EERS-MTCN offers
a practical trade-off between energy efficiency and computa-
tional complexity for dense mMTC deployments. Future work
will investigate dynamic inter-cell interference coordination,
finite-blocklength transmission, and learning-based adaptive
scheduling for time-varying wireless environments.
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Abstract—This paper proposes a scalable and energy-efficient
scheduling framework tailored for massive machine-type com-
munications (mMTC) in future 6G networks. Motivated by
the dual challenges of massive connectivity and strict energy
constraints, we introduce a new cooperative multi-cell uplink
scheme that jointly optimizes user scheduling, power allocation,
and interference management under finite block length (FBL)
constraints. While prior studies have explored energy efficiency
(EE) or connectivity separately, they often neglect FBL effects
and lack scalable, interference-aware coordination across multi-
cell NOMA deployments. Leveraging non-orthogonal multiple
access (NOMA), our framework addresses both intra- and
inter-cell interference through a multi-objective optimization
problem that simultaneously maximizes EE and connectivity.
To solve the problem, we develop the Sustainable and Reliable
Scheduling for Massive Machine Type Communication using
NOMA (SRS-MTCN) algorithm, integrating channel-aware user
clustering, interference-aware resource allocation, and iterative
power optimization. Simulation results demonstrate that the
proposed approach performs significantly better than state-of-
the-art baselines in dense deployments, achieving up to 35— 58 %
EE improv t in medium-density regi (1632 devices/m?),
while ensuring robust scalability and reliability in ultra-dense
scenarios exceeding 40 devices/fm?. These results illustrate its
suitability for sustainable 6G mMTC networks operating under
FBL and energy constraints.

Index Terms—Sixth-generation (6G), energy efficiency (EE),
finite blocklength (FBL), connectivity, massive machine-type
communication devices (mMTC), non-orthogonal multiple access
(NOMA), resource scheduling, uplink multi-cell.

I. INTRODUCTION
HE forthcoming sixth-generation (6G)! wireless net-
works are envisioned to support an unprecedented num-
ber of connected devices projected to exceed 10° devices/km?
driven by massive Machine Type Communication (mMTC)
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Fig. 1. Challenges in Sustainable scheduling, highlighting the optimal
transmission power region for energy-efficient connectivity.

use cases in smart cities, industrial Internet of Things (IoT),
and autonomous systems [1], [2], [3]. These devices are
characterized by stringent energy, latency, and complexity
constraints, which pose unique challenges for sustainable
resource scheduling in dense environments [4]. A central goal
is the design of sustainable scheduling techniques that jointly
optimize EE and massive connectivity, while respecting power
budgets and reliability constraints. Optimizing EE or connec-
tivity in isolation is insufficient [5], [6], i.e., focusing solely on
EE can limit access, whereas prioritizing connectivity without
energy considerations can destabilize the network. Given the
above, a comprehensive framework is needed to balance these
objectives and ensure scalable energy-efficient access, which
are two key issues in 6G networks [7].

This challenge is further intensified at the radio access
network (RAN) layer, which accounts for over 70% of the
total energy consumption in modern cellular networks [8]. As
also depicted later in Fig. 1, sustainable scheduling in ultra-
dense mMTC networks requires a balance among conflicting
objectives: maximizing device connectivity, preserving reliable
SINR, and minimizing energy consumption. These interlinked
trade-offs make the problem inherently non-convex, where
optimizing one metric often compromises another. However,
mMTC devices typically transmit short packets, where this
assumption does not hold.

Non-orthogonal multiple access (NOMA) has emerged as a
promising solution, enabling simultaneous user transmissions

2473-2400 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
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over shared time-frequency resources and thus improving
spectral efficiency [9], [10]. However, in ultra-dense mMTC
scenarios, even NOMA’s performance is fundamentally lim-
ited by the short-packet transmissions and the constraints
of finite block length (FBL) coding [11], [12]. Moreover,
co-channel interference (CCI) in dense deployments further
degrades FBL rates, which stresses the need for interference-
aware, inter-cell scheduling [13]. This leads to motivation
to carry out this research, i.e., how can multi-cell NOMA
systems leverage sustainable scheduling to achieve massive
connectivity and EE through inter- and intra-cell interfer-
ence minimization under FBL constraints. To address this,
we propose a cooperative multi-cell NOMA framework that
jointly maximizes the EE-connectivity trade-off by minimizing
interference while accounting for FBL limits. Our solution
aligns with the efforts of 3GPP Release 18 [14], and bridges
theoretical limits with practical deployment of 6G mMTC.
Existing studies primarily address subsets of key objectives
such as EE, FBL transmission, connectivity, or interference
coordination, but lack integrated multi-cell solutions. Energy-
efficient resource allocation has been explored extensively,
though often within simplified or limited scenarios. Rabee
and Barhumi [15] used multi-agent deep reinforcement learn-
ing (DRL) for EE optimization in multi-cell uplink NOMA,
achieving approximately 25% EE improvement but validated
only up to 30 users per cell. Rashid et al. [16] investigated
MC-NOMA in heterogeneous small-cell networks, reporting
around 35% EE and 20% throughput enhancements, with
scalability limited to 20 users per cell. Coordinated multi-
point (CoMP) approaches, such as the method proposed by
Jameel et al. [17], used Markov Decision Processes (MDP)
and achieved EE improvements of (15-20)%, but lacked large-
scale connectivity analysis. Recent studies have integrated EE
with FBL constraints. For example, Yang et al. [18] explored
reflecting intelligent surfaces (RIS)-assisted multi-access edge
computing (MEC) networks under FBL, optimizing EE but
not explicitly addressing scalability or multi-cell interference.
Liu et al. [19] studied cell-free, full-duplex industrial IoT
networks, demonstrating EE improvements but not explicitly
considering extensive connectivity or inter-cell interference.
Specifically, Gao et al. [20] provide an FBL information-
theoretic connectivity analysis in a single-cell MIMO un-
sourced random access (URA) setting, but do not optimize EE
nor address scheduling under inter-cell coupling. Zhang et al.
[21] focused on single-cell massive URLLC scenarios using
adaptive FBL-based multi-agent DRL for delay optimiza-
tion, omitting explicit EE consideration. FBL-based reliability
was the focus in works such as Zheng et al. [22], ana-
lyzing uplink NOMA reliability without explicit EE or
interference management, and Hu et al. [23], who optimized
EE for intelligent reflective surface (IRS)-assisted uncrewed
aerial vehicule (UAV) communications under short-packet
conditions, excluding scalability analysis. Cao et al. [13]
proposed Aol-based optimization for multi-connectivity wire-
less networked control systems, achieving around 30% EE
improvements, without explicitly addressing extensive con-
nectivity or multi-cell interference. Tu and Lee [24] analyzed
multi-hop MIMO full-duplex relay networks for short-packet
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TABLE I

ACRONYMS
3GPP 3rd generation partnership project.
5G Fifth-generation.
6G Six-generation.
CCI Co-Channel Interference.
CoMP Coordinated multipoint.
CF- Cell-Free Massive Input Massive Output.
MIMO
DDQN Double Deep Q-Network.
DRL Deep Reinforcement Learning.
FBL Finite Block Length.
IFBL Infinite Block Length.
ICI Inter Cell Interference.
IRS Intelligent Reflective Surface.
IoT Internet of Things.
MDP Markov Decision Processes.
MEC Multi-access Edge Computing.
mMTC Massive Machine Type Communications.
NOMA Non-Orthogonal Multiple Access.
QoS Quality of Service.
RIS Reflecting Intelligent Surface.
SCA Successive Convex Approximation.
SIC Successive Interference Cancellation.
SISO Single Input Single Output.
STAR- Simultaneously Transmitting and Reflect-
RIS ing Reconfigurable Intelligent Surfaces.
UAV Unmanned Aerial Vehicle.
UE User Equipment.
URA Un-sourced Random Access.
URLLC Ultra-Reliable Low-Latency Communica-

tion.

URLLC, prioritizing reliability without EE or connectivity
optimization.

In UAV-assisted multi-cell NOMA scenarios, Thap-
liyal et al. [25] combined stochastic geometry and FBL
outage analysis, reporting EE gains of approximately (20 —
25)%, without explicit connectivity optimization. Huang et al.
[26] addressed EE optimization in multi-cell cell-free mas-
sive MIMO through successive convex approximation (SCA)
methods for joint power allocation and AP-user associa-
tion, omitting detailed connectivity and interference analysis.
Several works incorporate FBL modeling and EE-centric opti-
mization in single-cell settings, e.g., joint power/throughput
or delay-aware formulations for mMTC/URLLC and NOMA
[27], [28], [29], [30], [31]; however, their designs are limited
to intra-cell scheduling and do not model explicit inter-cell
interference coordination.
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TABLE II

COMPARISON OF SELECTED RELATED WORKS ON SUSTAINABLE SCHEDULING UNDER FBL IN MMTC NETWORKS FOR 6G

2077

Reference Environment Supported Technique EE Connectivity ~FBL ICI/CCI-Aware
UE Scheduling
[20] Single-cell MIMO URA FBL information-theoretic analysis X v v X
[21] Single-cell massive URLLC Multi-Agent DQN for delay minimization X v v Intra-cell only
)
[27] Single-Cell Multi-UAV aided Joint mMTC-URLLC power optimization v X v Intra-cell only
mMTC/URLLC W)
[28] Single-cell Uplink NOMA Joint optimization delay-aware throughput v X v Intra-cell only
)
[29] Single-cell IoT Uplink Power and Block length optimization v ' v X
[30] Single-cell MU-MIMO and STAR-RIS Fractional-Programming framework to v X v X
maximize Sum EE
[31] Single-Cell Heterogeneous Multi-agent DRL Joint Power and v X v Intra-cell only
URLLC/eMBB Sub-channel allocation W)
[25] Multi-cell UAV-assisted NOMA FBL outage and Stochastic-geometry v X v Intra-cell only
)
[26] Cell-Free Massive Input Massive SCA Joint power-allocation and AP-user v X v Intra-cell only
Output (CF-MIMO) URLLC in association )
Multi-Cell Networks
[32] Multi-Cell Ultra-Dense Small Cells Double-DQN Optimization for RB v v X Intra-cell only
assignment and power control W)
[33] Multi-Cell NOMA Cooperative scheduler for NB-IoT X ' X Intra-cell and
Inter-cell (v')
Our Work Multi-Cell NOMA mMTC Joint EE-Connectivity maximization through v v v Intra-cell and

Interference minimization

Inter-cell (v')

Wang et al. [28] addressed delay-aware throughput and
EE under FBL for uplink NOMA without explicit large-scale
connectivity or interference management. Zhao et al. [29]
optimized single-cell IoT uplink networks focusing on joint
EE and connectivity, without interference coordination. Soley-
mani et al. [30] optimized EE in single-cell MU-MIMO with
simultaneously transmitting and reflecting reconfigurable intel-
ligent surfaces (STAR-RIS) under FBL constraints, but did not
explicitly consider connectivity or interference. Tran et al. [31]
employed multi-agent DRL for EE optimization in single-cell
heterogeneous URLLC/eMBB scenarios without addressing
scalability or interference explicitly. Zhao et al. [32] examined
EE and connectivity in multi-cell ultra-dense small cells using
double deep Q-network (DDQN) optimization but omitted
FBL constraints and inter-cell interference.

Table II highlights selected works among the above
presented references that offer partial progress toward sus-
tainable scheduling, but that do not simultaneously address
sustainable scheduling, FBL constraints, and inter-cell inter-
ference (ICI) coordination in a scalable multi-cell NOMA
framework.

Unlike conventional single-cell NOMA schemes, our pro-
posed framework unifies these critical dimensions by jointly
maximizing EE and connectivity through interference mini-
mization within a cooperative multi-cell NOMA architecture.
This approach addresses the scalability and sustainability
requirements of future 6G mMTC networks. Moreover, while
prior works have examined individual aspects such as EE,
massive connectivity, or interference management, they often
neglect the combined impact of FBL constraints and decoding
error probability, which is essential for practical short-packet
mMTC systems. Motivated by this gap, we also explicitly
incorporate FBL conditions and their associated error prob-
abilities into our optimization framework.

The key contributions of this paper are summarized as

follows:

e We propose a sustainable resource scheduling frame-
work for multi-cell uplink NOMA networks that jointly
maximizes EE and massive connectivity via interference
management. Unlike conventional isolated methods, our
model incorporates FBL constraints and decoding error
probabilities into power control, user pairing, and inter-
ference coordination-ensuring sustainable scalability and
mitigating the traditional EE-connectivity trade-off.

e We formulate a multi-objective optimization problem
that addresses the non-convex EE-connectivity trade-off
through interference minimization. The problem accounts
for both intra- and inter-cell interference, FBL constraints.
Devices are dynamically grouped into NOMA sectors
based on channel conditions, enabling adaptive user pair-
ing that significantly improves scalability-supporting over
devices per cell and achieving nearly three-fold gains over
prior cooperative NOMA approaches [33].

o We develop the Sustainable and Reliable Scheduling for
Massive Machine Type Communication using NOMA
(SRS-MTCN) algorithm, comprising three stages: 1)
channel-aware clustering, 2) interference-aware resource
allocation, and 3) iterative power optimization with multi-
cell interference coordination. The algorithm ensures
reliable connectivity by explicitly incorporating decod-
ing error, quality of service (QoS), and minimum rate
constraints under FBL. Simulation results confirm the
algorithm’s robustness and superior performance com-
pared to benchmarks, namely random allocation and
pairing-based NOMA (RAAP-NOMA), and cooperative
NOMA scheduling [33].

The remainder of this paper is structured as follows: Sec-

tion II introduces the system model and formally defines
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Fig. 2. Left: Multi-cell cooperative scenario system model layout for mMTC devices in 6G. This layout illustrates the inter-cell interference on NOMA
RBs from adjacent cells to the center cell and the adjacent cells. Right: Generic NOMA architecture over a 6G network. The NOMA system operates by
superimposing multiple user equipment (UEs) within a single RB, utilizing distinct power coefficients.

the optimization problem. Section IV details the proposed
joint EE-connectivity optimization framework and presents the
SRS-MTCN algorithm; Section IV-D.1 analyzes the compu-
tational complexity of the algorithm. Simulation results and
discussions are provided in Section V. Finally, Section VI
concludes the paper and outlines potential future research
directions.

II. SYSTEM MODEL

Consider a SISO multi-cell uplink network as illustrated in
Fig. 2 (Left) with S cells, where each cell s € S serves U
mMTC devices under EE and scalability constraints. Each UE
has a single transmit antenna while each gNB is equipped
with L receive antennas. The network prioritizes scalable,
energy-efficient resource scheduling through dynamic power
allocation and interference management between cells. Let R
denote the set of orthogonal RBs. Each cell s may assign
multiple distinct RBs from the common pool R. The system
operates on the principle of NOMA, as depicted in Fig. 2
(Right), wherein multiple mMTC devices share a single RB
and are multiplexed using power-domain NOMA. The maxi-
mum number of mMTC devices multiplexed on a single RB
is denoted by M, subject to the constraint M < N, the total
number of users served by the network given as: N = )_ U,.

For ease of reference, the key symbols and notationgesused
throughout the system model are summarized in Table III.
As illustrated in Fig. 1, achieving sustainable scheduling
in ultra-dense mMTC networks entails balancing inherently
conflicting objectives: maximizing device connectivity, ensur-
ing reliable signal-to-interference-plus-noise ratio (SINR), and
minimizing overall energy consumption. These interdepen-
dent performance metrics introduce a complex, non-convex
optimization landscape, wherein improving one criterion may

inadvertently degrade another. Traditional communication
models based on Shannon’s capacity assume infinite block
length (IFBL) and negligible error probabilities; these assump-
tions are invalid in mMTC scenarios. In contrast, mMTC
devices predominantly operate with short-packet transmissions
under stringent latency and reliability constraints, necessitating
the adoption of FBL models to capture practical system behav-
ior accurately. To characterize the complex relations between
the transmission rate (R), block length (L) and decoding
error probability(DEP) (e) as a function of the SINR (y), the
maximum achievable transmission rate Ry (L, €,y) in SPC is
expressed as [11] and [34].

_ o'e [, 1 (g)
Ry(L,e,y)=In(1+y) VL 1(1+y)2+0 i3 , (D

where L represents the finite block length, and y denotes
the SINR; Q~'(-) is the inverse of the Gaussian Q-function

with Q(x) = % Iz e 5di; € is the DEP, and can be
derived as & = Q(f(y, L, Ry(L,€))) and f(y,N,R) =
In2 VN

o ( log,(1+vy) — Ry(L, 6)) ; moreover, since the transmis-
sion rate Ry(L, €,y) in (1) must not exceed Shannon’s capacity,
Ry(L,e) < log,(1 4+ ). This formulation reflects that as
L — oo, Ry(L,€,y) converges to the Shannon rate. However,
for small L in FBL, the second term penalizes the rate, and a
non-negligible DEP is inevitable.

The SINR 1y for user u € U, considering inter-cell interfer-
ence is defined as:

r o2
au,slhu,s Pus

T
Yies = @
> 2 r ro2or 2 § r ro2 o 7_2
av,s |hv,s| pv,s+ “u,,t |hu,,x| pu,,! N
veUy teS wel,
VEU s

intra-cell inter-cell
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TABLE III
MATHEMATICAL SYMBOLS

Mathematical Symbols

ay,, Resource allocation indicator of
user u in cell s on RB block 7.
ay, Resource allocation indicator of
' co-scheduled user v in cell s on RB
T
ay, Resource allocation indicator of
user w in cell ¢ on RB r (interfering
cell).
hi, o Channel gain of user u to BS s on
’ RB r.
Iy s Channel gain of intra-cell co-user
v to BS s on RB 7.
I, s Channel gain of user u; in cell ¢ to
BS s on RB 7.
Dy Transmission power of user u in
‘ cell s on RB 7.
Do, Transmission power of user v in
\ cell s on RB 7.
D, Interfering power from user w in
cell £ on RB 7.
Praz Maximum  allowable  transmit
power of a user.
Q71(,) Inverse of Gaussian Q-function.
Rs(L,e,v) | Achievable transmission rate.
min Minimum Rate.
€us Decoding error probability of user
u in cell s on RB r.
€th Reliability threshold.
Vas Signal-to-Interference-plus-Noise
Ratio (SINR) of user us on RB
block 7.
Yehreshold Minimum SINR threshold.
o2 Noise Power.

where each channel to gNB s on RB r is a vector 4, , and the
effective scalar gain is Ih{MIZ. Prs 1 the UE transmit power
and a;, ; € {0, 1} the RB indicator, and 0'?\, is the noise power.
To enforce sustainability, we bound 0 < p}, . < P, Where
Prax is set according to the UE power-class limits in 3GPP
technical specification (e.g. Class 3 = 23 dBm) [35]. The
choice of Py« trades off coverage and battery life: we select
the class that meets cell-edge reliability targets via link-level
simulations. Similarly, we cap the number of users per RB at
M to avoid overload in ultra-dense mMTC; M is optimized
by sweeping its value in system-level simulations to balance
spectral efficiency against SIC complexity. Finally, this SINR
is substituted into (1) to compute the FBL rate.

A. Multi-Cell Specific Challenges

In contrast to single-cell NOMA systems, the considered
multi-cell scenario is intrinsically limited by strong inter-
cell interference and tight coupling between neighboring base
stations. As seen in the SINR expression in (2), each user’s
received SINR includes not only intra-cell interference from
other users served by the same gNB, but also an explicit inter-
cell interference term arising from transmissions in adjacent
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cells. This coupling through the SINR denominator implies
that resource allocation and power control decisions in one
cell directly affect the feasible rates and reliability in other
cells. Consequently, an independent per-cell optimization is
no longer adequate; instead, a cooperative multi-cell design
is required to coordinate scheduling and power allocation
across cells and to avoid highly unfair or interference-limited
operating points.

III. PROBLEM FORMULATION FOR JOINT OPTIMIZATION
FOR MMTC SYSTEM: MULTI-CELL SCENARIO

EE is defined as the ratio of the total achievable FBL rate to
the total power consumed across the entire multi-cell network:

> 2 Y ayR(lL.€,.v,)
FE _ seS useUy reR : ) ’ (3)
XX > (Pt pe)

seS useUs reR

where p. is the circuit power. The DEP ¢; is not only a
parameter of the rate function R (L,€,7y), but also a direct
measure of communication reliability. In mMTC, ensuring
successful packet delivery is more critical than maximizing
raw throughput. Therefore, connectivity C is naturally defined
using (1 — €), the probability of success of decoding.
Connectivity (C) measures the number of reliably con-
nected devices (devices successfully decoded), defined as:

C=«x- (Z > > aa —e;‘))

seS us,eUy reR

BW - IAT - M« ) @)

k= (Packet Length - BWrrp - Area

Whereas « scales massive connectivity with system bandwidth:
BW (Hz), packet inter-arrival time per device: IAT(s), NOMA
multiplexing (users per RB): M, average payload size:
PacketLength (bits), bandwidth of one Resource Block(RB):
BW, ks (Hz), geographical area under consideration: Area
(m?).

A higher n®E represents the network’s ability to manage
increased traffic while minimizing total power consumption,
thus improving sustainability. When users exceed the min-rate
Ryin threshold, the network’s scalability increases, enabling
it to handle more connections effectively. However, increased
user activity can increase interference and power consumption,
revealing the challenge of balancing maximizing user massive
connectivity and maintaining high EE.

A. Optimization Constraints for Joint EE and Connectivity
Maximization

The joint optimization of EE and connectivity in a multi-cell
uplink NOMA network involves various constraints necessary
to reflect realistic and practical wireless scenarios and to
ensure practical and scalable operation in a sustainable 6G
uplink NOMA network; the following constraints are catego-
rized under two key objectives: EE and scalability.
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1) EE Driven Resource Constraints:

e FBL Rate Constraint (SCI1): The achievable data rate
under FBL constraints must meet the minimum rate con-
straint Ry, that ensures connectivity while minimizing
energy wastage for reliable operations.

(SC1) : Ry(L, €, , )2 Rmin, Vus;€Us,r€R,5€S. ()

o Transmit Power Constraint (SC2): Transmit power levels
are bounded to avoid excessive energy consumption and
to maintain practical operation and device battery life;
each mMTC device has a maximum power limit Py, to
prevents energy overuse.

(SC2) :0<py s ay, < Prax

s =

Yu,eUy, re RseS. (6)

e Decoding Error Probability Constraint (SC3): To ensure
the minimum requirements of communication reliability
under FBL regimes:

(SC3):

2) Scalability-Driven Resource Constraints:

,
€, < €,

VYuseUs, reR, seS. (7)

e Binary Resource Constraint (SC4): To facilitate clear and
efficient scheduling decisions that can scale with network
size, resource allocation is made binary:

(SC4): a, €{0,1}, Vu;eUs,reRVseS. (8)

e RB Allocation Constraint (SC5): To prevent any single
device from consuming disproportionate resources and to
maintain fairness across a large number of devices, each
user is limited to at most one RB:

(SC5: Y a, =1,
reR

o User Pairing and Multiplexing Constraint (SC6):Each RB

supports up to M devices multiplexed through power-

domain NOMA. The total number of users sharing the

same RB should not exceed the block capacity, ensuring

efficient and fair use of resources even as the number of

users increases. Thus, the number of users per RB must
adhere to this constraint:

(SC6): Y a <M, VreRseS.

useUy

Yu, € Us,s €S )

(10)

B. Objective Optimization Problem Definition

The joint optimization problem comprehensively balances
EE and massive connectivity, which are the core pillars of
sustainable 6G networks. The objective function maximizes a
weighted sum of these metrics.”

(PO): a-™ + g-C

Scalability

max
{ai,,.pig)
Sustainability

an

For the scalarized objective in (11), the weighting parame-
ters are restricted to the feasible set @ € [0,1] and S =1 - a.
This choice ensures a normalized trade-off between energy
efficiency and connectivity, where a controls the relative
emphasis on sustainability (EE) and (1 —a) reflects the empha-
sis on massive connectivity. In the numerical evaluations,
different values of « are selected to illustrate how the proposed
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framework can flexibly operate in EE-oriented, connectivity-
oriented, or balanced regimes, while always respecting the
same underlying constraints and system model.

By inserting the closed-form expressions for EE (3) and
connectivity (4) into the objective (11), we obtain a fully
explicit mathematical formulation of the joint EE-connectivity
optimization.

> 2 Y aR(L€.y)

seS useUs reR
(P0) max «a-
@l > P+ pe)
€S ugzeU reR

+8- (KZ > Za;‘(l—e;‘)) 12)

s€S ugzelUs reR

st Ry(L, €, ,,.) 2 Rnins Vs, 1,5, (13a)
0<plyans < Pmaxs  Vus, 1,5, (13b)
€, S &, Yugr,s, (13¢)
a, €0,1, Vugr,s, (13d)
Zafh =L Vugs, (13e)
rerR
>, <M, Vrs, (13f)
useUy

The optimization problem in (12) constitutes a joint
EE-connectivity maximization framework that simultaneously
determines the optimal set of active users, their NOMA
groupings, RB assignments, and transmit power levels. Due
to the coupling between binary scheduling variables, finite-
blocklength reliability, and inter-cell interference, (PO) is
a highly non-convex mixed-integer problem. To obtain a
tractable solution, the problem is decomposed into two
sub-problems. In the first stage, the resource scheduling sub-
problem (P1), as discussed in detail in Section IV-C, optimizes
the RB assignment matrix a;,; under a fixed power budget,
enabling interference-aware NOMA pairing that satisfies FBL-
based rate and reliability constraints. In the second stage, the
Power allocation sub-problem (P2) in Section IV-D refines
the transmit powers p;  to further enhance EE while ensur-
ing that the decoding error probability, rate, and maximum
power constraints are met. These two stages provide an
efficient alternating-optimization procedure that approximates
the solution of the original joint EE-connectivity maximization
problem.

It is important to emphasize that the above optimization is
formulated jointly across all cells s € S. Both the objective
function and the constraints are written as network-wide sums
over s, and the SINR terms contain inter-cell interference
contributions. As a result, the problem cannot be decomposed
into |S| independent single-cell subproblems. In a single-cell
formulation, the inter-cell interference summation in (2) would
vanish, and each cell could optimize its own resources in
isolation. In contrast, in the proposed multi-cell setting, all
scheduling and power decisions are inherently coupled through
the interference terms, which motivates the cooperative design
adopted in this work.
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Fig. 3. Framework for joint optimization of EE and massive connectivity in
multi-cell NOMA networks.

IV. PROPOSED JOINT OPTIMIZATION FRAMEWORK
FOR A MULTI-CELL SCENARIO

In this section, we introduce a unified joint optimization
framework explicitly tailored for multi-cell NOMA scenarios.
This framework aims at simultaneously optimizing EE and
massive connectivity through strategic interference manage-
ment, resource allocation, and power control. The proposed
algorithms address the critical trade-offs inherent in ultra-
dense mMTC deployments characterized by FBL constraints.

A. Overview of the Joint Optimization Framework

The proposed framework, depicted in Fig. 3, integrates
two complementary algorithms: the primary algorithm, SRS-
MTCN, detailed in Algorithm 1, and its variant, SRS-MTCN
minimum interference (minInterference Variant), described
in Algorithm 2. While SRS-MTCN jointly maximizes EE
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Algorithm 1 Proposed SRS-MTCN Algorithm for Multi-Cell
Scenario
Require: BW, M, P,,., G a'fv, Area, ISD, Gac, Gys, @, B
Ensure: EEU, (sum of values in the array)
User Equipment Initialization: Set u; < G, |
Sort users within each sector by ascending channel gain
Initialize: p, = P, RtU, = RtU i
Initialize: /nt, < M - Nac - Pyax - Gac
procedure STEP 1: INITIALIZATION AND PARAMETER COM-
PUTATION
for montelter < numlter do
for cell < numCell do
for each user u,; in NU do
for each sector M, in nomaRB. i, do
Compute SZN'R using (2)
Compute total interference IntU, « Y IntU;
Compute total data rate RtU; «— > RtU,
Compute total EE EEU; « Y EEU;,
end for
Select Best User Combination:
[CHGain"nin, U {"min},
[CHGainRimas | YRimax ],
[CHGainEEnex, [JEEnax
end for
end for
end for
end procedure
procedure STEP 2: RESOURCE ALLOCATION (U, My)
Require: IntU™™", RtU™™, EEU™>
for U, € IntU™™ do
for Users € nomaRB.,,si, do
for a,p € {wy,w,} do
Compute total interference IntUy « Y IntUy
Compute total data rate RtUy < Y RtUy
Compute total EE EEUy <« Y EEUy
end for
end for
Select @ and 8 maximizing EEUy and RtUy
Assign RBs: EEUL, RiUTS, IntUi
end for
return RtUM, EEUM, IntUpin
end procedure
procedure STEP 3: POWER ALLOCATION (p, )
Require: p/, = PowMat :
while User Channel Gain Exists do
for Power in PowMat do
for Users in nomaUsr do
if SIN'R > SIN'R,,in, then
Compute RiU™ « Y RtUy
Compute EEU™ « Y EEUy
end if
end for
end for
(i) Intra-cell Interference Calculation:
Optimize power levels within each cell to minimize
interference.
: Assign power levels to NOMA pairs.
(ii) Inter-cell Interference Calculation:
Adjust power levels iteratively to minimize inter-cell
interference.
Apply constraints for maximum EE while ensuring QoS.
Compute Final Power Allocation: RtUy"™*, EEU
return RiUT™, EEU™, PWr o
end while
end procedure
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Algorithm 2 Proposed SRS-MTCN Variant for Multi-Cell
Scenario
Step 1: as in Algorithm 1
procedure STEP 2: RESOURCE ALLOCATION (U, My)
Require: [ntU™", RtU™™, EEU™
for U, € IntU™" do
for Users € nomaRB.,,si, do
for o, € {wi,w,} do
Compute total interference IntUy « Y IntUy
Compute total data rate RtUy < Y RtUy
Compute total EE EEUy « Y EEUy
end for
end for
Select @ and B8 minimizing IntUy
Assign RBs: EEUR™, RtUM™, [ntU'in
end for
return RtU, EEUL™, IntUi
end procedure
procedure STEP 3: POWER ALLOCATION (p;, )
Require: p;, = PowMat
while User Channel Gain Exists do
for Power in PowMat do
for Users in nomaUsr do
if SINR > SINR,,i, then
Compute RiU™ « Y RitUy
Compute EEU™* « Y EEUy
end if
end for
end for
(i) Intra-cell Interference Calculation:
Optimize power levels within each cell to minimize
interference.
Assign power levels to NOMA pairs.
(ii) Inter-cell Interference Calculation:
Adjust power levels iteratively to minimize inter-cell
interference.
Apply constraints for minimum interference while ensur-
ing QoS.
Compute Final Power Allocation: RtU}™*, EEU ™
return ReUTS, EEUT, PWr o
end while
end procedure

and connectivity, minInterference Variant explicitly prioritizes
interference reduction.

The SRS-MTCN algorithm operates through a three-step
scheduling process. The first step calculates critical parameters
such as user positions, channel gains, and user sectorization
as illustrated in block “A*“of Fig. 3. Initially, it partitions the
search space into sectors based on users’ channel conditions,
significantly improving computational efficiency without com-
promising performance. Users within each cell are categorized
into sectors to facilitate efficient resource allocation, support-
ing configurations of 2, 4, and 8 NOMA users per RB. To
further manage interference, the channel gains of users sharing
an RB r within sector s are sorted in ascending order as:

2 2 2 2
N N - N - L7 I G T
This structured ordering underpins the design of

interference-aware resource allocation and power control
schemes. The pairing strategy selects users with optimal
channel conditions from opposite sectors to minimize intra-
cell interference, thus meeting QoS, data rate thresholds, and
EE targets. Initial conditions are set with maximum inter-cell
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interference and transmission power. SINR, EE, and data
rates are calculated (blocks “Bl“and “B2*), as detailed in
Section IV-B.

In the second step, resource scheduling assigns users to
NOMA RB pairs to minimize interference (block “C1%in
Fig. 3 and Section IV-C). Optimized user pairing substantially
enhances spectral efficiency and overall system performance.

The third step involves iterative power allocation and inter-
ference mitigation, detailed in Section IV-D (block “C2“in
Fig. 3). After power allocation, updated inter- and intra-cell
interference values are computed and adjusted according to the
new power levels (blocks “D1“and “D2“in Fig. 3), effectively
refining initial interference estimates.

Unlike conventional single-cell NOMA schedulers, the pro-
posed SRS-MTCN algorithm operates in a fully multi-cell
cooperative manner. User sectorization, NOMA pairing, and
RB assignment (blocks “A“and “C1“in Fig. 3) are performed
with explicit awareness of the interference generated towards
neighboring cells, rather than treating other cells as fixed back-
ground noise. Subsequently, the power allocation stage (block
“C2%) iteratively updates transmit powers across all cells and
recomputes both intra-cell and inter-cell interference (blocks
“D1“and “D2*), so that improvements in one cell do not
unduly degrade users in adjacent cells. This joint, interference-
aware operation enhances overall system performance and
fairness across cells compared to non-cooperative single-cell
algorithms that optimize each cell in isolation.

The proposed framework, through its integrated and iterative
structure, offers a practical yet nearly optimal solution for
sustainable and scalable multi-cell NOMA systems under
realistic mMTC conditions.

B. Transmit Power Initialization

In the proposed framework, users are initially assigned a
constant transmission power for the initial scheduling phase.
The initial interference power is estimated based on the
maximum interference from neighboring cells. This approach
simplifies the initial resource allocation process, providing a
foundation for subsequent power optimization and scheduling
refinement. It effectively addresses interference and maximizes
EE in multi-cell NOMA networks.

A key aspect of the proposed algorithm is the introduction of
sectorization, which significantly minimizes the search space,
improving computational efficiency without compromising
system performance. User pairing is governed by two key
constraints. First, a minimum SINR threshold, denoted as
Y = Ythreshold> 1S applied to ensure that users possess sufficient
channel quality to support successive interference cancellation
(SIC) within a NOMA RB. Second, a FBL-based data rate
constraint is enforced, requiring that each user’s achievable
rate satisfies R(L, €,y) > Ryin. Resources are assigned to users
only once per radio frame, with transmit power restricted
within the range [0, pmax]. By jointly satisfying these con-
straints, the algorithm ensures that selected users are both
decodable and energy-efficient, thereby enhancing reliability
while minimizing unnecessary power consumption. This dual
filtering mechanism promotes sustainable connectivity in ultra-
dense mMTC environments.
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C. Resource Scheduling: Multi-Cell Scenario

Once the initial transmission power and interference esti-
mates are established in Step 1 of Algorithm 1, as described
in Section IV-B, the scheduling framework proceeds with
NOMA-based resource allocation. Specifically, the set M rep-
resents the group of users within cell s sharing a particular RB,
while u,, € M denotes an individual user within that group.

At this stage, resource scheduling is carried out using a
fixed and uniform power level, denoted as pj , assigned to
each user. This simplification decouples power allocation from
the initial scheduling process, enabling a tractable evaluation
of user combinations based on connectivity and interference
profiles.

Under this fixed-power setting, the optimization problem
defined in (12) is reformulated to focus on the scheduling
decision variables a, , which determine the allocation of users
to RBs. The resulting objective function evaluates the trade-
off between EE and connectivity, providing a foundation
for selecting the most suitable user groupings under current
channel and interference conditions.

Resource Scheduling: Sub-problem (P1)

2 2 LaR(L €y,

s€S ugeUs reR
max « -

al, > X X(ph PO

seS useU, reR

+8- (K > A a- e;‘_)) 15)

seS uselU; reR

st R(L,€, .7, ) = Ruins Vs, 7,5, (16a)
€, < &n, Yug,r, s, (16b)
a, €{0,1}, Vugr,s, (16c¢)
> oa =1, Vugrs, (16d)
reR
Sa, <M. Vuurs, (16e)

uelUy

D. Power Allocation: Multi-Cell Scenario

Once the scheduling phase is completed and feasible user-
resource assignments are obtained, the problem is reformulated
to focus exclusively on power allocation. In this stage, the
scheduling variables «a; are fixed and omitted, and the
transmission power p; becomes the primary optimization
variable. Since users assigned to different RBs do not interfere
with each other, the power allocation can be independently
optimized across RBs. The resulting objective function (12)
becomes:

1) Power Allocation: Sub-Problem (P2):

> 2 Y ayR(Le,y,)

s€S ugeUs reR
max o

ho | X X 2+
seS useUy reR
Jrﬁ-(K-Z > Za,’,\(l—sﬁ\)) an
seS ugeU; reR
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st Ro(L, €, ,v) 2 R, Vg, 1,5, (18a)
0 < p,ay < Poaxs  Vus,r1,s, (18b)

€, > €n, Yugr,s, (18¢)

E. Algorithms for the Proposed SRS-MTCN and
minlnterference Variant

The operational procedures for the proposed SRS-MTCN
algorithm and its min-Interference SRS-MTCN variant are
summarized in Algorithm 1 and Algorithm 2, respectively.
The first focuses on maximizing joint energy efficiency and
connectivity through cooperative scheduling, while the sec-
ond emphasizes minimizing interference to enhance multi-cell
performance.

FE. Computational (Time) Complexity Analysis of the
Proposed Algorithm

The overall time complexity of the proposed SRS-MTCN
algorithm is expressed as:

O(Nlog N) + O(NM) + O(PowMat - N), 19)

which scales as O(N log N) with the number of active devices
N, the NOMA cluster size (number of users per RB) M, and
the number of discrete power levels explored during the power
allocation stage PowMat (which is fixed by system design).
Below, we provide the detailed complexity analysis that yields
the above.

1) Detailed Complexity Analysis: The SRS-MTCN algo-
rithm can be decomposed into three main steps:

1) Channel estimation and device sorting,

2) Interference-aware resource allocation,

3) Power allocation and interference coordination, and Iter-

ative convergence evaluation

Let N denote the number of active devices, R the number of
available resource blocks (RBs), S the number of cooperating
cells, M the number of users per NOMA cluster (typically
M € {2,4,8}), and I the number of iterations performed by
the inner resource allocation and power update loop. In dense
mMTC scenarios, it is common to assume that the number of
RBs grows linearly with the number of devices, i.e.,

R=cN, ¢>0, (20)

which implies R = O(N) for worst-case asymptotic analysis.
In practical systems, S, M, and / are upper-bounded by design
constraints (e.g., limited cooperation region and maximum
iteration budget).

a) Channel Estimation and Device Sorting: Each device
estimates its effective channel gains over all R RBs and
across S cooperating cells. This leads to a complexity pro-
portional to the number of device-RB-BS combinations:

Cce = O(SNR). (21)

For each RB, the N devices are sorted according to their
effective channel quality to facilitate near-far pairing and
interference-aware grouping. Sorting N devices has complexity
O(NlogN), and this operation is repeated over all R RBs:

Cson = O(RN log N). (22)
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TABLE 1V
COMPUTATIONAL COMPLEXITY COMPARISON

OF SCHEDULING ALGORITHMS

IEEE TRANSACTIONS ON GREEN COMMUNICATIONS AND NETWORKING, VOL. 10, 2026

Algorithm Complexity | Scalability | Remarks
SRS- O(N?%log N)| High Real-time
MTCN feasible.
(Proposed)
Cooperative | O(N?) Moderate | Greedy
Schedul- iterative
ing [33] allocation.
RAAP- O(N?) Low Exhaustive
NOMA [36] power-
coefficient
search  over
clusters.

b) Interference-Aware Resource Allocation: Once clus-
ters are formed, the scheduler assigns clusters to RBs and
updates interference levels across cells. For each iteration,
these operations involve at most SRM cluster-RB combina-
tions, yielding

Cra = O(SRM) per iteration. (23)

¢) Power Allocation, Interference Coordination and Iter-
ative Convergence Evaluation: The power control procedure
updates the power coeflicients of all users and evaluates con-
vergence criteria over / iterations. The per-iteration complexity
is on the order of the number of cluster-RB combinations, so
the total cost of this stage can be expressed as:

Cpacon = OUSRM). (24)

d) Aggregate Complexity: For a single scheduling inter-
val, a natural upper bound on the total number of operations
is obtained by summing the stage-wise contributions:

Crol = O(SNR + RN log N + ISRM). (25)

In practical 6G mMTC deployments, the system bandwidth,
RB granularity, NOMA order, and iterations (R, S, M, and 1)
are expected to be bounded constants that do not scale with N.
Under this regime, the dominant term in Cryy is O(RN log N)
and the complexity simplifies to

O(NlogN). (26)
In addition, for completeness, we also consider an extreme
worst-case scenario in which the number of RBs grows
linearly with the number of devices, i.e., R = ¢N with ¢ > 0.
Substituting this into the expression above yields

O(SN(cN) + (cN)Nlog N + IS (cN)M) = O(N*log N), (27)

assuming S, M, and I remain bounded. This O(N?logN)

bound is a conservative theoretical upper limit when both
the number of users and the number of RBs are allowed to
scale simultaneously, and does not reflect typical standardized
mMTC deployments where R is fixed.

For benchmarking, the proposed complexity is compared
with existing schemes as summarized in Table IV. The con-
ventional Cooperative NOMA scheduler [33] and the Random
Allocation and Pairing-based NOMA (RAAP-NOMA) [36]
exhibit quadratic and cubic complexity, respectively, due to
nested search operations and exhaustive interference com-
putations. Overall, the analysis confirms that SRS-MTCN
achieves polynomial-time scalability, ensuring energy-efficient
and sustainable performance with manageable computational
overhead in massive connectivity environments.

V. PERFORMANCE EVALUATION AND DISCUSSION

This section presents a comprehensive performance analysis
of the proposed SRS-MTCN algorithm compared to several
baseline scheduling schemes under both FBL and ideal Shan-
non IFBL assumptions. The analysis emphasizes three critical
metrics: residual interference, system-level EE, and scalability
with varying user densities and multiplexing levels.

A. Simulation Setup

The simulated scenario represents a multi-cell network
comprising 7 cells with a 500-meter inter-site distance, imple-
menting synchronous resource allocation for mMTC users
within each cell. UEs are randomly and uniformly distributed
within each cell, with uplink transmit power of 23 dBm [35].
The simulation framework adheres to the assumptions and
parameters outlined in the standards of 3GPP’s [14] and the
IMT-Advanced Report ITU-R [37], to ensure compliance with
industry standards.

Certain simulation parameters can substantially impact per-
formance outcomes. For instance, increasing the user density
within a cell amplifies inter-user interference, potentially
degrading system performance relative to ideal expectations.
Additionally, as the cell radius expands, users experience
greater path loss due to increased distance from the base
station. In such cases, it is recommended to adopt baseline
base station configurations aligned with those used by telecom
operators to ensure scenario relevance and benchmarking
consistency. At each time slot, a subset of UEs is selected
as active transmitters, while others from neighboring cells are
designated as potential interferers. The interference originates
both from UEs in neighboring cells and from co-scheduled
UEs within the same cell. Based on these configurations, we
compute the key performance indicators, and the correspond-
ing results are presented in the following section.

The detailed simulation parameters are summarized in
Table V. We compare EE with the maximum number of
mMTC devices, N, per subcarrier for different algorithms at
a given connection density. The results presented in the figures
offer a comparative analysis of four different methods: i) the
proposed Sustainable and Reliable Scheduling for Massive
Machine Type Communication using NOMA (SRS-MTCN),
ii) the SRS-MTCN Min-Interference Variant, iii) the Random
Resource and Power Allocation Algorithm in NOMA (RAAP-
NOMA), and iv) a baseline Cooperative Scheduling in NOMA
method (Reference-CoopSch) described in [33].
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Fig. 4. Average system-level EE versus connection density under the ideal Shannon IFBL assumption for 2, 4, and 8 users per NOMA RB. Left
(al), (a2), (a3): Interference level before and after scheduling against the number of devices per cell, while managing 2-, 4-, and 8-user NOMA per RB,
respectively. The orange bars represent the interference level before scheduling, which is substantially reduced by the proposed SRS-MTCN algorithm (green
bars), resulting in a (70 —80)% reduction across scenarios. This highlights the effectiveness of interference-aware user selection and scheduling for ultra-dense
mMTC environments. Right (bl), (b2), (b3): Average EE (EE) versus number of devices per cell for the same 2-, 4-, and 8-user NOMA configurations. Each
scatter point is annotated with its corresponding residual interference value, showing that lower interference levels (after scheduling) directly correlate with
higher EE gains. The SRS-MTCN algorithm consistently outperforms benchmark methods, achieving up to 2 x 10° bits/J, and establishing the EE upper
bound under Shannon capacity. Constraining these IFBL results with those for FBL in Fig. 5 further underscores the performance gap introduced by FBL

and reliability constraints.

B. Results and Discussion

This analysis examines how EE varies with increasing
user density under the ideal Shannon capacity assumption,
serving as a theoretical upper bound for benchmarking prac-
tical schemes. Fig. 4 illustrates the system-level impact of
user scheduling and interference minimization across vary-
ing NOMA configurations (2-, 4-, and 8-user multiplexing
per RB).

Fig. 4’s left-side subplots (al-a3) are bar graphs of inter-
ference levels before and after scheduling for each NOMA
configuration. The x-axis shows the number of devices per
cell (user density), while the y-axis represents the interference
level in dBm. The orange bars indicate the initial interference
levels before scheduling, whereas the green bars represent
the residual interference after applying the proposed SRS-
MTCN algorithm. These results show a consistent reduction of
approximately (70 — 80)% in interference across all scenarios,

validating the effectiveness of the scheduling strategy. This
becomes increasingly important at higher device densities,
where unmanaged interference severely impacts system scal-
ability.

Fig. 4’s right-side subplots (bl-b3) present the average
system-level EE (in bits/Joule) versus the number of devices
per cell, again under 2-, 4-, and 8-user NOMA configurations.
The x-axis denotes device density, and the right-side y-axis
quantifies EE. Notably, each scatter point is color-coded
according to its associated post-scheduling interference level,
as indicated by the color bar (z-axis) on the right. Blue-to-
green shades represent lower interference, while orange-to-red
tones indicate higher interference levels, allowing a visual
correlation between interference suppression and EE.

The proposed SRS-MTCN algorithm consistently out-
performs baseline methods. For instance, in the 4-user
NOMA case with 40 users per cell, SRS-MTCN achieves
a peak EE of approximately 1.3 x 10° bits/J, compared to
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Fig. 5. Average system-level EE versus connection density under FBL regime for 2, 4, and 8 users per NOMA RB. Left (al), (a2), (a3): Interference level before
and after scheduling versus number of devices per cell, for 2-, 4-, and 8-user NOMA RB configurations, respectively. The orange bars represent pre-scheduling
interference, while the green bars show the significant post-scheduling reduction achieved using the proposed SRS-MTCN algorithm. This demonstrates the
algorithm’s ability to reduce residual interference by approximately 60 — 75%, keeping post-scheduling interference consistently below 20~dBm across varying
connection densities. Right (bl), (b2), (b3): Average system-level EE versus number of devices per cell, corresponding to the same 2-, 4-, and 8-user per RB
scenarios. The EE performance trends are annotated with scatter markers showing the residual interference associated with each configuration. These results
indicate that the SRS-MTCN algorithm not only minimizes interference but also enhances EE significantly, outperforming benchmark schemes by 35 — 58 %
even under realistic FBL constraints. EE values under FBL constraints are lower than those achieved in the Shannon capacity case, Fig. 4, with EE peaking

at approximately 1.3 x 10° bits/J.

8.8 x 10® (minlnterference Variant), 6.4 x 10® (Coop-
Scheduling), and 4.7 x 108 (RAAP-NOMA). Even under the
more challenging 8-user NOMA setting, EE remains above
8.7 x 10® bits/J. These scatter-based patterns reinforce a key
insight: lower residual interference correlates with higher EE,
demonstrating the dual benefits of the proposed algorithm in
suppressing interference while maximizing connectivity.

The above presented the results under an ideal Shannon
IFBL regime. Now, Fig. 5 illustrates the performance of the
proposed algorithm and benchmarks under FBL constraints,
with a focus on EE vs. connection density. Fig. 5’s left-
side subplots (al-a3) are bar charts that depict interference
levels before and after scheduling across varying NOMA
configurations (2-, 4-, and 8-user per RB). The x-axis shows
the number of devices per cell, while the y-axis repre-
sents the interference level in dBm. Orange bars correspond
to residual interference before scheduling, and green bars

reflect the post-scheduling interference levels after applying
the SRS-MTCN algorithm. Across all NOMA groupings, the
proposed scheme effectively reduces interference level, achiev-
ing up to 70% suppression, particularly at higher connection
densities.

Fig. 5°s right-side subplots (b1-b3) show the evaluation of
the average system-level EE versus the number of devices
per cell for the same NOMA configurations. The x-axis again
represents the number of users per cell, while the right-side
y-axis quantifies EE in bits/Joule. The scatter markers used
in each curve are color-coded according to the corresponding
post-scheduling interference level, with color mapping defined
by the adjacent color bar (z-axis in dBm). Blue and cyan
shades indicate lower interference levels, while yellow to red
tones indicate higher residual interference. These visual cues
reveal a direct relationship between reduced interference and
higher energy efficiency.
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Fig. 6. Convergence and EE performance analysis of the proposed SRS-MTCN algorithm under FBL constraints. Left (al): Convergence of the algorithm for
different blocklengths (L = 100 to 500) across iterations. Middle (a2): EE versus blocklength for various NOMA configurations (2-, 4-, and 8-user per RB).
Right (a3): EE versus blocklength under varying error probabilities € € {1073,107%,107%,107). EE consistently improves as reliability (lower €) increases,
confirming the algorithm’s robustness under stringent reliability constraints. All subplots reinforce that optimal blocklength and error probability combinations
are critical to maximizing EE in FBL-based mMTC networks.

TABLE V

SIMULATION PARAMETERS FOR THE SEVEN-CELL
UPLINK NOMA SYSTEM

Parameters

Value

Transmit Power of Base Station; {UE}
(dBm)

46; {23}

Noise Figure of Base Station; UE (dB)

7.5

Carrier Frequency (MHz)

3500 MHz

Receiver Sensitivity

Channel Model + Effective Noise Power

Receiver  Thermal Noise Density | -174

(dBm/Hz)

Occupied System Bandwidth (kHz) 180

No. of UE per cell 100

Radius of Cell (m) 500

Interference Margin (dB) 0

Height of the base station; and UE (m) | 25; 1.5

Channel Model 3GPP Urban Macro (UMa)
BS; UE antenna element gain (dBi) 8,0

No. of antenna support per UE

1

Maximum Coupling Loss (MCL) (dB)

Trx Pwr + SINR

Effective Noise Power (dBm)

Thermal Noise + Noise Figure +
10log,(BW) + 10log,,(Nuk)

SINR (dB)

To be calculated in the simulation

The SRS-MTCN algorithm consistently outperforms all

benchmark methods (RAAP-NOMA, Coop-Scheduling, and
its own minInterference variant) across all configurations. For
instance, at 40 devices/rn2 with 4 users per RB, SRS-MTCN
achieves an EE of approximately 2.2 x 10° bits/J, compared
to 1.6 x 10° for the minInterference variant, 9.4 x 10® for the
Coop-Scheduling approach, and only 3.1 x 10® for RAAP-
NOMA. Even in the more interference-prone 8-user NOMA
case, the SRS-MTCN approach sustains EE above 2.17 x 10°
bits/J.

A direct comparison between Fig. 4 and Fig. 5 high-
lights the performance gap introduced by FBL constraints.
While the Shannon-based results represent the ideal upper
bound, the FBL plots confirm that the proposed SRS-MTCN
algorithm retains strong efficiency even under realistic short-
packet conditions. These results reinforce the importance of
jointly optimizing power control and scheduling to main-
tain energy efficiency in ultra-dense FBL-constrained mMTC
scenarios.

To further validate the effectiveness of the proposed
algorithm, we evaluate its convergence behavior and EE per-
formance across varying reliability requirements and block
lengths. The findings reveal that the algorithm consistently
achieves significant EE improvements under FBL constraints.
The algorithm’s behavior across three dimensions, conver-
gence speed, EE sensitivity to blocklength, and reliability
levels (error probability €) has been analyzed. Our analysis
captures scalability across multiplexing levels (2-, 4-, and 8-
user NOMA per RB) and robustness to decoding reliability
requirements. Fig. 6 presents a detailed assessment of the SRS-
MTCN algorithm’s performance under FBL conditions.

Overall, the above analysis demonstrates the scalability
of the proposed algorithm across NOMA densities and its
robustness against practical FBL and reliability constraints.
These insights are vital for designing low-latency, energy-
efficient 6G mMTC systems.

Finally, Fig. 6 illustrates the impact of the blocklength
L, the NOMA user loading, and the target decoding error
probability € on the energy efficiency (EE) of the proposed
SRS-MTCN scheme under finite-blocklength transmission.

(al) - Convergence across blocklengths: Fig. 6 (al)
depicts the convergence of EE versus the iteration index of
the SRS-MTCN algorithm for different blocklengths L €
{100, 200, 300, 400, 500}. For all considered values of L, the
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EE increases monotonically with the number of iterations and
reaches a stable plateau after approximately 12-15 iterations,
which confirms the numerical stability of the proposed iterative
procedure. Quantitatively, the final EE improves from about
1.0 x 108 bits/J for L = 100 to roughly 2.0 x 10%-2.2 x 108 bits/J
for L = 300 — 400, corresponding to an EE gain of almost
a factor of two. When the blocklength is further increased
to L = 500, the achieved EE decreases to approximately
1.4 x 10® bits/J. This non-monotonic trend is consistent with
finite-blocklength information theory: for very short pack-
ets (L = 100), the coding rate and reliability are severely
penalized, resulting in a low effective throughput per Joule.
Increasing L to moderate values (L = 300 — 400) significantly
improves the decoding reliability and the effective rate, which
dominates the additional energy cost and thus increases EE.
Beyond this regime, the reliability is already close to its target,
and additional symbols mainly act as redundancy, causing the
transmit energy to grow almost linearly with L while the useful
throughput saturates, which results in a reduction in EE.

(a2) - EE vs. blocklength across NOMA configurations:
Next, Fig. 6 (a2) compares the steady-state EE as a function
of blocklength across three NOMA configurations with 2, 4,
and 8 users per RB. All curves exhibit the same characteristic
“rise-and-fall” shape: E E increases with L up to an optimal
range around L = 300-400 and then decreases for L = 500.
For example, in the 2-user case the EE grows from about
0.95 x 108 bits/JT at L = 100 to approximately 1.9 x 108 bits/J
at L = 300, and then slightly decreases for L = 400
before dropping more noticeably at L = 500. The 4- and
8-user NOMA configurations exhibit the same behaviour, but
with consistently higher EE values. At L = 400, the 8-user
configuration attains about 2.25 x 10® bits/J, which is roughly
15-20% higher than the 2-user configuration.

These results lead to two key observations. First, for each
NOMA loading, there exists an FBL operating point that
maximizes EE; increasing the blocklength beyond this point
improves reliability only marginally but reduces EE due to the
increased energy consumption. Second, the proposed scheme
can exploit the additional multiplexing gain provided by higher
NOMA orders: when moving from 2- to 8-user NOMA, the
EE gain at the optimal L is on the order of 20%, indicating
that the joint scheduling and power-allocation procedure can
sustain dense user loading while preserving energy efficiency.

(a3) - EE vs. blocklength for different error probabilities:
Fig. 6 (a3) reports the EE as a function of L for sev-
eral reliability targets € € {1073,107%,1075,107%}. For all
error-probability constraints, the same qualitative pattern is
observed: EE increases with blocklength up to L =~ 300 — 400
and decreases thereafter. Tightening the reliability requirement
(decreasing €) shifts the curves slightly upward: in the EE-
optimal region around L = 400, the curve for € = 107° is
about 7-8% higher than that for € = 1073. This indicates
that the proposed resource-allocation scheme can leverage the
longer blocklengths required by stricter reliability constraints
to achieve higher bits per Joule, as long as L remains within
the moderate regime. For very large blocklengths (L = 500),
all curves exhibit a drop in EE irrespective of the error target.
In this region, the reliability has essentially saturated close
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to 1 —€ = 1, so the main effect of further increasing L is
to consume more transmit and circuit energy per packet. The
fact that the decrease in EE is observed for all € confirms that
energy efficiency and reliability are not fully aligned objec-
tives: beyond a critical blocklength, any additional improve-
ment in reliability comes at the expense of reduced EE.
Fig. 6 (al)-(a3) clearly demonstrate the fundamental trade-off
between EE and connection reliability in the finite-blocklength
regime. For small and moderate blocklengths, increasing L
simultaneously improves reliability and EE; in this region,
the proposed SRS-MTCN scheduler balances user clustering,
power allocation, and NOMA loading to exploit the relia-
bility gains. Beyond the EE-optimal blocklength, however,
reliability improvements become marginal while the energy
cost continues to grow, and the curves in Fig. 6 (a2)-(a3)
show a consistent degradation in EE. The optimal operating
region around L = 300 — 400, therefore, represents a practical
compromise in which the system achieves near-ultra-reliable
communication with high energy efficiency across different
NOMA configurations and error-probability targets.

VI. CONCLUSION

This paper presented a joint EE and connectivity maximiza-
tion framework for sustainable scheduling in dense 6G mMTC
networks. By formulating a multi-objective optimization prob-
lem under FBL constraints and proposing the SRS-MTCN
algorithm, we addressed the complex trade-offs among energy
consumption, interference management, and user connectivity
in cooperative multi-cell NOMA systems.

In terms of system-level performance under Shannon IFBL
conditions, the proposed SRS-MTCN and its interference-
aware variant consistently outperform the baseline algorithm
across different user densities and NOMA configurations
(2-, 4-, and 8-user per RB). The proposed framework achieves
peak EE up to 1.9 x 10° bits/Joule with interference levels
significantly reduced, validating the effectiveness of sectorized
scheduling and dynamic power control.

In terms of the impact of FBL constraints, although abso-
lute EE values are reduced by up to 40% (peaking at
1.12 x 10° bits/Joule for 4-user NOMA), the proposed
scheme maintains a clear advantage. Specifically, it achieves a
35 — 58% EE improvement (up to 9.2 x 10® bits/Joule),
compared to conventional benchmarks, and sustains lower
residual interference even at higher device densities.

Experimental results further confirmed the algorithm’s con-
vergence behavior and sensitivity to critical FBL parameters.
The proposed scheduling and power allocation scheme consis-
tently converges within 10 — 12 iterations and achieves peak
EE at moderate blocklengths (L = 300 —400), with robustness
to decoding reliability variations across a wide range of error
probabilities (e = 1073 — 107%). These results confirm the need
for adaptive, interference-aware resource allocation strategies
that account for short-packet constraints inherent in mMTC
communications.

In summary, the SRS-MTCN framework enables scal-
able and energy-efficient user scheduling in ultra-dense
networks, bridging theoretical performance limits and real-
world deployment constraints. Future extensions may include
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incorporating user mobility, dynamic traffic patterns, and
hybrid grant-free access in non-terrestrial or vehicular network
contexts.
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Abstract—Sustainable 6G wireless networks are expected
to deliver jointly optimized key performance indicators (KPIs)
to meet growing demands for highly reliable, energy-efficient,
and massively connected devices. Balancing these inherently
conflicting objectives under stringent energy, latency, and
computational constraints remains challenging. Multi-Objective
Reinforcement Learning (MORL) enables the study of Pareto-
efficient trade-offs; contemporary wireless solutions generally
rely on static scalarization or multiple trained policies, and
rarely accommodate rapid, context-sensitive preference adap-
tation. We propose Wireless Multi-Objective Conditional Enve-
lope PPO (WiMO-CEPPO), a centralized single-agent MORL
framework that learns a single preference-conditioned policy
and adapts online to varying network conditions without re-
training. WiMO-CEPPO integrates: (i) a context-to-preference
mapper that infers objective priorities from real-time network
state, (ii) a conditional envelope mechanism that attenuates
policy updates under strong inter-objective conflict, and (iii) a
sustainable reward formulation that jointly accounts for energy
efficiency, connectivity, reliability, interference, and hardware
sustainability. Simulation results show that WiMO-CEPPO
outperforms representative MORL baseline methods in Pareto
trade-off quality and key wireless KPIs, and improves training
stability under conflicting objectives.

I. INTRODUCTION AND RELATED WORK

The transition to sixth-generation (6G) wireless systems is
driven by requirements that extend beyond prior generations:
sustained support for ultra-reliable low-latency communica-
tion, pervasive connectivity for massive device populations,
and substantial gains in energy efficiency (EE), all under
hard operational bounds on compute, inference latency, and
end-to-end sustainability [1]-[3]. The central difficulty is
not optimizing any single KPI in isolation, but managing
their inherent tension under joint optimization. For example,
reliability-oriented mechanisms (e.g., conservative adaptation
or redundancy) typically increase energy consumption and
queuing delay; connectivity-maximizing policies in dense
deployments amplify cross-link interference (CLI), which
degrades reliability and spectral efficiency; and aggressive
CLI suppression competes directly with throughput and QoS
when spectrum is scarce [4], [5]. As a result, resource
allocation in interference-coupled, time-varying networks
is intrinsically Pareto-structured: improvements along one
dimension often incur losses along others [6], [7].

Classical optimization approaches address this complex-
ity through convex relaxation, tractable interference approx-
imations, or decomposed cross-layer formulations. While
these methods provide guarantees under their modeling
assumptions, they degrade in the non-stationary regimes
characteristic of practical 6G deployments (e.g., fluctuating
load, heterogeneous QoS, and interference dynamics) [5],
[8]. This motivates learning-based resource management, in
which policies observe network state and adapt decisions
over time to match the prevailing operating regime.

Multi-Objective Reinforcement Learning (MORL) pro-
vides a natural foundation by representing EE, connec-
tivity, reliability, and interference mitigation as a vector-
valued reward and learning Pareto-efficient policies rather
than a single-point solution [6], [9]. Recent wireless MORL
studies include MORL scheduling under varying opera-
tor preferences [4], multi-agent MORL for IRS-assisted
wireless-powered networks trading throughput and residual
energy [7]. Related work has also investigated learning-
driven joint optimization of EE, connectivity, and reliability
under complex dynamics [7], [10], [11]. A recurring limita-
tion, however, is the reliance on static scalarization: a fixed
weight vector collapses objectives into a scalar reward before
training, confining the learned policy to a narrow region
of the Pareto frontier and requiring retraining (or policy
portfolios) as operating conditions change [12].

Preference-conditioned MORL mitigates this issue by
learning a single generalized policy conditioned on a con-
tinuous preference vector, enabling different trade-off be-
haviors at inference time without retraining [13]. Dy-
namic preference estimation can further improve sample
efficiency by steering training toward favorable preferences
(e.g., DPIN) [14], and dynamic preference formulations
have shown improved generalization in network manage-
ment tasks [15]. Envelope-based MORL augments preference
conditioning by optimizing a convex envelope of multi-
objective value functions, providing a unified representation
of the Pareto surface and demonstrating strong performance
in URLLC-oriented vehicular settings [13]. Nevertheless,
two deployment-critical challenges persist for 6G RAN
control: preference determination (preference vectors are
typically externally specified, despite being strongly context-
dependent in practice) and conflict-stable learning (oppos-
ing per-objective gradients can induce instability and poor
Pareto coverage) [12], [14], [15]. Moreover, operational
sustainability—notably inference cost and latency at schedul-
ing timescales—is often omitted, despite directly constraining
deployability in real-time RAN control.

To address these gaps, we propose WiMO-CEPPO
(Wireless-Aware ~ Multi-Objective  Conditional — Envelope
PPO), a context-aware, preference-conditioned MORL
framework for multi-cell uplink resource management that
jointly optimizes EE, connectivity, reliability, and CLI. Three
targeted contributions distinguish WiMO-CEPPO from prior
art. (i) Autonomous preference inference: a lightweight
Context-to-Preference Mapper (CPM), w;=fy(s;), translates
real-time network state into a dynamic objective-priority
vector, eliminating manual weight scheduling. (ii) Conflict-
stable optimization: a conditional envelope mechanism
embedded within PPO down-weights updates when per-
objective advantage signals conflict, improving training
stability and Pareto coverage without separate per-trade-off
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Figure 1: Single-cell WiMO-CEPPO framework for sustain-
able 6G resource allocation. A single RL agent leverages
context-aware preference mapping to generate dynamic poli-
cies for joint scheduling and power allocation, optimized
through a multi-objective reward integrating energy effi-
ciency, connectivity, reliability, and interference minimiza-
tion.

policies. (iili) Operational sustainability: normalized
inference latency and per-decision compute cost are
incorporated as explicit deployability constraints rather than
implicit reward heuristics, ensuring feasibility on realistic
RAN hardware [1], [2].

WiMO-CEPPO is evaluated against MO-PPO, MO-SAC,
MO-TD3, and MO-DDPG across single-cell and multi-cell
centralized and distributed settings, using hypervolume (HV),
inverted generational distance (IGD), KPI radar analysis,
3D Pareto-front visualization, and ablation studies, consis-
tently demonstrating superior multi-objective performance in
interference-coupled wireless environments [5], [6].

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider an uplink multi-cell NOMA network of M cells
indexed by m € {0,...,M—1}, each served by a gNB
supporting U UEs. The system bandwidth By, is partitioned
into R orthogonal RBs of width By=DByot/R; at most N,
UEs may share one RB under NOMA. We evaluate WiMO-
CEPPO across two architectures of increasing complexity.

In the single-cell baseline, the focal cell m=0 is opti-
mized while neighboring cells contribute a constant per-RB
interference aggregate I”, estimated from long-run averages.
This baseline is intentionally designed to isolate the core
scheduling and power-allocation behavior of the agent while
preserving the effect of neighboring-cell activity through
a simplified interference abstraction. It also serves as a
methodological bridge: once the core policy behavior is
characterized in this setting, the formulation can be extended
to multi-cell layouts in which the same policy is executed
independently per cell, enabling scalable spatial decompo-
sition. In the centralized C-RAN setting, a single BBU
controller holds a global view of all M cells and treats inter-
cell interference as a co-optimized decision variable.

A. Channel Model

Let Gy, ., denote the channel gain from UE u in cell m
to its servmg gNB on RB r, and G}, ,, the cross-cell gain
from UE w in cell ¢ to gNB m. Under an ideal SIC, the

uplink SINR is

N W G, mPJ,,L
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where o ny=N By and the inter-cell term takes two forms:
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In the single-cell case, I" is fixed during training and
evaluation; in the centralized case, the same term is induced
by the current joint action and is therefore co-optimized
by the controller. The achievable rate on RB r is R,
BO lOgZ(l + ’Yum)'

B. Multi-Objective Problem Formulation

Let a=[a;, ] € {0,1} and P=[P; ] denote the RB-
assignment and power-allocation matrices (over cell 0 in the
single-cell case; over all M cells in the centralized case).
The four objectives, unified across both architectures, are

2, ur G 1082 (14700, )

u,m

EE = Max , (3)
! aP  pet P,
— g i > min
fconn rgf;xz 1>, ai, Rim > R}, )
frel = max Z aﬂml{'vﬁm 2 'V"""} ) (O]

four = mlnz Z Z aw' u,, m w,, 6)

m,r t#m wely
where sums over m run over {0} (single cell) or

{0,..., M—1} (centralized), and p. denotes circuit power
per scheduled UE. The resulting vector optimization is
max (fem, foonn, frel, —foLr). @)
subject to
0< Py, <P, Vu,m,r, (SC1)
3, Rom = RO, Yu,m, (SC2)
> wctty, G < Nom, vm,r, (5C3)
ay,, €4{0,1}, Yu, m,r, (SC4)
Chw < 1, v, (SC5)

Constraints (SC1)—~(SC3) apply for all uw,m,r; (SCS)
bounds normalized inference latency and compute cost,
thereby enforcing hardware sustainability as an explicit
deployability constraint. In the centralized case, the state
dimension grows as O(MRU), so (SC5) additionally im-
poses an architecture-level ceiling on policy-network width
verified by hardware profiling. A static weighted sum o fgrg+
Bfconn + 0frel — CfcLr is not responsive to time-varying
operating conditions; we therefore introduce a context-
dependent preference vector wi=[ay, B¢, 0, Ct]=fo(st) via
the CPM, converting (7) into a preference-conditioned MO-
MDP.

C. MO-MDP Formulation
The centralized problem is modeled as a single- agent MO-
MDP (S€, A, T€ W, RC, ). The per-cell state is

s =[G, T, pl™, ai™, h™], ®



where GE"‘) holds local channel gains, It(m) is the per-
RB interference term from (2) (fixed I” for the single-

cell baseline; live for centralized), pﬁm) is cell load, qgm)

captures per-UE rate deficits, and hgm) collects compact
context features. For the single-cell MO-MDP, the state is

sﬁo) with fixed It(o):["; action a§°) covers cell O only;
reward R(©) is per-cell. For the centralized MO-MDP, the
Joint state:

sC =[5\, sV, ., MY, ©)

where each per-cell component sim) has the form in (8) but
with the fixed interference term replaced by the live per-
RB inter-cell interference computed from the current joint
action. The joint state is collected at the Near-RT RIC via
E2 telemetry reports from all M cells at each control interval.
Joint action: af = (&, P,) for all M cells. The projection
step applies independently per cell:

(agm)7P§m)) =g, (éf‘,m)t Pim))ﬁ vm, (10)
where €, is the per-cell feasible set defined by (SCI1)—
(SC4).
Reward:

T

RC(St:at) = [REE: Rgorm’ RFC{elﬁ RgLI} ) an
where each component corresponds to (3)—(6) evaluated over
the cluster. The CPM generates w; = fy(s¥) from the
joint state, and the scalarized reward is r, = w, RC(sy, a;).
Because the controller is centralized, the transition kernel

remains stationary, which is a fundamental advantage of this
architecture.

III.PROPOSED WIMO-CEPPO FRAMEWORK

The following components are shared across deployment
architectures; architecture-specific instantiations are noted
where relevant.

A. Constraint Handling: Projection and Penalty

WiMO-CEPPO uses a hybrid constraint-handling strategy.
Hard feasibility constraints are enforced by projecting raw
actor outputs onto the feasible set:

(égm) ’ Pgm))v

(agm) , Pg'm)) _ HQ (12)

where Ilg clips powers to [0, P?%], retains at most N,
UEs per RB, and binarizes the RB mask. Soft constraints
(rate QoS and hardware budget) are penalized during train-
ing:

Econst = )\2 [Rumin - Zr azm RZ,WJ + + )\5Chw~ (13)

B. Vector Reward and Conditional Envelope PPO

The vector reward follows (11) (per-cell for single-cell;
cluster-wide for centralized). Each component is normal-
ized over the training batch, and the scalarized reward is

r, = w, R(ss,a;). To stabilize learning under conflicting
objectives, we use the conditional envelope advantage

4
A = (Z Wy ke Agk)> max(0, 1 —kpt), (14)
k=1

where Agk) is the per-objective GAE and g, € [0,1] is
the average cosine dissimilarity across pairs of per-objective
policy gradients. The actor is optimized via

max Crip (0) — Leonst (0) + B H (o). (15)
In the distributed setting, p; is computed from local gradients
only; no gradient information is exchanged across cells.

C. CPM Training and Integration

CPM parameters v are decoupled from actor parameters 6 via
a stop-gradient operator. Training proceeds in three stages:

Stage 1 (Preference coverage): Sample w ~ Dir(ayp) at the
start of each iteration to encourage broad Pareto coverage.

Stage 2 (CPM fitting): Construct state—preference pairs
(s¢, wy) from trajectories, where w; maximizes short-
horizon scalarized return, and fit

Lopm(¥) = (Wi || fals0)). (16)

Stage 3 (Joint fine-tuning): Set w; = fy(s;) and update
(6, ¢) with PPO while updating ¢ only via (16). The overall
objective is

max mﬂin LET1p — Leonst + BH(mo) — p Lopm. (17)

In the centralized architecture, the CLI objective (6) is a
controllable decision variable, enabling interference mitiga-
tion through coordinated RB orthogonality across cells; in
the single-cell baseline, CLI reflects only the (fixed) impact
of external interference on cell 0.

D. Deployment and Reproducibility

Single-cell baseline: The controller runs locally at the
gNB, consuming channel, load, and interference reports from
cell O only. The fixed interference vector I is pre-computed
from long-run neighbor statistics and updated periodically.
Inference cost is minimal and satisfies (SC5) with a small
computational footprint. Centralized multi-cell (C-RAN):
A centralized controller at the BBU aggregates per-cell chan-
nel, load, and interference reports from all M cells at each
control interval T,;. The joint state scales as O(M RU ), and
real-time feasibility requires Tyx + Tinf + Tdec + Ttx < Tetrls
verified by hardware profiling. The per-cell projection (12) is
applied in parallel before scheduling decisions are dispatched
to each gNB.

Reproducibility: Evaluations should report M, U,
channel model (path-loss exponent, shadowing, coherence
interval), traffic model (arrival distribution, mean rate
A), Tetn, episode horizon 7, NOMA limit N,
actor/critic/CPM  architectures, and  hyperparameters
{€&;7, A\, B, p, K, A2, As, v, learning rates, B, K'}. For the
single-cell baseline, the estimation method and update
interval for I” should also be specified. A reference
implementation will be released upon acceptance.
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Figure 2: Training dynamics and convergence behaviour of WiMO-CEPPO versus MORL baselines. (a) Training reward (solid
lines, left axis) and policy loss (dashed lines, right axis), illustrating optimization stability. (b) Hypervolume (HV) convergence
over training episodes (higher is better), where WiMO-CEPPO approaches a higher asymptote. (c) IGD convergence over
training episodes (lower is better), indicating improved proximity to the reference Pareto front. (d) Sample efficiency is
measured as the number of episodes required to reach a fixed target performance threshold (lower is better). (e) Utility loss
comparison at convergence (lower is better), reflecting improved preference-conditioned optimization stability.

IV.TRAINING AND EVALUATION SETUP

The proposed WiMO-CEPPO’s agent is trained using cen-
tralized training. To ensure a rigorous and fair evaluation, its
performance is benchmarked against state-of-the-art single-
agent Multi-Objective Deep Reinforcement Learning (MO-
DRL) algorithms. For statistical robustness, each DRL al-
gorithm was trained for 5 independent runs using different
random seeds. Each run consisted of 4000 training episodes.
An episode is defined as a sequence of 7" = 100 time steps,
representing a sufficient horizon for the agent to experience
the long-term consequences of its allocation decisions.

V. PERFORMANCE EVALUATION AND DISCUSSION

A. Results and Discussion

The evaluation is carried out across multiple perspectives:
(i) wireless QoS metrics, (ii) reward convergence, and (iii)
multi-objective convergence metrics, i.e, Hypervolume (HV),
and Inverted Generational Distance (IGD). The experimental
evaluation of the proposed WiMO-CEPPO is presented in
comparison with state-of-the-art MORL baselines, i.e., MO-
PPO [16], MO-SAC [9], MO-TD3 [17], and MO-DDPG
[18]-across key multi-objective metrics including EE, con-
nectivity, reliability, and cross-link interference. The results
illustrated in Table I and Fig. 2, and Fig. 3 provide deep
insight into the multi-objective optimization behavior of the
proposed WiMO-CEPPO framework compared with existing
MORL baselines.

This section evaluates the proposed WiMO-CEPPO sched-
uler against representative MORL baselines (MO-PPO, MO-
SAC, MO-TD3, and MO-DDPG) and ablated variants (w/o
CPM and w/o Envelope). Performance is reported using
both Pareto-quality metrics—hypervolume (HV, higher is

better) and inverted generational distance (IGD, lower is
better)—and system-level KPIs, including energy efficiency
(EE), connectivity, reliability, and constraint satisfaction. All
results are averaged over five independent random seeds.

B. Training Dynamics, Convergence, and Sample Efficiency

Fig. 2(a)—(c) reports training reward/loss evolution and
Pareto-quality convergence. WiMO-CEPPO exhibits a
steeper improvement in reward and faster stabilization in
policy loss compared to baselines, indicating more stable op-
timization. The HV convergence plot shows WiMO-CEPPO
approaching a higher asymptote, while the IGD convergence
plot shows a faster and deeper reduction, demonstrating
improved Pareto-front proximity throughout training rather
than only at convergence.

Fig. 2(d) quantifies sample efficiency via episodes-to-target-
performance. WiMO-CEPPO reaches the target in 800
episodes, compared with 1200-1500 episodes for the base-
lines, confirming a substantial gain in sample efficiency.
Finally, Fig. 2(e) reports the utility-loss comparison; WiMO-
CEPPO achieves the lowest utility loss (0.028), indicating
improved stability in the learned preference-conditioned util-
ity relative to competing approaches.

C. Distributional Evidence Across Objectives

Fig. 3(a)-(c) reports box plots for EE, connectivity, and
reliability. Across all three objectives, WiMO-CEPPO (Full)
demonstrates both higher central tendency and tighter dis-
persion compared with the baseline algorithms, indicating
not only improved mean performance but also improved
robustness across random seeds. The ablated variants con-
sistently degrade relative to the full method, confirming that
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Figure 3: Multi-objective performance summary and ablation analysis for WiMO-CEPPO and baselines. (a)-(c) Box plots
of objective-wise performance across five independent random seeds: (a) energy efficiency (EE), (b) connectivity, and (c)
reliability. (d) Final scalarized return for WiMO-CEPPO and ablated variants, illustrating component contributions. (e) Final
hypervolume (HV) comparison for the ablation study. (f) Normalized radar plot comparing WiMO-CEPPO against baseline
algorithms across the primary objectives (higher values indicate better performance). (g) Final inverted generational distance
(IGD) for the ablation study (lower is better). Note: HV and IGD in the ablation panels are reported on the same normalization
used in the corresponding plots, whereas Table I reports absolute HV/IGD values.

the CPM and envelope components contribute meaningfully
to objective balancing and training stability. In particular,
removing CPM reduces EE and connectivity distributions,
while removing the envelope mechanism reduces reliability
and increases dispersion, consistent with the envelope’s role
in mitigating destructive gradient interference under conflict-
ing objectives.

Fig. 3(f) further summarizes multi-objective balance using
a radar representation (normalized scores). WiMO-CEPPO
dominates across all displayed axes, indicating that im-
provements are not achieved by sacrificing one objective to
optimize another. This is important for massive connectivity
scheduling, where naive scalarization may produce appar-
ently strong performance on one metric while degrading
reliability or constraint feasibility.

D. Ablation Analysis

Fig. 3(d)—(g) presents ablation comparisons using final
reward and Pareto-quality metrics. WiMO-CEPPO (Full)
achieves the highest final reward and the best Pareto indi-
cators among non-oracle methods. The performance drop
observed for “w/o CPM” supports the interpretation that
context-to-preference adaptation improves the controller’s
ability to select appropriate trade-offs under changing con-
ditions. The degradation for “w/o Envelope” indicates that
conflict-aware updates are important for stabilizing learning
when objectives compete. Note on metric scaling: The
ablation HV/IGD plots are presented on a normalized scale
(relative to the oracle/reference), whereas Table I reports
absolute HV/IGD values. This normalization does not affect
algorithm ranking, but it should be stated explicitly in the
figure caption for clarity.

E. System-Level Performance and Pareto Quality

Table I summarizes the main system-level outcomes. WiMO-
CEPPO (Full) achieves the best Pareto quality with the
highest HV (0.781) and the lowest IGD (0.088), indicating
both improved coverage and proximity to the reference
Pareto front. These Pareto gains translate into consistent
improvements in the underlying KPIs: WiMO-CEPPO yields
the highest EE (0.79), connectivity (0.76), and reliability
(0.77), while maintaining strong feasibility with the highest
constraint satisfaction rate (91.2%). Among baselines, MO-
PPO provides the strongest Pareto quality (HV 0.582, IGD
0.205) but remains clearly behind WiMO-CEPPO, whereas
value-based continuous-control baselines (MO-DDPG and
MO-TD3) show reduced Pareto quality and weaker constraint
satisfaction, consistent with instability under strong objec-
tive conflict and constrained action feasibility. The Oracle
Schedule provides an upper-bound reference for some KPIs
(e.g., EE, connectivity, reliability), but it exhibits notably
lower constraint satisfaction, indicating that its operating
point is not consistently feasible under the same constraints.
This supports the thesis position that scheduling performance
should be assessed jointly with feasibility and sustainability
constraints, rather than optimizing a single KPI.

F. Discussion and Implications

Collectively, the table and figures provide consistent evidence
that WiMO-CEPPO improves both Pareto quality and do-
main KPIs while remaining feasible under constraints. The
results suggest that two design elements are particularly
important in dense multi-objective wireless scheduling:(i)
preference adaptation (CPM) to avoid static scalarization



Table I: System-level performance comparison. Values are averaged over 5 random seeds (SD omitted for brevity).

indicates metrics not evaluated for the corresponding configuration.

« 3

Algorithm HV1? IGD]| EE?T Conn.tT Rel.7T Constraint (%) 1T Ep. to Target HV | Utility Loss (AUC) |
WiMO-CEPPO (Full) 0.781 0.088 0.79 0.76 0.77 91.2 800 0.028
WiMO-CEPPO (w/o CPM) 0.724  0.135  0.76 0.73 0.75 84.1 - -
WiMO-CEPPO (w/o Env.)  0.741 0.112  0.75 0.72 0.73 81.7 - -

MO-PPO 0.582 0.205 0.74 0.70 0.72 86.7 1200 0.051
MO-SAC 0.541 0221 0.73 0.68 0.71 79.7 1400 0.058
MO-TD3 0.518 0.218 0.70 0.67 0.69 74.4 1300 0.053
MO-DDPG 0.535 0.230  0.68 0.65 0.68 64.7 1500 0.060

Oracle Schedule 0.752  0.105 0.81 0.78 0.80 7.7 73.2 -

and to improve responsiveness under changing conditions,
and (ii) conflict-aware optimization (envelope mechanism)
to mitigate gradient interference and prevent collapse to
suboptimal trade-offs. These findings support the broader
thesis that sustainable 6G scheduling requires not only a
multi-objective formulation but also mechanisms that ensure
stable, controllable trade-offs under strong objective coupling
and operational constraints.

VI.CONCLUSION

This paper introduced WiMO-CEPPO, a multi-objective re-
inforcement learning framework for dynamic resource alloca-
tion in interference-limited uplink NOMA networks. WiMO-
CEPPO integrates a Contextual Preference Model (CPM)
with an envelope-based policy optimization mechanism to
enable preference-controllable scheduling decisions and to
stabilize learning under strongly conflicting objectives. In
contrast to fixed-weight scalarization, the proposed approach
supports adaptive trade-offs among energy efficiency, connec-
tivity, and reliability without requiring manual per-scenario
weight retuning.

Experimental results demonstrate that WiMO-CEPPO
consistently outperforms state-of-the-art MORL baselines
(including MO-SAC and MO-TD3) in both Pareto qual-
ity and system-level KPIs. In particular, WiMO-CEPPO
achieves improved Pareto-front approximation (e.g., IGD =
0.088) while maintaining a high feasibility level with a
constraint satisfaction rate of 91.2%. Moreover, WiMO-
CEPPO reaches the target performance threshold in sub-
stantially fewer training episodes than competing baselines
(approximately 40% reduction in episodes-to-target under
the evaluated setting), indicating improved sample efficiency.
Ablation studies further confirm that both CPM and the
envelope-based update contribute meaningfully to the final
performance, with consistent degradation in reward and
Pareto metrics when either component is removed.

Overall, the balanced objective profile observed across
evaluation metrics suggests that WiMO-CEPPO is a promis-
ing candidate for autonomous multi-objective RRM in next-
generation 6G RAN control pipelines, where operators must
continuously navigate trade-offs under time-varying interfer-
ence and heterogeneous service demands. Future work will
investigate scalability under massive MIMO and larger cell
clusters. It will explore extensions of decentralized learning
(e.g., federated or multi-agent formulations) to align with
distributed O-RAN deployments.
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Abstract—Sustainable 6G wireless networks are expected to
deliver jointly optimized key performance indicators (KPIs) to
meet growing demands for highly reliable, energy-efficient, and
massively connected devices. Balancing these inherently conflicting
objectives under stringent energy, latency, and computational
constraints remains challenging. Multi-Objective Reinforcement
Learning (MORL) enables the study of Pareto-efficient trade-
offs; contemporary wireless solutions generally rely on static
scalarization or multiple trained policies, and rarely accommodate
rapid, context-sensitive preference adaptation. We propose Wire-
less Multi-Objective Conditional Envelope PPO (WiMO-CEPPO),
a centralized single-agent MORL framework that learns a sin-
gle preference-conditioned policy and adapts online to varying
network conditions without retraining. WiMO-CEPPO integrates:
(i) a context-to-preference mapper that infers objective priorities
from real-time network state, (ii) a conditional envelope mecha-
nism that attenuates policy updates under strong inter-objective
conflict, and (iii) a sustainable reward formulation that jointly
accounts for energy efficiency, connectivity, reliability, and inter-
ference, while hardware sustainability is enforced through explicit
inference-latency and computational-cost constraints. Simulation
results illustrate that WiMO-CEPPO outperforms representative
MORL baselines in Pareto trade-off quality and key wireless
KPIs, while improving training stability under conflicting objec-
tives.

I. INTRODUCTION

Future 6G wireless systems must jointly support ultra-
reliable communication, massive connectivity, and high en-
ergy efficiency (EE) under stringent latency, computational,
and sustainability constraints [1]-[3]. This is fundamentally
challenging because the target key performance indicators
(KPIs) are tightly coupled and often conflicting: reliability
enhancement may increase energy consumption and latency,
dense connectivity can intensify cross-link interference and
degrade both EE and reliability, and aggressive interference
mitigation may reduce spectral efficiency under high traffic
demand [4]. Hence, resource allocation in interference-coupled
multi-cell networks is naturally a Pareto optimization problem,
particularly under time-varying traffic and heterogeneous QoS
requirements [5], [6].

Conventional optimization methods for joint scheduling,
power control, and user association typically rely on tractable
interference models, convex relaxations, or limited cross-layer
coupling, which restrict their robustness in realistic non-
stationary environments [7]. This motivates adaptive policy-
learning approaches that can adjust trade-offs online. In this
context, Multi-Objective Reinforcement Learning (MORL) is
attractive because it directly models vector-valued rewards and
can learn Pareto-efficient policies across conflicting objectives
such as EE, connectivity, reliability, and interference man-
agement [5], [8]-[10]. More recently, preference-conditioned
MORL has enabled a single generalized policy to represent

multiple operating points on the Pareto front through a con-
tinuous preference vector, avoiding the need to train and store
separate policies for different trade-offs [11].

Despite this progress, two key limitations remain for prac-
tical 6G deployment. First, most wireless MORL methods
still rely on static scalarization or externally specified pref-
erences, which limits runtime adaptability and often restricts
the learned policy to a narrow region of the Pareto front
[12]. Representative examples include MORL scheduling for
throughput—fairness trade-offs [4], multi-agent RL for IRS-
assisted throughput—energy optimization [6], and Aol-power
trade-off learning in non-orthogonal dissemination [13]. While
effective, these methods generally optimize fewer objectives
than required in interference-coupled multi-cell scheduling
and rarely account for operational efficiency. Second, MORL
training is often unstable when objectives produce conflicting
gradients; recent studies show that architecture and loss design
strongly affect Pareto quality and convergence stability [12].
Preference-inference approaches such as DPIN and dynamic-
preference RL improve adaptability [14], [15], while envelope-
based MORL improves Pareto coverage by learning a unified
multi-objective representation [11]. However, these ideas have
not been fully integrated for multi-cell uplink scheduling with
dynamic contextual preferences.

To address these gaps, we propose WiMO-CEPPO, a
wireless multi-objective conditional envelope PPO framework
for multi-cell uplink resource allocation. WiMO-CEPPO learns
a single preference-conditioned policy that adapts online across
four objectives: EE, connectivity, reliability, and cross-link
interference. Unlike prior preference-conditioned methods that
assume operator-defined weights at inference time, WiMO-
CEPPO incorporates a lightweight context-to-preference map-
per, wy = fp(s;), which infers objective priorities directly
from the real-time network state. In addition, we develop
a conditional envelope mechanism within PPO to attenuate
updates under strong gradient conflict, thereby improving train-
ing stability and Pareto coverage. Finally, we define a sus-
tainable four-dimensional reward formulation and benchmark
the proposed method against representative MORL baselines,
including MO-PPO, MO-SAC, and DDQN-Envelope, using
hypervolume (HV), inverted generational distance (IGD), wire-
less KPIs, and efficiency indicators in a common multi-cell
uplink testbed. Results show that WiMO-CEPPO consistently
outperforms these baselines.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Network and Channel Model

We consider an uplink multi-cell NOMA network com-
prising M cells indexed by m € {0,1,..., M —1}. One gNB
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Figure 1: Proposed WiMO-CEPPO framework for sustainable 6G resource
allocation. The RL agent observes network states and scenario context, while
the Context-to-Preference Mapper (CPM) translates real-time conditions into
dynamic preference vectors. The conditioned policy outputs joint decisions
on resource scheduling and power allocation, optimized via a sustainable
reward function that integrates energy efficiency, connectivity, reliability, and
interference objectives. This unified approach enables adaptive multi-objective
optimization for energy-efficient 6G networks.

serves each cell and supports a UE set U,, with |U,| = U.
Learning is carried out from the perspective of a focal cell
m = 0, while neighboring cells ¢ € MN(0) act as non-
cooperative interferers. This single-cell perspective captures
realistic inter-cell interference coupling without requiring inter-
cell message exchange, and the trained policy can be inde-
pendently replicated across cells. A multi-agent formulation is
only warranted when cells must coordinate actions explicitly-
e.g., for joint scheduling, coordinated multi-point (CoMP)
transmission, or cluster-wide tightly coupled control.

The total uplink bandwidth By is divided into R orthogo-
nal resource blocks (RBs), indexed by r € {1, ..., R}, each of
bandwidth By = Bio/R. Under uplink NOMA, at most N,,
UEs may share the same RB in cell m. The RB assignment
variable is

» 1, if UE u € Uy, is scheduled on RB r, b
tm {0, otherwise. ¢
Let Gj,  , denote the channel gain from UE w in cell m to
its servmg gNB on RB 7, and P = the correspondmg transmit
power. Let G}, ,,, denote the cross-cell gain from UE w in
neighboring celf t to the gNB of cell m. Under ideal successive
interference cancellation (SIC) at the gNB, the SINR of UE u
in cell m on RB r is
L 1

Umn

S
VYim = o
E : a"m Vm,m U7n+ § : § :awt wt,m

vEU teEN (m) weldy
VEUM

,
wy TON

inter-cell
intra-cell (post-SIC)

(2)
where o = NyBj is the thermal noise power. The achievable
rate of UE u on RB r is Ry, ,, = Bology(1 + v, ). Ideal
SIC is assumed throughout to maintain analytical tractability.
This formulation targets uplink NOMA with non-cooperative
neighboring cells. Comparisons with methods based on rate-
splitting multiple access (RSMA) or coordinated multi-cell
precoding are complementary rather than equivalent, because
those methods require a different physical-layer signal model
and explicit coordination variables.

B. Problem Formulation

Let a = [a;, ] and P = [P ] denote the RB-assignment
and power-allocation matrices. The goal is to learn a resource-

allocation policy that jointly balances four conflicting radio
objectives. Obj 1-Energy Efficiency (EE) Maximization: We

define system EE as the ratio of the aggregate data rate to the
total consumed power:

M R
3> S an, logs(144,)
7" (a, P) = M - 3)
Ppe + Z SN > r,
m=1u€Upy, r=1
fee(a,P) = maxr] (a P) “)

where p. is the circuit power per scheduled UE.

Obj 2—Connectivity Maximization: We define connectivity as
the number of UEs whose aggregate rate satisfies the minimum
service requirement:

R
foonn(a, P) = max Z > {Zau Ry > RT‘"} 5)

m=1uEUp, r=1

Obj 3-Reliability Maximization: We define reliability as the
number of successful UE-RB transmissions whose SINR ex-
ceeds the target threshold

frei(a,P) = = max Z Z Zaum {'77:". > ,Ymin} ©)

m=1u€lUy, r=1
This is equrvalent to minimizing outage under the target
decoding threshold.

Obj 4-Cross-Link Interference (CLI) Minimization: We define
CLI as the total inter-cell interference generated across cells:

foui(a,P) —mmz ZZ Z Gy, Gy Py (@)

m=1r=1t#m weld,
The multi-objective resource-allocation problem is therefore

max (fEE7 foonn, fret, fCLI) (8)
subject to the followmg constraints:

0< Py, < P, Yu, m,r, (&)

R
Za;m o > R Yu, m, (C2)

r=1
> ai, <N, vm,, (€3)

ueum

€{0,1}, Yu, m, 7. (C4)

Computational- Efﬁcnency Constraint: Hardware sustain-
ability is incorporated as an explicit operational constraint
rather than an implicit reward term. Let 7i,¢ denote the per-
decision inference latency and Fy,, the number of floating-point
operations per scheduling step. "Iphe normalized hardware cost
is defined as

i = Ar 1y o o) (©5)

where 7% and F™®* are the latency and compute budgets

of the target deployment platform, and A\, Ap > 0 satisfy
Ar + Ar = 1. This formulation explicitly separates radio
performance—optimized through the four-objective reward—
from deployment sustainability—enforced through a compute-
and-latency ceiling. During training, a soft penalty A\5Chyy i8 in-
corporated in the learning objective to discourage architectures
that would violate this bound at deployment; the constraint
is finally verified by profiling on the target hardware before
deployment.

Adaptive Scalarization. A static weighted sum «afgp +
B fconn + 0 frel — ¢ fcL1 cannot adapt to time-varying network
conditions. We therefore introduce a context-dependent prefer-



ence vector

Wi = [ay, Bt, 0, Gt) = fo(se), )
where fy(-) is Context-to-Preference Mapper (CPM) with
parameters v, which translates the observed network state s,
into a dynamic trade-off vector. This converts the original static
problem (8) into a preference-conditioned Multi-Objective
Markov Decision Process (MO-MDP), described in the next
section.

III. PROPOSED WIMO-CEPPO FRAMEWORK

The problem in (8) is non-convex and NP-hard due to the
combinatorial nature of RB assignment coupled with contin-
uous power control under multi-cell interference. We address
it through WiMO-CEPPO (Wireless Multi-Objective Condi-
tional Envelope PPO), a centralized, preference-conditioned
multi-objective reinforcement learning framework. The con-
troller is trained for the focal cell and, once trained, can be
independently replicated across other cells without inter-cell
signaling.

A. MO-MDP Formulation and State Design

Uplink scheduling is modeled as an MO-MDP
(S, A, T,W,R,~), where S is the state space, A the action
space, 7 the transition kernel, W the preference space, R the
vector reward, and y the discount factor.

The state observed at slot ¢ is

St = [Gm I, pt, s, ht}v (10)
where Gy contains local per-(UE, RB) channel gains, I,
summarizes per-RB inter-cell interference, p; is the cell-load
vector, q; captures per-UE service deficits relative to R)"™,
and h; contains compact context features such as active-UE
count and short-term reliability statistics. This state design is
motivated by reproducibility: every component has a direct
physical interpretation and maps onto standard O-RAN E2
telemetry reports, making the simulator-to-controller interface
explicit.

The actor outputs a mixed discrete-continuous action a; =
(a¢,P;): RB decisions are produced via a Gumbel-Softmax
relaxation of the binary constraint (C4), and power levels are
generated as normalized continuous values in [0, 1] subse-
quently scaled to [0, P;***].

B. Constraint Handling: Action Projection and Penalty Terms

WiMO-CEPPO employs a hybrid constraint-handling mecha-
nism that intentionally avoids relying solely on reward shap-
ing. This design choice is deliberate: embedding constraint
penalties directly into the multi-objective reward function can
obscure the underlying trade-off structure and diminish the
interpretability of the learned policy.

Hard constraints via projection: At every scheduling step,
the raw action is projected onto the feasible set defined by
(C1), (C3), and (C4):

(ae, Py) = Ma(a, Py), Q= {(a,P):(Cl),(C3),(CH}. (11)
In practice, Il clips power values to [0, P***], retains at most
N,, UEs per RB by ranking and thresholding the Gumbel-
Softmax scores, and binarizes the RB mask via argmax decod-
ing. This projection guarantees that every action presented to
the environment is physically feasible, regardless of the policy’s
current training state.

Soft constraints via penalty: Constraints (C2) and (CS5), which
involve future-looking rate accumulation and deployment-time

hardware costs, are enforced via differentiable penalty terms
during training:
Leonst = X2 [RI™ = T, a0, Rin] 30 (12)
~—~

(Cs)

Crate
where [|+ = max(0,-). The coefficients Ay and A5 are
fixed hyperparameters. The complete set of hyperparameters—
including A2, A5, the PPO clipping ratio ¢, entropy bonus
coefficient [, discount factor 7, GAE parameter A, and the
actor/critic/CPM architecture sizes—is reported in the Simula-
tion Settings section to facilitate reproducibility.

C. Vector Reward and Conditional Envelope PPO

The vector reward is maintained in four dimensions, in direct
correspondence with the four optimization objectives (4)—(7):

R(s¢,ar) = [REE, Rconn, RRel, RCLI}Tv (13)
where REE = fEE’ Conn_— JConns {lRel = chh and RCLI
— fcoui- Each component is independently normalized across
the batch to ensure commensurate scales before scalarization.
The scalarized one- step reward is

=wy R(st,at (14)
The actor mg(a|s:, W) and critic Vi(s¢, wy) are jointly con-
ditioned on w; and optimized via P%O To improve gradient
stability under conflicting objectives, we introduce the condi-
tional envelope advantage:
4

AT = Zwm Aik)> max(0, 1 — K py), (15)
k=1

where Agk) is the per-objective Generalized Advantage Esti-
mate (GAE) and p; € [0, 1] is the normalized gradient conflict
measure, computed as the average cosine dissimilarity across
pairs of per-objective policy gradients at slot . When p; — 1,
the objectives are maximally conflicting, and the advantage
is damped toward zero, preventing destructive policy updates.
The envelope parameter ~ > 0 controls the sensitivity of this
damping. The final actor objective is

max LELp(0) — Leonst(0) + B H(mo), (16)
where LE1'7p is the clipped surrogate loss computed with A7
in place of the standard advantage, and H(my) is the entropy
bonus encouraging exploration.

D. CPM Training and Integration with Policy Learning

The CPM parameters ¢ are kept strictly separate from the actor
parameters ¢ to avoid unstable feedback between preference
inference and policy gradients. Training proceeds in two stages,
followed by joint fine-tuning.

Stage 1: Preference-coverage training: During early training,
preference vectors are sampled from a Dirichlet distribution,

w ~ Dir(a), a7
so that the actor-critic explores a broad range of objective
trade-offs and approximates the Pareto front without CPM
involvement.

Stage 2: CPM fitting: From the collected trajectories, state-
preference pairs (s, w;) are constructed, where wj is the
sampled preference that achieved the highest short-horizon
scalarized return for the corresponding state context. The CPM
is then fitted by minimizing the KL divergence:

Lepm(W) = Wi | folst))- (18)

Joint fine-tuning: After warm-starting, the actor receives the
CPM output with a stop-gradient operator applied:

wi =(fo(st)), (19)
so that PPO gradients update only the actor-critic parameters
(0,¢), while ¥ is updated exclusively through (18). This



decoupling stabilizes training while still enabling real-time
preference adaptation at inference time: the CPM executes a
single forward pass to generate w, from the current state s,
and no retraining is required.

_ The overall training objective, combining all components,
is
(20)

max mln LETtp — Leonst + BH(me) — 1 Lepm,

where p > O controls the CPM fitting rate.

E. Scalability, O-RAN Deployment, and Reproducibility

Scalability. WiMO-CEPPO is designed as a lightweight cen-
tralized scheduler. Each decision requires a single forward
pass through the shared actor—critic network and the context-
to-preference mapping (CPM), followed by the projection
step in (11). Consequently, the inference complexity scales
approximately as O(M RU) with the state dimension, but does
not increase with the number of cells because no inter-cell
message exchange is required. A multi-agent extension is only
necessary when explicit coordination among cells is required,
such as shared interference pricing, coordinated beamforming,
or cluster-level scheduling.

O-RAN integration. WiMO-CEPPO can be deployed as an
xApp within the Near-RT RIC of the O-RAN architecture. The
xApp receives per-cell E2 telemetry—including channel qual-
ity, interference, traffic load, and service deficit information de-
fined in (10)—every control interval T¢,) (e.g., 10 ms). Based
on this information, it outputs RB-assignment and transmit-
power recommendations. The projection step in (11) ensures
that all actions satisfy the feasibility constraints imposed by
the E2 interface. The xApp is compatible with the E2SM-RC
service model, which supports scheduling overrides and power-
control commands.

Real-time feasibility requires

Tex + Tinf + Tdec + Ttx < Tctrlv (21)
where 7, denotes telemetry collection, 7i,¢ the CPM and policy
forward pass, Tqec the projection and decoding stage, and 7y
the control-message delivery time. Constraint (C5) ensures that
the computational latency and operation count remain within
the hardware budget.

Reproducibility. To ensure reproducibility, all experiments
should report the complete simulator and training configuration,
including: number of cells M, users per cell U, channel
and traffic models, control interval Ti,;, episode length 7',
and NOMA multiplexing limit N,,. The network architec-
tures of the actor, critic, and CPM, together with all training
hyperparameters—such as PPO clipping ratio €, discount factor
v, GAE parameter A, entropy bonus 3, CPM learning rate
1, envelope parameter x, constraint weights, learning rates,
batch size B, and PPO epochs K—should also be specified.
A reference implementation will be released upon acceptance.

F. Proposed Algorithm

The integrated WiMO-CEPPO training procedure is summa-
rized in Algorithm 1. It explicitly reflects the three-stage
training design (Dirichlet preference coverage, CPM fitting,
and joint fine-tuning with stop-gradient), the hybrid constraint-
handling strategy (projection and penalty), and the conditional
envelope advantage computation.

Algorithm. 1 WiMO-CEPPO Training

Input: Environment parameters (M, R, P™a%, R™in N, channel matrix);
PPO hyperparameters (e, v, K, B, 8, A); constraint weights (A2, As);
CPM rate p; envelope parameter «; Dirichlet concentration cv.

. Initialize actor 0, critic ¢, CPM 9.

— Stage 1: Preference-coverage training —
. for iteration = 1 to N7 do
Sample w ~ Dir(ag)
Collect trajectory buffer B under g (+|s¢, w).
for each (s¢, a¢,7¢,s¢41) € B do
Compute R via Egs. (4)—(7); normalize per objective.
Compute 7y = w ' Ry.
end for
Compute per-objective GAE: {Agk)}‘i_:]
Compute p; (gradient conflict).
11: Compute Ag™V via Eq. (15).
12: for epoch = 1 to K do

/I Broad Pareto coverage

ORI NRDRN

/I Envelope Mechanism

13: for each mini-batch M C B do

14: Project actions: Il per Eq. (11). //Hard Constraints(C1), (C3), (C4)
15: Compute EC'LIP, Leconst per Egs. (16), (12). #soft Constraints (€2).(C5)
16: 60 < 0+ ax Vo (LEYp — Leonst + BH(mg)).

17: end for

18: end for

2
19: Update ¢: minimize > 5_, ]E{(V(b(k)(st,w) _ GE)«)) }
20: end for

— Stage 2: CPM fitting —
21: for iteration = 1 to N5 do

22: Identify w; from trajectories (best short-horizon return per state).
23: Update ¥: minimize Lcpw via Eq. (18).
24: end for

— Stage 3: Joint fine-tuning —
25: for iteration = 1 to N3 do
26: wi < (fo(st))
27: Repeat Stage-1 update steps for (6, ¢).
28: Update ¥ via Lopnm (rate p).
29: end for
30: return 7y (- | s¢, W)

/I Stop-gradient: CPM — Actor

IV. EXPERIMENTAL SETUP AND BASELINES

We evaluate all methods in a unified multi-cell uplink schedul-
ing simulator consistent with the system model in Section II.
The agent observes the network state and outputs scheduling
decisions over resource blocks (RBs) and transmit powers
under the constraints in Section II-B.

The multi-objective reward vector is defined as
Rius (50, ) = [RFF RComn RRel RCLI}T
capturing energy efficiency, connect1v1ty, rehablhty, and cross-
link interference mitigation. Hardware sustainability is not
included as a fifth reward component; instead, it is enforced
through the computational-efficiency constraint Cl, and its
corresponding training penalty. A preference vector

Wf€R4 Wf>0 1TWt:1
scalarizes the four radio oblrectlves via
e = t Rs‘us(sﬁ af)

To ensure a fair comparison among continuous-control
actor—critic methods, we employ a unified differentiable hy-
brid action parameterization for WiMO-CEPPO and MORL
baselines (MO-PPO, MO-SAC). Specifically, RB assignment is
produced through a Gumbel-Softmax relaxation, while trans-
mit power is generated as a normalized continuous output. A
shared deterministic decoding step maps the relaxed outputs
to feasible scheduling actions that satisfy system constraints.
This shared interface ensures that performance differences
among actor—critic methods reflect optimization and objective-
handling capability, rather than incompatible action represen-
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Figure 2: Pareto-quality convergence and ablation analysis. (a) Hypervolume (HV) convergence over training episodes (higher is better), where WiMO-CEPPO
(Full) achieves the largest dominated volume, indicating superior Pareto coverage. (b) IGD convergence (lower is better), showing WiMO-CEPPO (Full) remains
closest to the reference Pareto set throughout training. (c) Final scalarized reward for the full method, ablations, and baselines. (d) Final utility loss (lower
is better) as an optimization-stability diagnostic. (e) Final IGD (lower is better) and (f) final HV (higher is better) for ablations, confirming that both the
context-to-preference mapping (CPM) and the envelope mechanism contribute materially to Pareto quality and convergence.

tations or constraint implementations.

DDQN-Envelope is inherently value-based and requires a
finite action space. We therefore implement DDQN-Envelope
over a discretized RB/power action code book. This makes
it a suitable value-based envelope comparator, but the dis-
cretization introduces quantization error and scaling limitations
for continuous transmit-power control. Consequently, DDQN-
Envelope is interpreted as a complementary discrete-action
MORL baseline rather than a direct continuous-control equiv-
alent of WiMO-CEPPO.

All methods are trained using the same interaction budget
(total environment steps/episodes) and identical episode length.
We use the same set of random seeds for initialization and
environment stochasticity, and we report the mean + standard
deviation across seeds. Hyperparameters are tuned using a
common protocol (e.g., grid search over a fixed budget) and
then held fixed across scenarios. During evaluation, exploration
is disabled (deterministic policy execution for actor—critic
methods and greedy action selection for DDQN-Envelope). We
compute Pareto metrics from the non-dominated set of ob-
jective vectors collected during evaluation and report wireless
KPIs using consistent decoding and feasibility checks across all
methods. We compare against representative actor-critic MORL
baselines:

e MO-PPO [16]: a preference-conditioned PPO variant
using multi-objective scalarization.

e MO-SAC [8]: a soft actor-critic formulation extended to
handle multi-objective reward structures.

e DDQN-Envelope [11]: a discrete value-based MORL
method that applies envelope-based scalarization over
discrete actions.

To isolate the contribution of each module in WiMO-CEPPO,
we evaluate the following ablation variants under identical

training budgets and evaluation protocols:

o WiMO-CEPPO (Full): complete framework with
context-to-preference mapping (CPM), conditional en-
velope conflict mitigation, and the full sustainable reward
vector including Ry .
WiMO-CEPPO (No CPM): removes the CPM module
and uses externally specified preferences; w; is sampled
per episode (or held fixed), disabling context-driven pref-
erence adaptation.
WiMO-CEPPO (No Envelope): removes the condi-
tional envelope modulation; policy updates use standard
preference-weighted advantages without conflict attenua-
tion.
o WiMO-CEPPO (Fixed Weights): uses a constant pref-
erence vector w; = w for all ¢, evaluating the impact of
static scalarization within the same policy class.

For each ablation, we report (i) Pareto-quality metrics
(HV/IGD and Pareto coverage), (ii) objective-level KPIs, and
(iii) stability indicators (e.g., conflict metric trends and vari-
ance across seeds). This design enables causal attribution:
improvements in adaptability are primarily attributed to CPM,
improvements in stability and convergence are attributed to
the conditional envelope mechanism, and improvements in
operational efficiency and sustainability are due to single-agent
architecture.

Fig. 2 indicates that WiMO-CEPPO (Full) delivers consistently
superior multi-objective performance relative to actor—critic
and value-based baselines. In Fig. 2(a), WiMO-CEPPO attains
the highest hypervolume across training, implying broader
Pareto coverage and a larger dominated region in objective
space. Complementarily, Fig. 2(b) shows the lowest IGD
trajectory, demonstrating improved proximity to the reference
Pareto set and faster convergence under conflicting objectives.
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Figure 3: Training dynamics and practical KPI performance of WiMO-CEPPO and MORL baselines. (a) Mean training reward versus episodes, showing faster
learning and higher asymptotic return for WiMO-CEPPO (Full) compared with ablations (w/o CPM, fixed weights) and baselines (MO-PPO, MO-SAC, MO-
DDQN-Envelope). (b)—(c) Distributional performance (median, IQR, whiskers, outliers) for energy efficiency and connectivity over evaluation episodes/seeds,
quantifying robustness beyond mean values. (d) Radar plot of mean multi-objective KPI profile (EE, connectivity, reliability, fairness, interference), illustrating
the overall operating point induced by each method. (e) Distributional reliability, highlighting tail behavior under challenging channel/load realizations.

The ablation results in Fig. 2(c.e,f) further attribute these
gains to the proposed components: removing CPM or the
envelope mechanism degrades final reward and Pareto metrics
(HV decreases, IGD increases), confirming that preference
adaptation and conflict-aware optimization are both necessary
for achieving high-quality trade-offs. Finally, the reduced utility
loss in Fig. 2(d) suggests more stable optimization behavior
for the full framework, consistent with its improved HV/IGD
convergence.

Interpretation: Fig. 3 jointly connects learning behavior to
system-level outcomes. In Fig. 3(a), WiMO-CEPPO (Full)
exhibits the steepest reward growth and the highest final return,
indicating better sample efficiency and a more effective resolu-
tion of competing objectives during training. The gap between
WiMO-CEPPO (Full) and the ablations suggests that adaptive
preference control (CPM) and dynamic conflict-aware updates
(envelope/conditional weighting) are not cosmetic components:
removing CPM reduces the attainable return, while fixed
weights further constrain the policy to a narrow operating
region, limiting long-run performance. In contrast, the MO-
DDQN-Envelope curve saturates lower, which is consistent
with discretization/quantization in the action space and reduced
expressiveness in continuous power control, yielding weaker
asymptotic performance.

Distributional KPI panels in Fig. 3(b,c,e) strengthen this
conclusion by showing not only improved medians but also
improved tail behavior. WiMO-CEPPO (Full) typically shifts
the KPI distributions upward (higher medians) and reduces
dispersion (tighter IQR/whiskers), implying a controller that is
both better on average and more robust to stochastic fading, in-
terference fluctuations, and traffic variability. Practically, tighter
reliability and connectivity distributions indicate fewer outage-
like events and more stable service in congested conditions,
whereas wider boxes/outliers for baselines imply higher per-
formance volatility and more frequent worst-case degradations.

Table I: Performance summary averaged over Ns = 5 independent training
runs (different random seeds) per algorithm. For each seed, we report: (i)
final mean reward and final shadowed reward at the end of training, (ii)
AUC of the corresponding reward curves over the full training horizon
(sample-efficiency/stability proxy), and (iii) Pareto quality metrics HV and
IGD computed from the non-dominated set collected during evaluation. All
algorithms are trained with the same environment realizations, interaction
budget, and evaluation protocol; results are aggregated across seeds.

Algorithm Final Final Mean Shadowed| IGD | HV 1

Mean Shad- Reward Reward

Reward owed AUC 1 AUC 1

T Reward

1

WiMO- 795.5 734.4 2722715 | 2558387 | 0.078 0.752
CEPPO
MO-PPO 5323 5132 1799749 1693498 | 0.189 0.542
MO-SAC 507.0 480.7 1684209 | 1580721 | 0.202 0.493
DDQN- 495.7 461.7 1632963 1528415 | 0.190 0.488
Envelope

The DDQN-Envelope distributions tend to be lower and/or
wider, aligning with its discrete action limitations, while MO-
PPO/MO-SAC improve over DDQN but remain below WiMO-
CEPPO, suggesting that preference-conditioning and conflict
mitigation contribute beyond standard actor—critic learning.

Finally, the radar plot in Fig. 3(d) summarizes the multi-
objective operating profile: WiMO-CEPPO (Full) achieves a
more balanced expansion across all objectives, rather than over-
optimizing one KPI at the expense of others. This shape-
level view is practically important: a larger, more uniform
radar polygon indicates that the learned policy offers a strong
compromise solution suitable for deployment under variable
network priorities. Conversely, smaller or skewed polygons for
baselines reflect trade-off imbalance (e.g., sacrificing reliability
or connectivity to gain EE), which can be unacceptable in 6G



scenarios where service-level constraints must be maintained.
Overall, the figure supports that WiMO-CEPPO’s architectural
choices (preference-conditioned policy with CPM and conflict-
aware updates) translate into both improved learning efficiency
and more reliable, stable, and balanced network performance
at inference time.

Table I reports simulation results averaged over N, = 5
independent random seeds per algorithm. To ensure fair com-
parison, all methods are trained under identical interaction
budgets, environment configurations, and evaluation proce-
dures; each seed controls network stochasticity (e.g., channel
realizations/traffic) and learning initialization. WiMO-CEPPO
achieves the best end-of-training performance with a final mean
reward of 795.5, improving over MO-PPO (532.3), MO-SAC
(507.0), and DDQN-Envelope (495.7) by +49.5%, +56.9%, and
+60.5%, respectively. For the conservative/tail metric, WiMO-
CEPPO attains the highest final shadowed reward of 734.4,
exceeding MO-PPO (513.2), MO-SAC (480.7), and DDQN-
Envelope (461.7) by +43.1%, +52.8%, and +59.1%. Training
efficiency is also superior: WiMO-CEPPO yields the largest
mean reward AUC (2,722,715) and shadowed reward AUC
(2,558,387), corresponding to improvements of approximately
51-67% over the baselines, which indicates faster learning and
more stable training dynamics across the full horizon.

From a multi-objective standpoint, WiMO-CEPPO provides
the highest Pareto quality with HV = 0.752 and the lowest IGD
= 0.078. Relative to the strongest baseline (MO-PPO), WiMO-
CEPPO improves HV by +38.7% (0.752 vs. 0.542) and reduces
IGD by 58.7% (0.078 vs. 0.189), confirming that the learned
non-dominated set is both more expansive (larger dominated
volume) and closer to the reference front. The distributional
plots further corroborate robustness: across energy efficiency,
connectivity, and reliability, WiMO-CEPPO exhibits higher
medians and a reduced lower tail (fewer low outliers) compared
to baselines, consistent with the gains observed in shadowed
reward and shadowed AUC. Finally, the radar chart shows that
WiMO-CEPPO improves multiple objectives simultaneously
(larger polygon area), indicating that the achieved performance
is balanced rather than obtained by trading off a single objective
aggressively.

V. CONCLUSION

This paper proposes WiMO-CEPPO for sustainable uplink
resource allocation in multi-cell 6G-type networks, jointly
optimizing energy efficiency (EE), connectivity, reliability, and
inter-cell interference under practical feasibility constraints.
WiMO-CEPPO learns a single preference-conditioned pol-
icy that adapts online to time-varying operator intent, while
an envelope-modulated update mitigates destabilizing policy-
gradient steps under strong objective conflicts. Combined with
feasibility-aware action parameterization and multi-head value
estimation, the approach enables stable learning across the
preference simplex and yields a well-covered Pareto set.

Averaged over Ny = 5 seeds, WiMO-CEPPO achieves the
strongest overall trade-off quality and learning -efficiency,
attaining the highest hypervolume (HV = 0.752) and the
lowest inverted generational distance (IGD = 0.078), out-
performing MO-PPO (HV = 0.542, IGD = 0.189), MO-
SAC (HV = 0.493, IGD = 0.202), and DDQN-Envelope
(HV = 0.488, IGD = 0.190). It also delivers higher end-
of-training rewards and improved sample efficiency, with fi-
nal mean/shadowed rewards of 795.5/734.4 and AUCs of
2,722,715/2,558,387, versus substantially lower AUCs for

the baselines (e.g., 1,799,749/1,693,498 for MO-PPO). These
results align with convergence and distributional evaluations,
indicating both faster convergence and more robust multi-
objective performance.

Overall, the findings suggest that (i) preference conditioning
to reuse experience across operating points without retraining,
(ii) conflict-aware envelope advantages to reduce oscillations
under competing objectives, and (iii) feasibility-aware action
handling to limit infeasible exploration are key to reliable
MORL for real-time RIC-driven scheduling. Future work will
extend WiMO-CEPPO to distributed/multi-agent settings for
tighter inter-cell coordination and further validate real-time
feasibility via hardware-in-the-loop latency measurements and
more pronounced traffic and channel non-stationarities.
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