SUSTAINABLE OPERATION OF 5G VIRTUALIZED RAN
COMPUTING INFRASTRUCTURE

by

NIKOLAOS APOSTOLAKIS

A dissertation submitted in partial fulfillment of the requirements
for the degree of Doctor of Philosophy in

Telematic Engineering

Universidad Carlos 11 de Madrid

Advisors:
Dr. Albert Banchs

Dr. Marco Gramaglia

Tutor:
Dr. Albert Banchs

September 2025






iii

Sustainable Operation of 5G Virtualized RAN Computing Infrastructure

Prepared by:

Nikolaos Apostolakis

Telematic Engineering Department, Universidad Carlos III de Madrid
IMDEA Networks Institute

Contact: n [dot] apostolakis [at] outlook [dot] com

Under the advice of:
Dr. Albert Banchs
Telematic Engineering Department, Universidad Carlos I1I de Madrid

IMDEA Networks Institute

Dr. Marco Gramaglia

Telematic Engineering Department, Universidad Carlos III de Madrid

This work has been supported by:



iv

The content of this thesis is distributed under license

“Creative Commons Attribution - Non Commercial - Non Derivatives"

QIO




In every error and every challenge, there
lies mot defeat, but the path to progress —
mdOer udlog.

— Awoythos, Ayauéuvowr






Acknowledgements

First and foremost, I would like to express my deepest and most heartfelt gratitude
to my advisors, Professor Albert Banchs and Professor Marco Gramaglia, for their
continuous support throughout these years. Thank you for allowing me to pursue my
passion and for guiding me through the early steps of my research career. Your trust,
encouragement, and expertise have been instrumental in shaping my scientific mindset
and helping me grow into an independent researcher. I am especially grateful for the
freedom you gave me to explore diverse, cutting-edge topics— an experience that has
greatly enriched my technical and theoretical skills and prepared me for the challenges
ahead.

It has also been a great pleasure to work closely with the distinguished researchers
Dr. Andres Garcia-Saavedra, Dr. Livia Elena Chatzieleftheriou, Dr. Dario Bega, Marta
Sierra-Obea, Dr. A. Ayala-Romero, and Professor Marco Fiore. I am deeply grateful
for our fruitful collaborations—your insightful feedback has helped shape my research
perspective, and our teamwork has resulted in significant scientific contributions. I would
also like to extend my sincere thanks to Professor Pablo Serrano, Dr. Tejas Subramanya,
Dr. Henning Sanneck, and Dr. Xavier Costa-Perez for the impactful collaborations we
shared, which led to important findings and advancements.

I would like to sincerely thank Dr. Christian Ibars Casas for hosting me at NVIDIA,
California in 2024. Working at an organization that is revolutionizing the computing
paradigm across various domains, including telecommunications, was an eye-opening and
formative experience that would not have happened without Christian’s belief in me. 1
am also deeply grateful to my mentor, Harsha Banuli, who supported me throughout my
stay and taught me how to design systems at scale, as well as to Curtis Rhodes for his
continuous guidance and valuable input in software design.

In this direction, I would also like to thank IMDEA Networks Institute as a whole.
From the IT department to the faculty members, you all contributed to making this
experience truly memorable. Thank you for creating an environment that fosters
collaboration and excellence, and for providing the support and tools necessary to conduct
world-class research.

Throughout my PhD years, life in Madrid has gifted me with countless unforgettable

vii



viii

experiences and lifelong friendships. First and foremost, I could never forget my best
friend and now PhD holder, Manolis (el carpinterito), with whom I shared countless
moments, from spontaneous guitar sessions on random Wednesday nights to deep
conversations about our doctoral journeys. These talks helped me ease my worries and
will continue to shape me for the rest of my life. I also want to thank Panos, the very first
person I met when I moved to Spain, for being there every step of the way, unconditionally
and supportively. In this spirit, I also owe a big grazie to Mauro, my PhD and office
deskmate, who has listened to my deepest confessions and has witnessed my highest highs
(and occasionally lows). My stay in California would not have been the same without my
colleague Giannis and flatmates George and Kona — thank you for spending this summer
with me and building this strong friendship.

A big thank you goes to the Greek community in Madrid (Thanos, Mike, Dionysis,
Giannis, Panagiotis, Theo) for the endless laughs that made this city feel like home. A
special shoutout to Aris and Maimu, the bar that somehow adopted me since my first
month in Spain, I am still not sure how that happened, but I am glad it did. And
of course, our beloved music group, Madrileniki Compania, which was not just a band
playing in Maimu, but free therapy disguised as rempetiko, which turned out to be the
perfect antidote to the stressful academic deadlines. Of course, I can not forget all my very
good friends from Athens (Thanassis, Giorgos, Vasilis, Giannis, Kosmas, Stella, Loukas)
and my undergrad days (Christos, Kostas, Panos, Stavros, Thymios) — all of them were
truly supportive in this endeavor.

I cannot help but dedicate a very special thank you to my partner, Alexandra (or Alie,
or Alex, depending on the day). You've been there from the very start of this journey,
always by my side with patience, strength, and unwavering love. Thank you for being my
stand during the most stressful moments, for believing in me even when I doubted myself,
for not letting me give up, and for all the personal sacrifices you’ve made so I could chase
this dream. This achievement is as much yours as it is mine, and I am endlessly grateful
to share it with you.

Wrapping up my acknowledgements, I want to say a special and most sincere
euyoptot (efcharistd) to my parents and siblings. Zexwvdw oand tov adeppd pou, Mnvd,
mou e oThpEE o 6ho auTd To TagldL and TNy 1n pépa 6tav €puya to 2020, €yovtag xou
o (Blog plyel oto e€wTepd. XNy adep@n pou, Euyevia, mou xdde gopd avunopovel tote
Yo yuplow oty EXNGSa xou ftay 1 mpddtn mou pe evidppuve va Eextviow. AN xuplwe,
otoug Yovelc pou, Koota xa EhcdfBet, mou pou €dwoay avidlotelr) aydmn xou othellr, Ue
UEYGAMOAY Xat YUAOUY MooV UE TIC TO OWOTES a&leg, LoV PETOAUUTAOEUCAY TNV onuocia
NS oxANEnc Boukeldg xan TNy Teplépyela TN €€epelvNONG, TOU UE TEOETEETAY TAVTA VOl
Bydlw Tov xoAOTERO HOL EQUTO %ot TOL HToY TAVTAL EXEL, EVal TNAEPWVO UaxELd, aveEopTHTOVY

CUVUTXWY.



Published Content

This thesis is based on the following published papers:

[1] Nikolaos Apostolakis, Marco Gramaglia and Pablo Serrano, "Design and Validation
of an Open Source Cloud Native Mobile Network," in IEEE Communications Magazine,
vol. 60, no. 11, pp. 66-72, November 2022, https://doi.org/10.1109/MCOM.003.2200195.

— This work is fully included and the contents are reported in Chapter 2 and 3.

— The thesis author led the conceptual design of the cloud-native 5G core design,
led the implementation of the solution, ran the experiments, generated plots, and wrote

several parts of the manuscript.

— The material from this source included in this thesis is not singled out with

typographic means and references.

— Q1 in Telecommunications with an impact factor of 8.2, according to the Clarivate

Journal Citation Reports.

[2] Nikolaos Apostolakis, Marco Gramaglia, Livia Elena Chatzieleftheriou, Tejas
Subramanya, Albert Banchs and Henning Sanneck, "ATHENA: Machine Learning and
Reasoning for Radio Resources Scheduling in vRAN Systems," in IEEE Journal on
Selected Areas in Communications, vol. 42, no. 2, pp. 263-279, Feb. 2024,
https://doi.org/10.1109/JSAC.2023.3336155.

— This work is fully included and the contents are reported in Chapters 2, 4 and 5.
— The thesis author is the first author of this work and led the design and architecture

of ATHENA framework, its implementation and experimentation in hardware, and

participated in writing several parts of the manuscript.

— The material from this source included in this thesis is not singled out with

typographic means and references.

— QI in Telecommunications with an impact factor of 17.2, according to the Clarivate

Journal Citation Reports.

[3] Nikolaos Apostolakis, Livia Elena Chatzieleftheriou, Dario Bega, Marco Gramaglia
and Albert Banchs, "Digital Twins for Next-Generation Mobile Networks: Applications

ix


https://doi.org/10.1109/MCOM.003.2200195
https://doi.org/10.1109/JSAC.2023.3336155

and Solutions," in IEEE Communications Magazine, vol. 61, no. 11, pp. 80-86, November
2023, doi: https://doi.org/10.1109/MCOM.001.2200854.

— This work is fully included and the contents are reported in Chapters 2 and 5.
— The thesis author led the conceptual design of the digital twin, led the

implementation of the solution, ran the experiments, generated the plots, and wrote

several parts of the manuscript.

— The material from this source included in this thesis is not singled out with
typographic means and references.

— QI in Telecommunications with an impact factor of 8.2, according to the Clarivate

Journal Citation Reports.

[4] Nikolaos Apostolakis, Marta Sierra-Obea, Marco Gramaglia, Jose A. Ayala-
Romero, Andres Garcia-Saavedra, Marco Fiore, Albert Banchs, and Xavier Costa-Perez.
2025. Quantum Computing in the RAN with Qu4dFec: Closing Gaps Towards Quantum-
based FEC Processors. Proc. ACM Meas. Anal. Comput. Syst. 9, 2, Article 36 (June
2025), 25 pages. https://doi.org/10.1145/3727128.

— This work is fully included and the contents are reported in Chapters 2 and 6.

— The thesis author led the conceptual design of Qu4Fec, led the derivation of the first
QUBO formulation, ran the experiments on Simulated and Quantum Annealers, identified
the code design limitations of QBP and hardware limitations of Quantum Annealers, took
part in generating plots, and writing several parts of the manuscript.

— The material from this source included in this thesis is not singled out with
typographic means and references.

— CSrankings-listed conference and rated as an A* conference according to the CORE
2023 classification.

[5] Nikolaos Apostolakis, Marta Sierra-Obea, Marco Gramaglia, Jose A. Ayala-
Romero, Andres Garcia-Saavedra, Marco Fiore, Albert Banchs, and Xavier Costa-
Perez. 2025. Quantum Computing in the RAN with Qu4Fec: Closing Gaps Towards
Quantum-based FEC Processors. In Abstracts of the 2025 ACM SIGMETRICS
International Conference on Measurement and Modeling of Computer Systems
(SIGMETRICS/PERFORMANCE ’25). Association for Computing Machinery, New
York, NY, USA, 59-60. https://doi.org/10.1145/3652963.3655054.

— This work is fully included and the contents are reported in Chapters 2 and 6.
— This work is the conference abstract version of publication [4].

— CSrankings-listed conference and rated as an A* conference according to the CORE
2023 classification.


https://doi.org/10.1109/MCOM.001.2200854
https://doi.org/10.1145/3727128
https://doi.org/10.1145/3652963.3655054

Abstract

Virtualized Radio Access Networks (vVRANs) are undergoing a significant paradigm
shift, moving from specialized, vendor-specific hardware platforms to commercial off-
the-shelf (COTS) servers for baseband processing and upper-layer 5G functions. This
transition enables operators to avoid vendor lock-in and promotes interoperability across
diverse software and hardware ecosystems. Moreover, shared COTS infrastructure allows
for efficient multi-tenant resource usage, simplified orchestration, and ultimately, reduced
capital (CapEx) and operational (OpEx) expenditures.

However, typical vRAN implementations, particularly the physical (PHY) layer
running on COTS servers, struggle to meet the computational demands and strict
timing requirements of 5G. While modern CPUs support both data and pipeline-level
parallelism, they are often unable to handle the millisecond-scale latencies required for
efficient 5G operation. To overcome these limitations, vRAN deployments increasingly
rely on specialized hardware accelerators such as Graphics Processing Units (GPUs),
Application-Specific Integrated Circuits (ASICs), and Field Programmable Gate Arrays
(FPGAs), which are better equipped to meet these real-time constraints and deliver the
necessary quality of service.

Yet, these solutions introduce their challenges in terms of sustainability, flexibility,
and manageability. GPUs, while easier to orchestrate in cloud-native environments,
require substantial upfront investment and consume significantly more power than COTS
servers. Although vendors aim to amortize GPU costs by colocating high-revenue stream
workloads like Artificial Intelligence (Al) inference and training, this strategy remains
largely theoretical and unproven in practice. ASICs and FPGAs, on the other hand, are
often the default choice for many vRAN vendors due to their lower energy consumption
and cost-effectiveness. However, their lack of reprogrammability and limited support
for multi-tenant sharing hinder efficient management and orchestration by end-to-end
network controllers.

The aforementioned limitations of external hardware in supporting the 5G vRAN
vision highlight the need for financially sustainable solutions based on CPU-only COTS
servers, resources that are inherently easier to share, manage, and maintain across the

evolution of mobile networks. At the same time, there is a growing demand for new
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computing paradigms that can improve hardware resource utilization and reduce the
energy footprint of telecom operators. This thesis contributes to both of these directions.

First, it introduces the design and implementation of a CPU-aware Medium Access
Control (MAC) scheduler that intelligently allocates computational resources to users,
significantly enhancing the reliability of time-critical task execution. Second, it
reformulates the Forward Error Correction (FEC) problem, an essential component of 5G
and 6G baseband processing, as an optimization problem that can be efficiently solved
on a quantum computer. This positions quantum hardware as a promising addition to
the data center resource pool, offering a potentially lower energy footprint compared to
conventional accelerators.

The first part of this thesis introduces ATHENA, a Machine Learning (ML)-based
radio resource controller that intelligently allocates uplink grants to users based on the
CPU quota available to the virtualized Distributed Unit (vDU). The vDU typically
operates alongside third-party applications on conventional shared COTS infrastructure,
eliminating the need for external accelerator units. ATHENA is deployed as an O-RAN real-
time application (dApp) within the O-RAN Real-Time RIC (Radio Intelligent Controller)
and leverages instantaneous CPU congestion metrics provided by the Service Management
and Orchestration (SMO) framework. These metrics capture the effects of resource
contention (commonly referred to as the noisy neighbor effect) caused by non-RAN
applications.

By dynamically controlling radio resource allocation in response to CPU load, ATHENA
improves the determinism of vDU processing timelines, enabling them to meet the
strict latency requirements imposed by 5G technologies and use cases. ATHENA is built
on a Reinforcement Learning (RL) framework and is platform-agnostic as it does not
assume any specific CPU architecture or configuration. Compared to baseline schedulers,
it delivers higher reliability under both low and high levels of CPU contention from
neighboring applications.

The development and evaluation of ATHENA were based on the design and
implementation of a fully cloud-native, end-to-end 5G deployment, encompassing both
RAN and core network components. This system is rigorously described in the current
thesis, and to the best of the author’s knowledge, at the time of its implementation, it
was the first open-source initiative to provide such a complete system without requiring
expensive hardware RF front-ends. This approach democratizes access to state-of-the-art
5G deployments, supporting researchers and practitioners in developing algorithms and
identifying challenges associated with CPU-only vDU architectures.

In a direction orthogonal to conventional processor-based approaches, the second
part of this thesis introduces Qu4Fec, a novel LDPC (Low-Density Parity-Check)
decoder implemented on quantum computers. QudFec reformulates LDPC decoding

as an optimization problem that can be natively solved on quantum hardware. In
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simulation, QudFec outperforms existing state-of-the-art approaches by 1.82 dB and
underscores the importance of carefully designing LDPC codes to preserve their error-
correcting performance within the quantum paradigm. Moreover, Qud4Fec achieves
comparable decoding performance to conventional LDPC decoding algorithms, suggesting
the feasibility of offloading 5G FEC tasks to quantum computers, which, according to
recent studies, may offer a lower energy footprint than conventional computing platforms,
contributing in this way to the sustainability of mobile systems.

However, experimental evaluations on actual quantum hardware revealed significant
discrepancies compared to simulation results. These were primarily attributed to the high
noise levels in current quantum systems, as well as limitations introduced by scaling and
quantization during quantum program compilation. Finally, this thesis offers a forward-
looking perspective on the use of quantum machines for mobile network workloads and
proposes hardware-level enhancements to future quantum architectures that could better
support LDPC decoding tasks.
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Introduction

Over the past decade, the telecommunications industry has entered a new era in which
cloud-nativeness is no longer considered an optional advantage, but rather a foundational
prerequisite for the successful deployment of 5G and future network services. Cloud-native
architectures offer enhanced programmability and dynamic orchestration capabilities,
unlocking the potential of advanced service classes such as ultra-reliable low-latency
communication (URLLC), as envisioned in 5G standards.

This transformation has been accelerated by the convergence of Software-Defined
Networking (SDN) and Network Function Virtualization (NFV). Within this evolving
landscape, the Radio Access Network (RAN) — historically a hardware-centric component
of mobile systems — has become a strategic focal point for innovation. The emergence
of Virtualized Radio Access Network (VRAN) and Open RAN (O-RAN) paradigms
aims to disrupt vendor lock-ins, enhance interoperability, and enable flexible, scalable
deployment of radio functions on general-purpose Commercial Off-The-Shelf (COTS)
hardware. Highlighting this potential, the global vVRAN market size was estimated at
nearly 16 billion USD in 2024 [6], and according to industry analysts, it is projected to
reach 408 billion USD, yielding a compound annual growth rate of 45%. Leading vendors
such as Nokia, NEC, Ericsson, NVIDIA, and Qualcomm are actively competing for market
share.

The vRAN paradigm has shifted baseband processing from expensive proprietary
hardware onto standard cloud infrastructure. This architectural shift involves
disaggregating the Baseband Unit (BBU) functions: Low-PHY (L-PHY) layer operations
(e.g., FFT/IFFT, beamforming) are offloaded to the Remote Unit (RU); High-PHY
(H-PHY) and Medium Access Control (MAC) layer functions are executed by the
Virtualized DU (vDU); and higher-layer control functions (e.g., Radio Resource Control
(RRC)) and Packet Data Convergence Protocol (PDCP)) are managed by Virtualized
CU (vCU). To further promote openness and interoperability, the O-RAN Alliance [7] has
introduced standardized interfaces between these functional blocks, facilitating modular

development, reducing vendor lock-in, and lowering the total cost of ownership through
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Figure 1.1: vDU hardware resources.

ecosystem diversification.

1.1 Motivation

Given the heterogeneity of compute resources available in modern cloud
infrastructures, it is imperative to maximize resource efficiency in a manner that is both
sustainable and power-conscious. Efficient utilization of these diverse resources ensures
that cloud-native deployments, including those supporting vRANSs, can meet performance
and energy constraints without incurring unnecessary operational costs.

By design, the vDU and vCUs are intended to run in containerized environments
atop conventional shared infrastructure, as shown in Fig. 1.1. This architectural choice
aims to enable flexible management and orchestration while also reducing the total
cost of ownership, as previously discussed. However, the Simple-Instruction Multiple-
Data (SIMD)-enabled Central Processing Units (CPUs) alone are insufficient to meet
the stringent reliability and latency requirements of 5G services, especially of baseband
processing at the Physical (PHY) layer of the vDU [8]. These processors typically fail to
satisfy the hard real-time constraints mandated by 5G timelines.

To address this limitation, network operators commonly employ external hardware
accelerators, such as Application-Specific Integrated Circuits (ASICs) (e.g., Intel
ACC100 [9]) or Field-Programmable Gate Arrays (FPGAs) (e.g., Xilinx T1 [10]), to
offload compute-intensive tasks. NVIDIA Graphics Processing Units (GPUs) [11] have
taken a rise since they offer a unique advantage: they support concurrent execution of
heterogeneous workloads, enabling virtualization of the resources for multiple tenants.
This makes it feasible to colocate best-effort Artificial Intelligence (AI) inference jobs
alongside latency-sensitive 5G baseband tasks on the same hardware. The left part of
Fig. 1.1 lays out the landscape of the conventional hardware resources that can support

5G baseband processing blocks.
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Despite the optimistic forecasts for 5G vRAN revenue streams, the real-world
adoption has been more cautious. Due to the densification of the network, the initial
Capital Expenditure (CapEx) rose since around 7x more fiber deployment is needed
compared to Long Term Evolution (LTE) networks, as well as massive Multiple-Input
Multiple-Output (MIMO) and specialized antennas require more expensive hardware [12].
Additionally, surveys indicate that only 10% of the total RAN baseband product market
was attributed to vVRAN in 2024, with expectations that this figure will not exceed 20%
before 2028 [13].

This can be attributed to several factors. On the one hand, while hardware
accelerators significantly accelerate baseband processing, they introduce additional layers
of complexity. They deviate from the core vision of vRAN, which emphasizes flexibility,
manageability, and infrastructure sharing. These devices are often rigid in their
orchestration and difficult to virtualize across multiple tenants or workloads, thus
contributing to lower resource efficiency. On the other hand, despite GPU-based vRANs
supporting multiple tenants, their widespread deployment is hindered by significant
capital expenditures. The initial investment required to outfit edge sites with vRAN-
capable GPUs is substantial [14]. The vision of monetizing idle GPU capacity by
hosting third-party AI workloads and generating additional revenue streams [15] remains
theoretical and has yet to demonstrate sustainable business viability. Furthermore,
GPUs consume considerably more power than CPUs, raising concerns over operational
efficiency and energy costs [8]. These challenges underscore the need for sustainable COTS
infrastructure that can enable resource sharing across multiple tenants and efficiently
support heterogeneous workloads alongside 5G. They also highlight the importance of
exploring alternative technologies that offer improved resource efficiency, particularly in
terms of reduced power consumption.

For vRAN to be economically sustainable, it must be capable of running efficiently
on CPU-only COTS infrastructure. This would enable seamless resource sharing with
third-party applications and reduce management overhead. Achieving this requires
enhancements to the vDU software stack, enabling it to monitor and react to host compute
load dynamically. In particular, the vDU must incorporate compute-aware logic that
adjusts its internal behavior based on the state of the shared infrastructure, ensuring
both reliability and coexistence with non-RAN workloads.

To support such compute-aware behavior, it becomes essential to incorporate
intelligent control mechanisms within the vDU. Given the dynamic workload patterns and
fluctuating resource availability in data center environments, the deployment of advanced
algorithms based on AI and Machine Learning (ML) is critical. These algorithms can
facilitate real-time resource management and adaptive behavior of the vDU. However,
effective training and deployment of ML models necessitate an accurate and structured

representation of the vDU stack. This is where the concept of Digital Twin (DT) becomes
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valuable. As a virtual replica of the vDU, a digital twin enables offline experimentation,
optimization, and continuous refinement of ML strategies. Its ability to mirror real-time
system dynamics makes it particularly well-suited for mobile network environments, where
reliability and responsiveness are paramount.

Orthogonal to the CPU-GPU-hardware accelerators spectrum, future mobile network
stacks must also consider alternative paradigms to meet the goals of high reliability and
low energy footprint, leading to an overall more sustainable infrastructure. Motivated
by this need, the quest is open for more capable and power-efficient accelerators, and
one emerging technology stands out as a promising candidate: Quantum computing.
Quantum computing exhibits extraordinary potential in solving high-dimensional, non-
convex optimization problems, inherently encountered in wireless communications. This
makes quantum-based solutions particularly attractive for RAN baseband processing.
Quantum Processing Units (QPUs) with a sufficiently large number of qubits hold the
promise of meeting the strict timing constraints and reliability demands of tasks such
as Forward Error Correction (FEC) decoding [16], even in computationally intensive
scenarios like massive MIMO, all while minimizing power consumption and operational
costs.

Seminal studies have demonstrated that quantum systems can approach or match the
performance of conventional hardware while offering orders-of-magnitude improvements
in energy efficiency, thereby significantly reducing operational expenditures [17-19]. In
this direction, quantum machines should be investigated as possible alternatives in the
accelerator pool of the cloud infrastructure. This envision is illustrated in the right part
of Fig. 1.1, where quantum resources, such as Quantum Annealers (QAs) [20], are placed

alongside the conventional resources, ready to support the real-time functionality of vDU.

1.2 Research Challenges

The transition towards virtualized, easy-to-manage low-energy footprint RAN
infrastructures with optimized resource allocation introduces a wide array of research
challenges that span the architectural, algorithmic, and computational domains. While
the vVRAN paradigm promises flexibility, scalability, and lower operational costs, its
implementation requires rigorous and thorough investigation. These challenges can be

broadly categorized as follows:

1. Efficient Baseband Processing on Shared Infrastructure

Achieving high-throughput, low-latency baseband processing on general-purpose
CPUs remains a non-trivial task. FExisting acceleration strategies offer performance
benefits but at the cost of rigid orchestration [11], and higher power consumption [8]. By

contrast, CPU-only vRAN deployments represent a more sustainable solution in terms of
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orchestration, power and cost: CPUs integrate seamlessly with orchestration frameworks
(unlike ASICs and FPGAs), reducing operational complexity, while also consuming less
power and incurring lower cost compared to specialized accelerators such as GPUs.
Making such deployments viable, particularly at the network edge, requires software-based
techniques capable of extracting maximum efficiency, through compute-aware algorithms
that gracefully handle workload variability and infrastructure sharing.

Traditional scheduling algorithms often overlook the dynamic interplay between
wireless link conditions and computational resource availability. Designing intelligent
scheduling policies that can learn and adapt to real-time context-spanning both radio
and compute metrics, is critical to optimizing Quality of Service (QoS) while ensuring
reliability.

To effectively evaluate such policies, it is essential to develop a cloud-native 5G
emulation framework that reflects realistic deployment conditions. A key barrier to that is
the lack of open-source and affordable platforms that can support experimentation under
multi-user and compute-constrained scenarios. Existing frameworks are often proprietary,
cost-prohibitive, or tailored to vendor-specific architectures, limiting their accessibility
and reproducibility within the research community. This thesis directly addresses this
gap by designing and implementing an open, cloud-native 5G emulation framework
that enables experimentation under multi-user and compute-constrained scenarios. This
framework provides a standardized reference architecture for investigating the interaction
between radio conditions and computational resource availability, thereby supporting the

development and evaluation of sustainable, CPU-only vRAN solutions.

2. Integration of Quantum Computers in the RAN

As the limitations of conventional accelerators become more pronounced, there
is a growing interest in leveraging emerging computing paradigms such as quantum
computing. Quantum computers could partially replace certain function blocks in the
physical layer pipeline of the base stations, due to significant energy footprint advantages
they provide compared to their traditional computing counterparts, as recent studies
highlight [17], thus leading to better energy sustainability. However, integrating quantum
co-processors into RAN architectures raises novel challenges in terms of algorithm design,
system integration, and real-time responsiveness. Mapping wireless signal processing
problems—such as FEC decoding—onto QPUs while ensuring that execution meets telecom-

grade latency and reliability constraints is an open area of research.

This thesis attempts to address the above challenges by developing intelligent, context-
aware orchestration mechanisms for vRAN, leveraging AI/ML and digital twin paradigms,

and by investigating the feasibility of quantum-assisted baseband processing.
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Figure 1.2: Thesis contributions.

1.3 Contributions

This thesis has yielded several key contributions in three areas: end-to-end 5G
network orchestration, CPU-aware vDUs, and quantum-enhanced 5G RAN. In the
domain of 5G network orchestration, the proposed architecture has been published in
IEEE Communications Magazine (COMMAG) (2022). In the domain of CPU-aware
vDUs, the research has resulted in two peer-reviewed journal publications—one in IFEFE
Journal on Selected Areas in Communications (JSAC) (2024) and one in IEEE COMMAG
(2023). Notably, both IEEE JSAC and IEEE COMMAG are ranked in Quartile 1 (Q1)
according to the Clarivate Analytics Journal Citation Reports (JCR) and have Journal
Impact Factor (JIF) 17.2 and 8.2, respectively. In the area of quantum-based 5G RAN,
the findings were presented at ACM SIGMETRICS (2025), a venue recognized in the
CSrankings database and rated as an A* conference by the CORE2023 classification. All
three contributions are illustrated in the 5G network landscape of Fig. 1.2.

The contributions of this thesis are summarized as follows:

Contribution 1. Cloud-Native RAN and Core Design
The first contribution of this thesis is the design and deployment of a fully cloud-native 5G
Core (5GC) and RAN on COTS hardware using open-source software, eliminating the

need for specialized Radio Frequency (RF) front-end hardware. The complete source code
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has been made publicly available on GitHub. To the best of the author’s knowledge, this
represented the first open implementation of such a design at the time this work was
carried out, democratizing access to cloud-native wireless research for practitioners by
removing dependencies on expensive proprietary hardware and vendor-specific solutions.
The key elements of this work include containerization of 5GC Network Functions (NFs)
and their orchestration within a Kubernetes cluster, and performance evaluation under
various load and mobility scenarios using RAN front-end emulation without requiring
physical RF components. This cloud-native testbed was fully detailed in the following

publication.

o Nikolaos Apostolakis, Marco Gramaglia and Pablo Serrano, "Design
and Validation of an Open Source Cloud Native Mobile Network," in IEFE
Communications Magazine, vol. 60, no. 11, pp. 66-72, November 2022, doi:
10.1109/MCOM.003.2200195

Contribution 2. CPU-Aware MAC Scheduling
The second contribution is the design and implementation of a CPU-aware MAC
scheduler, named ATHENA, which addresses the noisy mneighbor effect commonly
encountered in cloud data center environments. ATHENA is an ML-based resource controller
that dynamically adjusts the allocation of uplink resources to users. By doing so, it
directly influences the timing of the uplink processing pipeline and ensures that critical
latency deadlines are not violated. ATHENA was evaluated against a conventional baseline
scheduler and demonstrated superior performance. To improve the interpretability of the
scheduling decisions, this work also integrated Explainable AI (XAI) techniques in order
to offer insights into the decision-making process of the ML model.

Furthermore, a digital twin of the physical layer was developed to emulate the
processing environment. This enabled more efficient and repeatable iterations during
model training and validation, reducing the ML development and evaluation lifecycle.
The development and deployment of ATHENA were built upon the cloud-native testbed
established in Contribution 1. The two publications that came out of this work are
listed below.

e Nikolaos Apostolakis, Marco Gramaglia, Livia Elena Chatzieleftheriou,
Tejas Subramanya, Albert Banchs and Henning Sanneck, "ATHENA: Machine
Learning and Reasoning for Radio Resources Scheduling in vRAN Systems," in
IEEE Journal on Selected Areas in Communications, vol. 42, no. 2, pp. 263-279,
Feb. 2024,doi: 10.1109/JSAC.2023.3336155

e Nikolaos Apostolakis, Livia Elena Chatzieleftheriou, Dario Bega, Marco
Gramaglia and Albert Banchs, "Digital Twins for Next-Generation Mobile Networks:


https://doi.org/10.1109/MCOM.003.2200195
https://doi.org/10.1109/MCOM.003.2200195
https://doi.org/10.1109/JSAC.2023.3336155
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Applications and Solutions," in IEEE Communications Magazine, vol. 61, no. 11,
pp. 80-86, November 2023, doi: 10.1109/MCOM.001.2200854

Contribution 3. Quantum-based FEC Processors
This work introduces Qud4Fec, a mnovel solution for designing and implementing
a FEC decoder—specifically for Low-Density Parity-Check (LDPC) codes—using quantum
annealers. QudFec presents a new formulation of the LDPC decoding problem that aligns
with established code design principles and highlights their importance in the context of
quantum-assisted decoding. The experiments showed that through simulated annealing,
QudFec achieved significant performance gains over the state-of-the-art. Moreover, this
contribution identifies two critical limitations of current quantum hardware: i) non-ideal
embeddings and i) scaling and quantization effects, which help explain the noisy results
observed when deploying the decoder on the actual quantum machines, that prevent
them from being used in production-grade communication systems. Although current
quantum annealers cannot realistically support vRAN operations in the near future, this
contribution ultimately suggests hardware extensions to qubit layouts that could reduce
qubit utilization and noise. Such improvements, while longer-term, would move quantum

hardware closer to partially supporting LDPC decoding in practical systems.

e Nikolaos Apostolakis, Marta Sierra-Obea, Marco Gramaglia, Jose A. Ayala-
Romero, Andres Garcia-Saavedra, Marco Fiore, Albert Banchs, and Xavier Costa-
Perez. 2025. Quantum Computing in the RAN with QudFec: Closing Gaps Towards
Quantum-based FEC Processors. Proc. ACM Meas. Anal. Comput. Syst. 9, 2,
Article 36 (June 2025), 25 pages. https://doi.org/10.1145/3727128

e Nikolaos Apostolakis, Marta Sierra-Obea, Marco Gramaglia, Jose A. Ayala-
Romero, Andres Garcia-Saavedra, Marco Fiore, Albert Banchs, and Xavier Costa-
Perez. 2025. Quantum Computing in the RAN with QudFec: Closing Gaps Towards
Quantum-based FEC Processors. In Abstracts of the 2025 ACM SIGMETRICS
International Conference on Measurement and Modeling of Computer Systems
(SIGMETRICS ’25). Association for Computing Machinery, New York, NY, USA,
64-66. doi: 10.1145/3726854.3727311

The publicly available artifacts of the contributions above are listed in Table 1.1.

URL Paper
Cloud-Native 5G Core  github.com/kaposnick/k8s-openbgs [1]
ATHENA github.com/kaposnick/athena__agent 2]

Table 1.1: Software released as open source.


https://doi.org/10.1109/MCOM.001.2200854
https://doi.org/10.1145/3727128
https://doi.org/10.1145/3726854.3727311
https://github.com/kaposnick/k8s-open5gs
https://github.com/kaposnick/athena_agent
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1.4 Outline

The following chapters delve deeper into the technical contributions of this thesis.
Table 1.2 provides a visual overview of the relationships among research challenges,

contributions, and chapters.

Research Challenges Contributions Chapters Papers
Efficient Baseband Processing Cloud-Native RAN and Core Design 2,3 1]
on Shared Infrastructure CPU-Aware MAC Scheduling 2,4,5 2,3

Integration of Quantum

Computers in the RAN Quantum-based FEC Processors 2,6 [4,5]

Table 1.2: Mapping of research challenges to contributions, chapters and papers.

Chapter 2, the background chapter, provides a brief introduction to 5G New Radio
(NR) and outlines the LDPC encoding and decoding processes in the context of vRANS.
It discusses the critical role of efficient MAC scheduling in enhancing resource utilization,
followed by an exploration of how AI/ML can be leveraged to optimize resource allocation
and provide explainability in decision-making. The chapter also highlights the potential
of DT technology in 5G, particularly in redefining the way networking algorithms are
developed and deployed. Finally, it concludes by presenting state-of-the-art works in MAC
scheduling, advancements in CPU-aware RANs, and quantum-based baseband processing.

Chapter 3 presents the cloud-native 5GC and RAN architecture developed using
open-source technologies. It details the end-to-end design, beginning with Management
and Orchestration, followed by RAN monitoring and RF front-end emulation, enabling
the execution of complex load and mobility scenarios. The chapter concludes with a
discussion of the evaluation setup, including various RAN mobility scenarios and the
dynamic allocation of user-plane function instances in the core network.

Chapter 4 builds upon the testbed presented in the previous chapter and introduces
ATHENA, an ML-based, CPU-aware MAC radio resource controller designed to mitigate
deadline violations in shared compute environments. The chapter discusses the noisy
neighbor problem and its consequences, which arise in virtualized infrastructure where co-
located workloads contend for shared CPU resources, necessitating dynamic AI/ML-based
resource management strategies. ATHENA intelligently allocates uplink radio resources to
users, coordinating resource distribution to avoid over-provisioning and ensuring that
critical processing deadlines are met.

Chapter 5 explores complementary aspects and design decisions associated with
ATHENA. Specifically, it introduces three explainability techniques that provide
transparency into the internal workings of ATHENA’s ML model, fostering trust
and interpretability for network operators. Additionally, the chapter discusses the
development of a digital twin for the LDPC decoder, highlighting its role in accelerating

and facilitating the training, evaluation, and iterative refinement of the ML model behind



10 Introduction

ATHENA.

Chapter 6 introduces Qu4dFec, a solution for implementing an LDPC decoder on
quantum annealers. This chapter highlights the critical role of established code design
best practices and their impact on the error-correcting capabilities of the decoder. It also
presents a new problem formulation for LDPC decoding tailored to quantum annealing,
identifies current hardware limitations that constrain the practical use of quantum
computers in this domain, and proposes potential hardware extensions aimed at mitigating
these challenges.

Finally, Chapter 7 summarizes the key findings of this thesis and outlines potential

directions for future research inspired by the presented thesis.



Background

This chapter provides the technical background to understand the main contributions
of this thesis. In Sec. 2.1, I show an overview of the 5G NR protocol stack as long as the
uplink resource allocation procedure, before giving a primer to LDPC codes (Sec. 2.1.1),
essential for decoding in 5G systems and their impact on vRANs. In Sec. 2.1.2, there is
a brief explanation of the MAC scheduler, while in Sec. 2.1.3 and Sec. 2.1.4, I position
digital twin and XAI, respectively, with regards to network operators and 5G.

In Sec. 2.2.1, 1 introduce the concepts of QAs and their importance for RAN
consolidation (Sec. 2.2.2). Last, in Sec. 2.3, I display the state-of-the-art from the
literature, ranging from ML MAC scheduling and CPU-aware RAN to mobile networking

software solutions and Quantum baseband processing advancements.

2.1 5G NR

The major focus of this thesis is on the PHY and MAC layers of the 3rd Generation
Partnership Project (3GPP) 5G NR stack [21] of the 5G base station, namely Next-
generation NodeB (gNB). These layers take care of several functionalities, ranging
from very L-PHY level functionality, e.g., (de-)modulation and encoding/decoding,
to radio resource scheduling to User Equipments (UEs). These layers, up to Radio
link Control (RLC), are part of the O-RAN Distributed Unit (O-DU). O-DU is
complemented by the O-RAN Remote Unit (O-RU) and O-RAN Centralized Unit (O-CU)
that provide low-level baseband processing (e.g., FFT/IFFT) and higher-level (e.g., IP
segmentation/concatenation) services to the O-DU, respectively.

The gNB manages the available amount of bandwidth. 3GPP has designated two
Frequency Ranges (FRs), namely FR1 and FR2, dedicated for sub-6 GHz and above 6
GHz deployments respectively. FR1’s bandwidth ranges from 5 to 100 MHz, while FR2’s
range is between 50 and 400 MHz. gNB’s PHY and MAC layer make decisions and process
date on every slot, that is the minimum time unit of operation. Slot duration in 5G is 27#

ms, and varies depending on the numerology used p € {0,1,2} for FR1 and p € {3,4}

11



12 Background

for FR2. Each slot occupies up to 12 or 14 symbols with a duration of 27# - 66.67 us. u
slots comprise a subframe and 10 subrames comprise a system frame.

Depending on the available bandwidth and numerology, there is a maximum number of
Physical Resource Blocks (PRBs). One PRB encompasses 12 subcarriers of bandwidth 2#-
15 KHz each. 5G NR uses the Orthogonal Frequency-Division Multiple Access (OFDMA)
scheme for data transmission, encoding data allocated to a UE into a portion of these
PRBs.

The Modulation Coding Scheme (MCS) index captures the number of bits that will
be encoded in each transmitted symbol as well as the coding rate. The coding rate affects
the number of parity bits, extra bits appended to the original message in order to decode
the erroneous bits at the receiver side. For 5G NR, 3GPP defines a set of MCS indexes,
ranging from the lowest QPSK capable of carrying 2 bits/symbol, up to 256-QAM that
can carry 8 bits/symbol. Combined with MIMO techniques, these MCSs provide the
Gbps data rates obtained by 5G. The MCS that will be used by the UEs depends on the
estimated channel conditions, which are upper bounded by Shannon’s law.

Overall, the system consists of gNBs that provide communication capabilities to UEs.
The UEs communicate with the gNB to transmit their information, according to the radio
resource scheduling policies defined by the gNB. These policies are effectively translated
into a set of transmission parameters, such as the number of PRBs, MCS, number of
transmission layers etc.

According to the 3GPP 5G NR specification [22], each Uplink (UL) frame transmission
is associated with one Hybrid Automatic Repeat Request (HARQ) process, which can
handle up to two transmissions at a time. When the UE requests to send data, the
gNB assigns a HARQ process as responsible for managing the whole data transmission
lifecycle. The gNB issues a scheduling grant using Downlink Control Information (DCT)
in the Physical Downlink Control Channel (PDCCH). After the UL frame reception
within the Physical Uplink Shared Channel (PUSCH) by the L-PHY, a PHY-thread
starts processing and directs it to the H-PHY layer containing several processing modules,
i.e., channel estimator, equalizer, demodulator, decoder etc. In Sec. 2.1.1.3, the role
of the PHY-thread is further described. The H-PHY will start sequentially decoding
the UL frame of each user and will inform the corresponding HARQ process about the
ACK/NACK of the UL-transmitted Transport Block (TB). In the case of ACK, the UE
can use this HARQ process for a new transmission. In the case of NACK, the HARQ
process will direct the UE to retransmit the TB using a different redundancy version, i.e.,
a different set of systematic and redundant bits, that will be combined with the previous
transmission to increase the probability of successful decoding.

However, all the tasks that are related to UL frame processing (at the PHY layer)
have to be completed before the DL frame, containing the ACK/NACK, is scheduled to
be sent. The ACK/NACK is contained in the PDCCH, located in the first symbols of the
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Figure 2.1: Uplink Processing Pipeline in 5G NR. The received UL frame is directed to the
H-PHY, which processes the users’ TBs. i) Low capacity/highly congested CPUs: Total
processing time exceeds the deadline, and the ACK/NACK is not integrated into the DL
frame in time, incurring users’ desynchronization. i) High capacity/low congested CPUs:
Processing tasks end before the deadline,e and the information regarding ACK/NACK is
packed in the PDCCH of the DL Frame, maintaining connectivity.

DL frame, while the rest symbols transmit the downlink data in the Physical Downlink
Shared Channel (PDSCH). While in 4G ACK/NACK had a dedicated field, it is implicit
in 5G — it comes via scheduling grants within DCI fields of PDCCH. This introduces
a hard deadline for the completion of the processing tasks (that are by far the most
computationally expensive of the full protocol stack [23-26]). In 5G NR, this deadline
is configurable and let it be equal to J — 1 slots. That is, the frame processing result
has to be ready before the ACK/NACK transmission that will take place in the J-th
Transmission Time Interval (TTI) after the reception of the original frame. In 5G NR,
the value J is programmable, but the default values for the TTI length (i.e., 1 ms) and
J (i.e., 4 ms [8]) impose a deadline of 3 ms to complete demodulation, rate dematching,
and decoding operations [23]. In Fig. 2.1, the UL frame processing procedure is depicted
under two scenarios; i) CPUs that are congested with third-party external tasks (also
referred to as low capacity CPUs), for which processing deadline violations, and thus user
desynchronization, occur and i) uncongested CPUs (i.e., with high available capacity),
where the frame can be processed within the deadline, and the ACK/NACK can be
transmitted within the deadline.

A deadline violation has critical consequences on the vRAN operation, with sudden
drops in the achieved performance [25], and it must be avoided by properly configuring
the required computing resources. However, this is not an easy task in vRANs, where
computing resources are dynamically orchestrated. Only with very high overprovisioning,

which may lead to severely unsustainable systems [27], statistical guarantees of avoiding
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computing resource shortages are obtained.

This is needed because the usage of shared, cloud computing platforms introduces
the so-called noisy neighbor problem [28]: Let different processes, e.g., different parts of
the implementation of a vRAN system running on the same platform, share a computing
platform. In this case, there may be capacity oscillations due to competing processes,
which may lead the elapsed time for the completion of the task to exceed the target
deadline.

Observe that vRANs are extremely fragile systems when dealing with computing
capacity oscillation: Missing the deadline, even for just milliseconds, can cause the UE
to completely lose synchronization, and hence the associated data flow [25]. This would
cause additional congestion, as the same packets would need to be sent again. One of
the most critical blocks in the uplink processing pipeline is the LDPC decoder [8,25,29],

whose overview is given below.

2.1.1 LDPC Codes

An LDPC [30] code is a binary linear FEC code that is characterized by a sparse
generator matrix G € {0,1}**" and parity-check matrix H € {0,1}"*", where k, n is
the number of message and codeword bits respectively, and m is the row count of H.
A codeword ¢ is valid if and only if it satisfies H - ¢! = 0 in the binary domain, or
equivalently, h; - ¢7 = 0, also known as check constraints, where h; with i=1,...,m is the
row vector i of H. A (dy,d.)-regular LDPC code involves exactly d. codeword bits in each
constraint, while each codeword bit is present in d, constraints. I denote by (d,,d.,n)
the (dy, d.)-regular LDPC code of length n. An LDPC code can be visually represented
by the Tanner graph [31], a bipartite graph consisting of two sets of nodes: check nodes
and variable nodes. Check nodes are the rows of the parity-check matrix, i.e., match the

constraints, while the variable nodes represent columns, i.e., the codeword bits.

2.1.1.1 Encoding

The code design eventually yields a parity check matrix H, with properties that assure
the code’s error correction capabilities. Converting the matrix H into a generator matrix
G assumes that H is a full-rank matrix, and if not, Gaussian elimination method needs

to be performed first.

1. Convert H into a systematic form: H = [P|I,,], where P is an m x (n — m)

matrix and [, is the m x m identity matrix.

2. Construct the generator Matix: G = [I;,|PT], where P is the transpose of the

matrix P.
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Given an original message a of k bits and the generator matrix G, a codeword is given
as ¢ = aG. The codewords generated by G satisfy the parity check conditions, and it

must hold HGT = 0, confirming G generates valid codewords for H.

2.1.1.2 Decoding

The LDPC maximum likelihood (ML) decoder outputs the codeword z € C that
maximizes the a-posteriori probability P(x|y), where C is the valid codeword set and vy is

the received channel value vector. Expressing this mathematically, it is

& = argmax P(zly). (2.1)
zeC
Since the cardinality of C grows exponentially with k, exhaustive search is not viable
for practical applications. Instead, different efficient algorithms have been proposed to
solve (2.1).

Belief Propagation (BP) [32] is a heuristic algorithm that attempts to solve the
decoding problem via iterative message passing between the check and variable nodes
of the Tanner graph. The messages improve the extrinsic information that is received in
one variable node from the rest of the variable nodes, which eventually strengthens the
belief of a certain bit being 0 or 1. The input of the algorithm is the Log-Likelihood
Ratio (LLR) vector: LLR; = log%, where Pr(b; = kly), k €{0,1},i=0.n—11s
the probability for bit b; = k given received vector y. The calculation of LLR; depends on
the modulation scheme used and the noise variance of the channel. The algorithm ends
when H - &' = 0 or a maximum number of iterations is reached.

I now describe the BP algorithm. Let the set of check nodes connected to bit node n
as M(n) and the set of bit nodes connected to check node m as N'(m). Also, denote the
message from check node m to variable node n as Z,,,, and the variable n to check node

m message as Ly,,. The BP decoding algorithm comprises the following steps [32]:

1. Check to variable message update: For each m:
Lym = 2tanh™" (Tyenr(my\n (tanh(Z52))

2. Variable to check message update: For each n:

3. Belief update For each n:
LLR, := LLR, + Em,eM(n)(an/)

4. Hard decision: The candidate codeword ¢ = [¢g, ¢1, ..., ¢n—1] is derived, setting
¢; =1if LLR; <0 else 0. The decoding exits if H - ¢T' = 0 or a maximum number

of iterations is reached. If not, the algorithm proceeds to the next iteration in Step 1.
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Different variations of BP have been studied to simplify the computationally expensive
Step 1,e.g., Min-sum BP [33], or to speed up the algorithm’s convergence, e.g., Layered
BP [34].

2.1.1.3 Decoding in vRAN

In a 3GPP PHY pipeline, a new decoding task takes place at every slot where UL user
transmissions are instructed. Decoding tasks translate the modulated and encoded digital
symbols that are received in the PUSCH, which carries UL data, into bytes associated
with each UE that are delivered to the higher layer of the gNB stack.

After demodulating the symbols and performing other channel equalization
procedures, each bit belonging to the original transmitted codeword is decoded using
an iterative procedure. During this process, each bit ¢ is represented as a value LLR;
in the range (—o0o...+ 00), carrying the log-likelihood ratio of the i-th bit being either
a 0 ora l. As described in Sec. 2.1.1, the decoder algorithm loops across all the LLR
vector items LLR; until the parity check is successful or a maximum number of iterations
is reached.

An LDPC decoder instance is present in every PHY layer thread (namely, DSP worker
in Fig. 2.1) that handles UL frame processing in each slot. Since the entire UL processing
pipeline can typically take longer than a single slot, multiple threads are deployed to
ensure that UL frames in consecutive TTIs can be served without delay. As a point
of reference, the open-source 4G/5G RAN implementation srsRAN [35] deploys 3 PHY-
layer threads by default. If an UL frame is received and all threads are occupied, the
UL pipeline pauses until a thread becomes available. Furthermore, if multiple users are
scheduled in a slot, the decoder of the respective PHY thread processes their transport
block sequentially, after which the UL pipeline resumes. As a result, if the decoding time
exceeds the deadline, the connected users will become desynchronized from the network

and experience a degradation in the quality of service.

2.1.2 MAC Scheduler

The Radio Resource Scheduler is a component of the MAC layer in the O-DU that
performs, among other tasks, the following three functions: 7) selecting which users are
allowed to transmit, i) allocating PRBs, and #ii) choosing the MCS for the selected users.
The UL radio resource scheduling is performed by a centralized agent in the gNB, e.g.,
the network operator, and consists of deciding the user granted data for the UL channel
at every slot, or TTI. Periodically, each user sends a Buffer State Report (BSR) to the
gNB containing the user’s UL demand, i.e., the size (in bytes) of the total data pending
in the UE’s stack. Then, the gNB schedules the user transmission and answers with a

uplink transmission grant. The grant DCI contains many fields, among which are: (i)
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Figure 2.2: Interaction of Physical and Digital Twins in a service provider context.

the number of PRBs, and (i) the MCS index that the user must use. The choice of
the granted user and the selection of PRBs and MCS depend on the specific controller
algorithm implemented by the gNB, which uses information such as the user’s data size
or their channel conditions, e.g., their Signal-to-Noise Ratio (SNR), that would limit the
communication.

The selection of MCS and PRBs eventually leads to a given amount of data that can
be transmitted by a UE, i.e., TB, whose Transport Block Size (TBS), accounts for the
user data, the size of the extra information such as Cyclic Redundancy Check (CRC),
and filler bits. Given the discrete number of PRBs and MCS, the possible values of TBS

can be found using a simple deterministic procedure [36].

2.1.3 Digital Twin in 5G

Digital Twins are expected to increase operational efficiency due to their ability to
create virtual representations of real physical objects and processes, known as Cyber
Physical Systems (CPSs). CPSs consist [37,38] of (i) a physical space that captures the
physical object or entity, also called Physical Twin (PT), (i) a virtual space that captures
a cyber representation of the physical twin, also called Digital Twin (DT), and (ii¢) a link
that is used for communication between the physical and the virtual spaces. This link
enables updates to the virtual model when a change occurs in the real object. This link
between the real and the virtual space constitutes the main difference between CPSs and
traditional models for predicting entities’ behavior in the physical world.

The use of DTs is a key technology for 5G and beyond mobile networks, as they will
revolutionize the way network automation is performed. Fig. 2.2 depicts the integration
of DTs in a communications provider setting, where DTs coexist with physical objects
and reflect their behavior by continuous adaptation to new data. DTs can directly apply
network reconfigurations or suggest new ones to the network operator. Similarly, this

approach can be applied to the interface between network operators and service providers,
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Figure 2.3: Machine Reasoning in network management and orchestration.

allowing the latter to test a service without even having to field-trial it.

DTs can use a variety of methods, from traditional statistical and analytical models
to data-driven techniques such as machine learning algorithms. Compared to traditional
network simulators, DTs have the advantage of being linked and real-time synchronized
with the physical twins they represent. ML techniques can leverage this link to accurately
model the physical object’s behavior by observing its historical and current data. The use
of such methods to build DTs will result in the development of native-Al 6G networks,
which can iterate faster and automatically adapt to changes in the underlying physical
system by substituting digital with physical components.

When the real system faces states that it had not encountered before, a distribution
shift takes place. In such a case, DT's leverage data provided by the PTs and adjust their
internal model accordingly. This procedure relies on the link between the PT and the DT,
called data adaptation. Along with real-time data collection, data adaptation captures the
actual mobile network status and accurately models the physical twin’s behavior. When
the DT’s internal model captures the physical twin with enough accuracy, the DT may

request a resource reconfiguration at the physical twin to make it operate more efficiently.

2.1.4 Al in 5G

For the zero-touch networking, promoted by the Zero-touch Network and Service
Management (ZSM) [39], it is critical that networking components across different
domains (e.g., RAN, 5GC, transport) operate autonomously. This integration will create
control loops, harvesting huge amounts of data, and intelligent algorithms orchestrating
the networks without human supervision. The presence of AI/ML is considered imperative
in order to efficiently manage the mobile network’s critical resources. Such application
of AT in mobile networks is the radio resource scheduling at the MAC level, where Al
algorithms replace the traditional control algorithms (e.g., round-robin, proportional fair).
This extra layer introduces additional complexity and new issues, such as the explainability
of the decisions made.

The introduction of explainable intelligence [40] has helped to demystify the
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traditionally opaque, closed-box nature of AI/ML models, enabling network operators to
better interpret and understand the rationale behind algorithmic decisions [41]. Building
on this foundation, the concept of Machine Reasoning (MR) has recently emerged [42],
aiming to emulate human analytical reasoning by generating decisions based on the
outcomes produced by intelligent algorithms.

Although the idea of reasoning atop intelligent systems dates back years [43], recent
advancements in computing have made it feasible to implement such reasoning techniques
in practice for managing network intelligence. An illustrative example of MR applied
within the mobile networking context is shown in Fig. 2.3. Here, by interpreting
the outputs of an AI/ML module, an MR component embedded within the network
orchestrator can infer the underlying causes of specific decisions-such as resource scarcity-
and subsequently trigger additional actions, such as re-orchestration, to adapt the system

accordingly.

2.2 Quantum Computing

Quantum computers are emerging as an alternative baseband signal processing
platform because of their ability to solve complex combinatorial problems, inherently
existing in the lower layers of the mobile networking stack (e.g., MIMO, FEC, channel
estimation). Followingly, there is a brief introduction to QAs before analyzing the power

benefits of running certain mobile station tasks on Quantum computers.

2.2.1 Quantum Annealers

Quantum annealing [44] is a Quantum computing approach designed to solve
optimization problems by finding the global minimum of a given function. It harnesses
Quantum phenomena occurring in specialized superconducting loops at extremely
low temperatures near absolute zero, including qubit superposition, tunneling, and
entanglement. This process is carried out by a Quantum annealing machine, known
as Quantum Annealer (QA), which shares conceptual similarities with the Simulated
Annealer (SA), a metaheuristic that can be coded and executed on a classical processor.
The QA system is configured such that its lowest energy state coincides with the solution
to the problem under consideration. Both techniques start with a high-energy state and
seek lower-energy states by cooling the system. During the high-temperature annealing
phase, the system explores various possible solutions to avoid getting stuck in local
minima. As temperature decreases, the system moves to lower energy states, lowering the
probability of escaping them and ultimately seeking the global optimum.

Quantum annealing, like simulated annealing [45], is suitable for solving objective
functions formulated as  Quadratic Unconstrained Binary Optimization (QUBO)

problems [46]. A QUBO model aims to find the vector of binary variables that minimizes
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an objective function with polynomial factors up to quadratic terms. Formally

E(z) =Y hizi+ Y Jjzij, (2.2)
i i<j

where x = z; for i = 1,2,...,n is the vector are binary decision variables, h; is the linear

term of x;, and J;; denotes the quadratic term between variables z; and z;.

The basic unit of Quantum information is the qubit, analogous to the bit in classical
computing. Unlike bits, which can only represent a definitive state of 0 or 1, qubits
can be in a superposition of states, representing multiple values simultaneously due to
the principles of Quantum mechanics. This unique characteristic allows QA to tackle
complex optimization problems with an approach that goes beyond classical methods.
Qubits must be connected to create entanglement. This is achieved through couplers,
which are essentially superconducting loops. When QA is programmed to solve a QUBO,
the bias of a qubit g; is set to h;, and the strength of the coupler between ¢; and g; is set
to Jij.

In the context of QA, qubits are used to encode potential solutions to optimization
problems. In the annealing process, the qubits are initially placed in the superposition
state, with an equal probability of being either in the 0 or 1 state. While the annealing
process evolves, the Quantum phenomena of tunneling and entanglement take place in
this low-temperature environment, with the system converging slowly to a minimum of
the QUBO model, which can be either a local or a global one. At the end of the anneal,
each qubit has a classical state of 0 or 1 and is the solution to the QUBO problem.

When moving from a simulated annealing environment to a real-world Quantum
processor, after the QUBO is formulated, it must be correctly programmed on the QPU
before initiating the annealing process. To achieve this, each logical variable is mapped
to a qubit, while the interactions between variables are mapped to couplers, the circuits
that interconnect the qubits. The QUBO linear and quadratic terms set the qubit biases
and coupler strengths, respectively. This process is called embedding.

In an ideal, fully connected QPU, each logical variable could be mapped to any qubit.
QPUs are continually improving in terms of qubit connectivity; for instance, the qubit out-
degree grew from 6 in Chimera to 15 in Pegasus and 20 in Zephyr [47]. Yet, the resulting
QPU graphs are still sparsely connected due to the inherently technical complexity of
providing complex qubit fabrics. Consequently, having only one-to-one mapping between
a variable in the QUBO formulation and a qubit is impossible, and chains must be created.

Chains are sets of qubits that represent a single logical variable, ensuring the proper
representation of the interactions in the initial QUBO. That is, neighboring variables in
the QUBO formulation must also be so in the QPU, either directly or through a chain.
When the QA process terminates, the state of the logical variable is determined by the

majority vote of its chain’s qubits’ classical states. Intuitively, longer chains introduce
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Figure 2.4: Embedding visualization of source graph S to Chimera, Pegasus and Zephyr
target graph T'. Red, blue, and green show the logical variables in .S and occupied qubits
in T, the edges of the source QUBO and the edges of the formatted chains, respectively.

larger sources of error in the annealing process, as more qubits and couplers (along with
their inherent noise) must be used to solve the problem. In Fig. 2.4, I illustrate the
embedding for the three different D-Wave target QPU architectures; in red, I denote the
variables in the source graph S and the qubits in the target graph T', in green, I denote the
couplers used for formatting chains, and in blue, the couplers as imposed by the original
QUBO quadratic interactions. The top row depicts the original QUBO relations, while
the bottom row depicts the embedding of the source QUBO onto the target graph.

The process of formatting chains to map a source graph S (i.e., a QUBO graph in this
case) to a target graph T (i.e., the QPU graph) can be formulated as a minor extraction
problem. In graph theory, S is a minor of T if S can be obtained by deleting edges
and vertices or by contracting edges in 7. Minor extraction is, in general, an NP-hard
problem [48]. MinorMiner (MM) [49-51] is an iterative heuristic algorithm that solves the
dual problem, determining which set of vertices (chain) in 7" corresponds to each vertex
in S by taking into account the chain length of each source vertex. Once this mapping
is obtained, the QUBO can be executed on the QPU, as the qubits and couplers can be
programmed appropriately. In Fig. 2.4, I illustrate the embedding process with the green

lines representing the chain links.
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2.2.2 Quantum RAN Power Analysis

Performing wireless tasks such as FEC decoding in a Quantum computer has the
potential to substantially impact the overall energy consumption footprint of the mobile
network when compared with the traditional conventional-based computing systems.
Google’s Sycamore Quantum computer reportedly has a power consumption of 15 kW [18],
primarily attributed to its refrigeration and cooling unit (10 kW) and classical electronics
(5 kW). D-Wave’s Advantage system reports a maximum power consumption of 25 kW,
with cooling accounting for 15 kW [19].

Consequently, cooling is the primary source of the power consumption in Quantum
systems [52], yet it is not expected to scale with the number of contained qubits [18,52].
In contrast, conventional 5G base stations consume between 35 and 250 kW [17],
depending on factors such as MIMO degree, number of receive antennas, and transmission
bandwidth. These figures are significantly higher than those expected for Quantum
systems, indicating the potential for substantial energy and Operating Expense (OpEx)
reductions of up to 1,500% that can be attained by deploying Quantum processors for
RAN.

2.3 Related Work

This section reviews key contributions from the literature on experimental wireless
research platforms and strategies for optimizing the baseband signal processing pipeline.
The focus is on approaches leveraging AI/ML for scheduling, CPU-aware design in
vRANSs, mobile networking software, and quantum baseband processing. Each subsection
highlights limitations in the literature and explicitly maps them to the contributions of
this thesis.

2.3.1 Mobile Networking Software

The rapid, easy, and cost-efficient deployment of end-to-end mobile networks using
open source software has been studied in various works, and different implementations
have been published mostly for large deployments. Works such as [53] and [54] leverage
on the Open Air Interface (OAI) [55] as the RAN solution, using a hardware-based radio
interface (i.e., USRPs) as the front-end, thus preventing the evaluation of more complex
channel conditions and mobility scenarios (note that channel emulation is available with
the latest version of OAI). Additionally, the core network is provided and orchestrated
as a single container without management capabilities at NF granularity and without
providing control and user plane separation. In [56], certain extensions are proposed in
Kubernetes resources’ specification to support NFV loads.

In general, the experimental work in this field focuses on the RAN component.
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For example, large-scale radio testbeds like Colosseum [57] have less focus on the core
part, which is a fundamental aspect when testing end-to-end solutions. In Chapter 3, I
demonstrate the design and management of an end-to-end cloud-native mobile network
using open-source software that I used as a testbed for chapters 4 and 5. At the time
this work was carried out, there had been no open source effort for cloud-native end-to-
end mobile network stack emulation, exclusively conventional hosts, and no RF hardware

front-end, which would be ideal for small experimental deployments for research purposes.

2.3.2 AI/ML MAC Scheduling

ML, particularly Deep Reinforcement Learning (DRL), has emerged as a promising
method to address the complex, dynamic nature of MAC scheduling. These methods are
especially appealing due to their ability to learn efficient policies in fast-changing wireless
environments.

In [58], an actor-critic reinforcement learning agent is proposed to dynamically select
the most suitable scheduling algorithm among several candidates, aiming to maximize
overall QoS. The state representation includes factors such as the number of active users,
packet arrival rates, Channel Quality Indicators (CQIs), and user-specific QoS metrics.
The reward function quantifies the impact of scheduling decisions on meeting user QoS
objectives.

Naparstek and Cohen [59] present a lightweight DRL algorithm tailored to the multi-
user spectrum access problem. Each user independently selects a transmission channel at
each time slot and receives an acknowledgment if the transmission succeeds. The state
is defined by the history of selected channels and received observations, while the reward
reflects the achievable throughput.

In [60], DRL is used to coordinate time-sharing between WiFi and LTE users. The
proposed agent learns to select a time-splitting point based on past channel feedback,
with the goal of allocating sufficient time to LTE users without violating WiFi throughput
constraints. Although these works aim to enhance throughput and fairness, they generally
overlook real-time processing deadlines and the challenges of operating within shared,
resource-constrained vRAN infrastructures. On the contrary, ATHENA, as described in
Chapters 4 and 5, is inherently built to consider the real-time nature of the vRAN system

according to the instantaneous available CPU resources.

2.3.3 CPU-Aware RAN

On the CPU-aware scheduling front, Bhaumik et al. [26] investigated the
computational resource demands of vVRAN functions using a real-world testbed. However,
their study did not account for the influence of user context or per-user scheduling

decisions on computational load.
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Subsequent works, such as [61] and [62], proposed analytical models to estimate
computational load based on factors like SNR and MCS. Nevertheless, these models were
not validated experimentally and may require adaptation to different hardware platforms.
This limitation highlights the need for model-free approaches that can be directly deployed
and validated on practical systems.

The architecture proposed in [63], vrain, tackles this challenge by jointly controlling
CPU quota and MCS to optimize QoS, particularly by minimizing decoding error
probability and buffer occupancy under resource constraints. Their contextual bandit
formulation uses channel statistics and internal vRAN feedback (e.g., from the LDPC
decoder) to select MCS and PRB allocations. While evaluated on a real testbed, the
system operates at coarse time granularity (seconds), which fails to capture rapid context
changes in highly dynamic scenarios such as high-mobility users.

BigStation [29] introduced a distributed architecture for multi-user MIMO uplink
processing, spanning FFT to decoding across multiple low-cost servers. The system
reduced latency through a pipelined design, but was limited to small-scale MIMO
scenarios (e.g., 4G), due to resource constraints.

Agora [24] demonstrated a software-based approach for massive MIMO baseband
processing on a single multi-core server, forgoing external hardware acceleration. Unlike
BigStation, Agora employed data parallelism within a single frame rather than across
frames, aligning well with modern high-core-count servers. However, this approach
assumes access to high-end infrastructure and does not support resource sharing with
third-party applications. Savannah [64] builds on top of Agora by modifying the SIMD
operations in the channel precoder estimation and equalization stages, and by integrating
ACC100, an ASIC approach for LDPC decoding. As an extension of Agora, it inherits
the same limitations.

Hydra [65] builds on these efforts by minimizing inter- and intra-server communication
overhead. It exploits channel similarity across adjacent subcarriers to reduce
computational duplication. However, Hydra does not integrate MAC-layer scheduling
into its architecture, nor does it consider the variable computational cost that arises
from dynamic scheduling decisions. Furthermore, its design is tailored for distributed
deployments, contrasting with the goals of infrastructure consolidation and cost sharing.
Besides, all four BigStation, Agora, Savannah, and Hydra are not 3GPP-compliant but
rather rely on a custom implementation of the physical low-level interface.

Nuberu [25], in contrast to previous work, builds upon open-source software and
is validated on a real-world testbed. The authors redesign the uplink processing
pipeline and associated MAC retransmission procedures to ensure sufficient headroom
before the deadline hits. Additionally, they modify the MAC-layer retransmission
mechanism to enable early discarding of potentially faulty transport blocks, thereby

improving efficiency. However, their solution requires a complete reimplementation of
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the physical layer processing pipeline and is tightly coupled with a specific software stack,
namely srsRAN [66]. This strong dependency on a particular implementation limits its
generalizability and may hinder adoption by network operators and telecommunications
vendors who rely on diverse, proprietary solutions. Finally, CloudRIC [8] introduces an
RL-based MAC scheduler that distributes LDPC decoding tasks between CPU and GPU
resources by controlling the number of PRBs requested by users. However, the authors
focus solely on the interaction between the MAC layer and the LDPC decoder, employing
a custom physical layer that accepts LLRs as input to the decoder. CloudRIC is not fully
integrated with a 3GPP-compliant RAN stack, such as srsRAN, and therefore overlooks
potential challenges associated with such integration. ATHENA, on the other hand, is fully
integrated with the 3GPP-compliant srsRAN stack, offering a deployment option that is

closer to real-world scenarios.

2.3.4 Quantum Baseband Processing

Seminal studies have already started exploring applications of Quantum computing to
baseband processing. Proposals like IoT-ResQ [67], X-ResQ [68], and QuAMax [69] tackle
the problem of MIMO detection using QA, whereas HyPD [70] considers Quantum for
polar code decoding.

As far as the decoding of actual LDPC codes is concerned, QBP [16] was, to date,
the first and only solution in the literature. While QBP matches the LDPC code design
to the existing Quantum architecture to favor the implementability of the solution,
the derived code significantly underperforms existing codes from the literature, such as
Gallager [30], yielding an overall lower wireless performance. Additionally, QBP’s problem
formulation, which also includes prior hyperparameter tuning depending on SNR, lacks
formal guarantees that the minimum energy solution is the maximum likelihood solution
of the fundamental decoding problem. QBP is the main baseline of the work in Chapter 6,
where further insights will be given.

Further variants of QBP have focused on complementary aspects. In [71], the
authors post-process the Quantum computer results by discarding invalid codewords and
identifying the one closest to the received vector. The study in [72] evaluates different
post-processing techniques, including the minimum energy solution or the solution with
the highest frequency. In contrast, the authors in [73] consider the effects of the Rayleigh
channel, unlike the Additive White Gaussian Noise (AWGN) channel, which was used
in previous works. However, all works in [71-73] do not address the fundamental
limitations in QBP and share the same weaknesses highlighted above, that is, they employ
an underperforming problem formulation for FEC decoding and utilize the same code
design algorithm. In Chapter 6, I detail significant improvements that I achieved in that
regard, demonstrating superior performance to QBP.

Table 2.1 summarizes the aforementioned related works, highlighting their conceptual
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limitations or gaps, and maps them to the three main contributions of this thesis.

Related Work Limitations / Gaps Thesis
Contributions
[53,54,56,57] No small-scale, end-to-end End-to-end

cloud-native network stack

cloud-native mobile
network testbed using
software RF front-ends
running on commercial
laptops/hardware
(Chapter 3)

[8,24-26, 29, 53—65]

Real-time deadlines and dynamic
vRAN CPU resource allocation are
overlooked. Coarse granularity,
lack of experimental validation
with a 3GPP-compliant software
stack

CPU-aware,
deadline-conscious
MAC scheduling
validated on end-to-end
cloud-native
3GPP-compliant
testbed (Chapters 4, 5)

[16,67-73]

Underperforming quantum LDPC
decoders, formulation not
providing the optimal solution

Quantum-compatible
LDPC decoding
framework with
improved performance
(Chapter 6)

Table 2.1: Mapping of related work and its limitations to the thesis contributions.
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Minor changes in structure and notation have been made to improve readability

and consistency within this thesis.

The softwarization of mobile NF's allows network operators to reduce their operational
expenditure by using open software and also enables researchers and practitioners
to experiment with new network functionalities. This software-driven transition is
being accelerated with the introduction of cloud-native architectures [74], which greatly
increases the flexibility and scalability of the software. In what follows, I detail the
different components of the cloud-native mobile network design, several of them chosen
among the set of open-source solutions that have become available during the last few
years. I review every component of the cloud-native RAN and core design, which will

serve as a reference architecture for Chapter 4.

3.1 Cloud-Native Core and RAN Design

The different components of the design are illustrated in Fig. 3.1. For orchestration,
Kubernetes is the most prominent, open-source system for deploying and managing
containerized applications. For the core network implementation, OpenbGs is selected
due to its adaptability to the cloud native paradigm. For the UE and the RAN,
srsRAN provides a full mobile network stack implementation, completely open-source.

Furthermore, the srsRAN community is very active, and its contributors keep intensively
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Figure 3.1: The solutions that build the end-to-end cloud-native architecture.

improving the product to keep up with the latest 3GPP standards. To simplify the
deployment and support repeatability, I developed a simple channel emulator, which
enables deploying a fully programmable end-to-end network without requiring expensive
hardware. Finally, I chose Prometheus, one of the monitoring solutions promoted by
the Cloud Native Computing Foundation (CNCF) [75], as the monitoring framework to

collect the status of the whole system. In what follows, I detail these components.

3.1.1 Management and Orchestration

Kubernetes (also known as k8s) is a container orchestration platform, widely adopted
in the cloud computing domain for more than five years. A typical cloud native application
consists of a set of container images (e.g., Docker images) that are deployed and managed
by Kubernetes, using configuration files that describe the functionality and the services
they provide. The minimum deployment unit on Kubernetes is the pod, which may contain
more than one container, while the intercommunication between pods and the outside
world is achieved using different types of services. Its scaling and redundancy capabilities
have already been demonstrated in production environments, and it is envisioned that
telco operators will rely on Kubernetes for next-generation networks, motivated by the
need to make more efficient use of the heterogeneous virtualized infrastructure (which
spans over central and edge data centers). To manage the additional management
complexity, a huge ecosystem of open source projects that extend the possible operational
tasks has been created under the umbrella of the CNCF.

3.1.2 Core Network

OpenbGs is a very popular open-source implementation of a mobile network core.

Written in C, it stands as a reference among researchers and mobile telecommunications
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Figure 3.2: Core and RAN Infrastructure setup. The physical layer hosts the
infrastructure supporting both the core and RAN functionalities. The virtual layer
runs virtual machines for the control- and user-plane network functions. The software
layer includes the Kubernetes control-plane Pods (K8S C-Plane Pods), Prometheus Pods,
Open5GS Pods (encompassing both 5GC control- and user-plane components), and the
srsENB Docker containers.

practitioners for experimentation and future enhancements. It contains the most
important components of the 5GC and 4G Evolved Packet Core (EPC) with Control-User
Plane Separation (CUPS) [76], meaning it can operate on both 5G Non-Standalone (NSA)
and Standalone (SA) modes, as it can serve both 4G E-UTRAN NodeB (eNB) and 5G
gNB. Its straightforward build procedure makes its deployment in small-scale private
networks very easy, while its modular architecture could be considered a natural candidate
for running it in microservices-based cloud-native environments powered by Kubernetes.
As illustrated in Fig. 3.2, Open5Gs control-plane and user-plane pods will be deployed

over the virtual infrastructure.

3.1.3 RAN

stsRAN [66], formerly srsLTE, is another open-source software framework, developed
by Software Radio Systems, that provides the functionality from the PHY up to RRC
layer for eNBs/gNBs, while also supporting 4G/5G UEs. It is written in C/C++,
and its configuration parameters cover a wide range of base station and UE possible
configurations. Regarding the RF interface, its contributors have developed drivers for
various commercial hardware RF frontends like USRP, Soapy SDR, and BladeRF.

Additionally, srsRAN provides a software RF-frontend based on ZeroMQ, an open-
source message queueing library written in C. When using this driver, the transmitted
time (post IFFT) samples between the UE and base station are transferred over various
transport methods, like inter-process communication or TCP sockets. Choosing this
driver avoids the need for high expertise in RF channel configuration and facilitates the

introduction of researchers who want to simulate a radio access network environment,
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but whose RF channel is not their main area of interest, or would be reluctant to invest
in actual hardware transceivers. As shown in Fig. 3.2, srsRAN was executed as Docker
containers on top of the bare-metal physical infrastructure. The eNB version of srsRAN
was selected to perform the handover experiments, described in Sec. 3.3, which were not
supported by srsRAN for the gNB. Next, I discuss how to take advantage of ZeroMQ to

implement a channel emulation model.

3.1.4 Channel Emulation

The use of ZeroM(@Q enables running the network in a fully softwareized way.
Furthermore, it enables the emulation of complex topologies via programming (e.g.,,
arbitrary complex topologies can be created by dynamically connecting endpoints, as
they do in large-scale emulators using hardware in the loop [57]). The main challenge
when emulating complex mobility scenarios relies on the handling of time samples directly,
e.g., sending low power symbols from the eNB to trigger a Handover Request from the
UE.

Following the srsRAN Documentation, GNU Radio Companion (GRC) was used,
which is another open source project for Software-defined Radio (SDR), and, among
others, contains modules for the ZeroMQ library. I coded in Python a GRC Broker,
located between the UE and the cells of the eNB(s) implementing the RF interface, as
illustrated in Fig. 3.3. This module intercepts the transmitted time samples and performs

operations on them to emulate the channel condition for the two traffic directions:

e In the downlink direction, to simulate the distance between the UE and the
cells, I made use of multiplier blocks followed by an adder. Multiplier blocks multiply
the time-domain cells’ transmitted samples with a constant gain value in the range
[0, 1], adjusting UE’s perception of the cells’ signal strength. The adder block simply
performs the superposition of the modified samples, as would be the case in the real

environment.

o In the uplink direction, I used a throttle block that re-transmits the 1/Q
symbols towards the cells of the eNB(s).

Leveraging this setup, I evaluated different mobility and load scenarios (discussed in
Section 3.3). Intercepting the time samples directly has been instrumental in performing

different SNR measurements in Chapter 4.

3.1.5 Monitoring

In order to have a consistent view of the mobile network’s current status in a unified

platform, I deployed the cloud-native version of Prometheus (kube-prometheus-stack) in
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Figure 3.3: The evaluated mobility and load scenarios between UEs and eNBs. The
UEs connect with the eNBs through the GRC Broker, that enables intra- or inter-eNB
handovers. The eNBs/gNBs connect to the Open5Gs.

the same Kubernetes cluster used for the Open5Gs. In this section, I describe the steps
taken to monitor both Core and RAN through Prometheus.

3.1.5.1 Core Network

When kube-prometheus-stack is deployed in a Kubernetes cluster, by default it installs
exporters in all the Kubernetes’s controller and worker nodes, which collect and expose
metrics like CPU usage, RAM, Networking status, and IOPS on different granularity
levels (node, pod, container). By exporting those metrics, the health of the virtual
infrastructure running the different core NFs is monitored, as depicted in Fig. 3.2. In
Fig. 3.2, the Kubernetes control-plane components are shown as K85 C-Plane Pods, while
the Open5GS control- and user-plane components are collectively labeled as Open5GS
Pods. Prometheus operator pods have set those exporters as targets and will start polling
them in fixed intervals using HTTP. Those metrics are directly accessible either through
the Prometheus WebUI or Grafana, a visualization tool, using PromQL, a functional

query language.

3.1.5.2 RAN

srsRAN produces an array of metrics for the lower layers of the networking stack, which
can be exported to the console or a text file. However, srsRAN does not have an agent
acting as a metrics exporter toward 3rd party software. Therefore, I modified the source
code of the srsENB in order to develop and integrate a new one into the final binary!.

The first step towards this direction was to integrate lighttpd project, a lightweight open-

'The code is available on https://github.com /kaposnick /srsLTE
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Figure 3.4: The network functions included in OpenbGs and srsRAN.

source HTTP server written in the C programming language. Then, I developed the
REST API through which the metrics, in key-value pair format, will be exported to the
Prometheus operator. Afterwards, I developed Kubernetes manifests which comprise a
pod, whose role is to proxy the HTTP requests received by the Prometheus operator,
towards the end srsENB process. Those manifests are deployed to the Kubernetes
cluster with the IP address of the srsENB as an input parameter. Last, facilitating
the discovery capabilities of Prometheus, a ServiceMonitor configuration resource was
deployed, which automatically discovers the 'proxy’ pods existing in the cluster and sets
them as Prometheus targets.

Thus, for every srsENB process instatiated, an auto-discovery service is performed
and, once it is completed a few seconds later, the eNB starts getting polled (or scraped,

using the Prometheus terminology).

3.2 Network Deployment

One of the main advantages of cloud-native solutions is their extreme flexibility,
thanks to the easy templating and parametrization of the software components. I used

Kubernetes manifests and Helm charts? to perform the mobile network configuration.

3.2.1 Kubernetes Manifests

To be able to manage very heterogeneous software components, Kubernetes needs to
abstract the specific parameters associated with them. To this aim, the so-called Manifests
are used to define the information model (i.e., the parameters associated with each
function) for each NF. Thus, I developed the Kubernetes resource files for each software
component in the network architecture. OpenbGs provides software implementing the
NFs for both EPC and 5GC under the same umbrella, as depicted in Fig. 3.4:

o Control-plane functions: MME, HSS, PCRF, SGW-C, PGW-C (for the EPC);
AMF, SMF, UDM, UDR, NRF, NSSF, AUSF, PCF, BSF (for the 5GC).

2Kubernetes manifests and Helm charts are available on https://github.com/kaposnick/k8s-openbgs
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o User-plane functions: SGW-U, PGW-U (for the EPC), and UPF (for the
5GC).

Hence, manifests include information such as the exposed ports, the internal
interconnections, and the software components to be deployed by Kubernetes. Each NF is
instantiated within the context of a StatefulSet controller, instead of a standalone Pod, so
that it is appropriately managed in case of termination. Additionally, to support realistic
use-case scenarios, where control plane and user plane NF's should be closely located but
in distinct nodes, I set the nodeSelector attribute to mobile-core:control for control
plane NFs and mobile-core:user for user plane NFs. This attribute is enforced by
Kubernetes at the scheduling stage.

For the inter-pod communication, I used the ClusterIP service type, so that the
corresponding service pods are accessible only within the Kubernetes cluster (preventing
external access), while for the interfaces exposed towards the RAN (i.e., SI-MME/N2 by
the MME/AMF, S1-U/N3 by the SGW-U/UPF) I used the LoadBalancer service type.
This type of service is used in cloud environments to enable the external connectivity
towards the cluster’s pods, and typically uses a load balancer at the frontier of the cloud
DC.

3.2.2 Helm Charts

The deployment stage of a cloud computing service (a mobile network core, in this

case) has proven to be prone enough to human errors for several reasons:

o A considerable amount of Kubernetes manifests (~ 3 manifests per NF) has to
be applied for every single iteration of an experiment. During the deprovisioning of
the service, the reverse procedure has to be executed, taking care to de-instantiate
all the NFs.

e A few manifest attributes have to be provided at the initial stage, as they
depend on the current state of the environment. Such attributes are the IP
addresses that must be accessible by the RAN. Statically defining them, such as
in a production environment like an operator’s Data Center (DC), is a solution
that limits the flexibility of the deployment in a local environment, as they depend
on the Network Interface Card (NIC) IPs, which are obtained through DHCP and
are renewed upon reboot. Those IPs are used for setting the LoadBalancer service
configuration as described above and the IP address that the UPF advertises to
the SMF (and consequently to the AMF and the gNB) when addressing a service

request.

Thus, as already done by major cloud computing services, Helm charts can automate

those configuration tasks by storing parameterized Kubernetes manifests along with a



34 Orchestration of Cloud-Native Mobile Networks

single configuration file (containing all the global parameters) in a centralized location
(this chart can be uploaded to an online registry for accessibility reasons, as for the case
of the Docker images). Then Helm automatically generates the equivalent Kubernetes
manifests and afterward provides them to the Kubernetes API server. This results in
a single command executed for (de)provisioning of the entire core network, thus greatly

improving the automation.

3.3 Experiments

The Kubernetes cluster consists of a KVM cloud platform using Ubuntu 18.04.6.
Ubuntu 20.04.1 LTS is the image of all the nodes of the cluster (one master and two
workers, as illustrated in Fig. 3.2), with Docker 20.10.8 as the container runtime, as
well as kubelet and kubectl. The control plane was set using the kubeadm utility and
Flannel as the Container Networking Interface (CNI). The NFs were connected to an
internal network for control plane and inter-pod communication, and NAT forwarding is
enabled for management purposes through SSH. The two worker nodes had an additional
network adapter of type Bridged Adapter attached to another Ethernet Adapter of the
host machine, exposing the N2 and N3 interfaces towards the gNB(s). The two worker
nodes were also annotated with the labels mobile-core:control and mobile-core:user,
which are taken into account during the deployment stage of the NFs. The RAN
(srsENB/srsUE) is set up using Docker in a commercial laptop with the 4 cores CPUs at
1.8 GHz and 16 GB of RAM. Each srsUE process runs in a separate networking namespace
in order to have distinct routing tables.

Below there two different scenarios to validate the adequate behavior of the developed
modules. For each considered scenario, the Open5Gs helm chart had to be deployed
from scratch to fully decommission software components from previous runs. Also, the
UDR database had to be populated with UE information for authentication purposes. At
each chart deployment, the core network reached a healthy state after about 2 minutes,
with several pods restarted due to unfulfilled interdependencies: for instance, the UDM
container has to wait for the UDR database container to start up; otherwise, it is restarted.
To check the end-to-end state of the core network, I access the Prometheus REST API
(which exposes the retrieved metrics, as discussed before). I then analyze the performance
of the system for the following scenarios. I remark that, in addition to these two scenarios,
the platform can be used for several other research activities, e.g., prototyping new
radio schedulers (as in Chapter 4), developing novel fine-grained orchestration algorithms
involving CPU pinning or thread-level quota, or building on the GRC broker for the

emulation of more complex scenarios variable.
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3.3.1 Dynamic NF orchestration

In this case, the objective is to stress the u-plane NFs, without disrupting UE’s
throughput. I first deployed one mobile network instance, consisting of one 5GC, and
one gNB with one associated UE, and configured the UE to run an iperf test towards
an iperf server connected to the UPF through the N6 interface. In Fig. 3.5, the amount
of CPU resources consumed by the different components via the Prometheus exporter is
measured. According to the results, the user plane function occupies most of the CPU,
while the rest of the NFs have an almost negligible footprint.

To illustrate the dynamic 5GC NF orchestration capabilities of the system, which may
be leveraged by e.g., Al algorithms (such as the one presented in Chapter 4 but in the
RAN part), in combination with the monitoring capabilities, I trigger the instantiation of
another network at approx. 1000 s, with a UE connected to the second 5G instance. In
real-world 5G deployments, dynamic instantiation of an additional 5GC instance becomes
necessary in scenarios involving rapid changes in network load, geographic distribution
of users, or service isolation requirements. By triggering the launch of a second 5GC
instance, I emulate such scenarios, validating the orchestration platform’s ability to scale
core components responsively.

While the instantiation of the second 5GC instance was triggered manually in this
scenario, it effectively simulates the dynamic behavior expected from an Al-driven or
policy-based orchestrator. The system architecture includes real-time monitoring via
Prometheus and data shippers, which could be leveraged to enable fully autonomous
decision-making based on NF load or performance metrics. Thus, this experiment
demonstrates the platform’s readiness for dynamic orchestration, even if the control loop
was not closed in this instance.

In this context, the performance level refers to maintaining stable throughput for
all UEs and avoiding performance degradation (e.g., throughput drops) as new network
instances are instantiated. During the experiment, I observed that the first UE’s
throughput remained unchanged, and the second UE maintained a stable data rate for
its entire session, indicating that service quality was preserved across both core instances.
According to these results, I demonstrate that this platform can be used to emulate e.g.,
horizontal scaling scenarios, where additional resources are added to guarantee a given
performance level.

As Fig. 3.5 illustrates, the instantiation of the second network causes a modest increase
in total CPU usage, peaking at around 18%. This value reflects the cumulative overhead of
both 5GC instances, where, as expected, the majority of CPU resources are consumed by
the user-plane UPF components. The remaining NFs, such as the AMF, SMF, and others,
exhibit minimal resource usage in comparison. This observation aligns with the expected
behavior of user-plane-heavy workloads, and underscores the importance of UPF-aware

orchestration policies in real deployments.
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core instances.

3.3.2 UE Mobility

In this section, I illustrate the ability of the deployment to emulate situations where
the UE performs handovers between different cells. By intercepting the transmitted
time samples, UE’s perceived SNR at the two base stations changes, which triggers the
handover mechanism. For this experiment, I relied on 4G connectivity, since the srsRAN
at the time these experiments were performed (i.e., 22.04) did not support handovers on
the 5G network.

I deployed a mobile network instance, with one EPC and two eNBs, where each eNB
generates two cells. I then deploy the UE, which is associated with the first cell. Like
in the previous case, each UE generates bi-directional iperf traffic towards a server, but
now connected to the PGW-U.

From the above scenario, I trigger the handover by taking advantage of the GRC
broker to emulate a change in the channel conditions, effectively changing the UE’s SNR.
More specifically, I program the GRC broker to emulate the movement of UE between
the two cells by judiciously changing the received power from the UE to each eNB (in
the uplink) and from the eNBs to the UE (in the downlink). This is done by modifying
the gains that multiply the samples from the eNBs, and throttling the samples from the
UE (see Fig. 3.3), achieving the effect of slowly moving away from one eNB and getting
closer to the other one. The inverse procedure is applied to emulate the movement back
to the previous cell, and the whole process is repeated indefinitely.

Fig. 3.6 depicts the resulting downlink (top) and uplink (bottom) throughput at
the MAC layer of the two eNBs. Firstly, it is worth noting the relatively small
throughput values, which are caused by the emulation of the channel that “enlarges”
the duration of the slots (thus decreasing the actual throughput). Secondly, the figure
clearly illustrates how the throughput moves between eNBs, where approximately only one
eNB is sending and receiving traffic at a time. While temporary drops in throughput can

be observed during handovers, the throughput returns to its previous level immediately
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after the handover completes. This behavior demonstrates that the testbed is capable
of reliably emulating handover scenarios. The significance of these transient throughput
drops depends on the specific service requirements. For example, in latency-sensitive
applications, such drops might trigger TCP timeouts or affect QoS. However, quantifying
the application-level impact of such fluctuations is beyond the scope of this work. Instead,
the focus here is on validating the functional correctness and flexibility of the handover
emulation, which serves as a solid foundation for developing and testing mobility-aware
orchestration mechanisms.

These results showcase the flexibility of the implementation of the GRC broker, which
can be used and extended to support more complex radio scenarios, and be used as
a sandbox for the development of mobility-triggered mechanisms (e.g., follow-the-load

orchestration) in a controlled environment, as shown in Chapter 4.

Summary

In this chapter, I presented the design and deployment of a fully cloud-native
mobile network, encompassing both the 5G Core and the RAN, running entirely on
COTS hardware and open-source software. The implementation combined Kubernetes
for orchestration, Open5GS for the core, srsSRAN for the RAN, and Prometheus for
monitoring, while using a lightweight channel emulator to remove the dependency on
proprietary RF front-ends.

The main conclusion is that cloud-native architectures can serve as a practical
foundation for end-to-end mobile networks without requiring specialized hardware. To the
best of my knowledge, at the time this work was carried out, this study represented the
first open-source and reproducible implementation of such a system, which I have made
publicly available. This contribution democratizes access to research on cloud-native
mobile networking, allowing practitioners and researchers to prototype, experiment, and
evaluate new ideas at low cost.

This testbed forms the basis for the following chapters 4 and 5, where I build on it

to investigate CPU-aware scheduling mechanisms in vRAN environments.
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and consistency within this thesis.

Despite the decoupling of the underlying networking infrastructure from the software-
based implementation in vRANSs, their operation still presents some fundamental
problems, such as the optimal interplay between the cloud infrastructure and the vRAN
software. In this chapter, a deep learning model, namely ATHENA, for radio scheduling is
contemplated. ATHENA aims to maximize the uplink throughput by jointly controlling the
radio resources, considering the congestion incurred by third-party applications running
on the shared compute infrastructure and the strict timelines imposed by 5G, which
should be respected to maintain a standard quality of service.

In Sec. 4.1, I introduce the system model components and the vRAN radio resource
control scheduling problem. In Sec. 4.2, I describe in detail ATHENA framework and the
design choices. In Sec. 4.3, I elaborate on the implementation details, crucial for assessing
the solution using the experimental testbed, while in Sec. 4.4, I evaluate ATHENA radio

scheduler against the srsRAN’s default one, demonstrating its advantages.
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Table 4.1: Notation Table.

Short Expansion Variable Description Set
UE User Equipment U User U
MCS | Modulation Coding Scheme My User’s u MCS M
PRB Physical Resource Block Ny User’s u PRBs N
TBS Transport Block Size ly User’s u TBS
CRC | Cyclic Redundancy Check Ty User’s u CRC

Cy, User’s v Channel Conditions

t Slot

I5; Congestion Factor B

4.1 System model

This section introduces the system model that underpins the design and evaluation
of ATHENA. The goal is to capture both the wireless communication aspects of UL
transmissions and the computing constraints of vRAN deployments, so that the resulting
framework can reason jointly about radio resource allocation and processing feasibility.
Unlike traditional MAC schedulers, which only optimize for spectral efficiency or fairness
in the wireless domain, ATHENA incorporates the decoding effort and platform congestion
into the scheduling decisions.

To this end, I first outline the components of the model, whose notation is provided in
Table 4.1, including the gNB, users, and resource allocation elements. I then formulate the
scheduling problem that arises when computing and radio constraints interact in congested
vRAN environments, where meeting strict uplink deadlines is particularly challenging.
Finally, I emphasize the broader implications for uplink-intensive applications such as
live video streaming and AR/VR, which put sustained pressure on the uplink pipeline
and could benefit the most from ATHENA’s design.

4.1.1 Model Components

The system consists of a set U of UEs u and a gNB. At each slot ¢ in Frequency
Division Duplex (FDD), or at each UL slot in case of Time Division Duplex (TDD), the
gNB allocates to each UE u some PRBs and a specific MCS for its UL data transmission.
This work focuses on the UL transmission since, UL pipeline creates the major computing
load for the gNB [8,25,26] and it is one of the most important factors to consider for
vRAN systems.

At each slot, the MAC scheduler assigns grants to the selected UEs, where each grant
consists of the number n,, of PRBs and MCS m,, for user u. The combination of (n,,,m,,)
yields a TB of TBS [,,.
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4.1.2 Problem: Resource Scheduling in Congested vRANSs

In Chapter 2, the hard deadline for completion of UL processing tasks was introduced.
Let this deadline be J —1 slots, then the UL processing tasks have to be completed within
J slots after the reception at slot ¢. I now discuss the computing footprint of a vRAN
system and why it is paramount in a vRAN system to also consider the computing effort

of radio resource scheduling decisions.

4.1.2.1 Software Implementations and Complexity

LDPC decoding is the most time-consuming block in the UL processing pipeline [25,
26]. The implementation of the procedure can be represented by two nested loops
(Sec. 2.1.1.2): an inner one that iterates over the LLR values, maximizing their likelihood,
and an outer one that loops until the target likelihood is reached (or a maximum number
of iterations Ipsax). Thus, the processing latency Ty, of the decoding task is affected
mainly by: (i) The TBS [, as it sets the number of iterations needed to process all the
LLR (i.e., a larger TBS implies more iterations in the inner loop), and (i) the relation
between the channel conditions and the selected MCS m,,, that I will next explain.

The actual number of iterations of the decoding algorithm depends on the selected
m, and the experienced SNR. With low m, and high SNR, the decoding ends within a
few iterations of the outer loop with a very high probability. Otherwise, more of them are
needed up to the point that the selected m, cannot be decoded under the given channel
conditions, and hence even after Ip; 4 x iterations, the TB cannot be decoded, and a NACK
is sent to the UE to trigger its retransmission. This value is implementation-dependent.
In the software implementation used throughout this chapter, In;ax = 8.

Given the time-sharing nature of cloud systems, larger Ty.. values imply a higher
probability of suffering computing fluctuations (e.g., due to context switching). In this
case, Ty becomes less deterministic and thus less suitable for the frame decoding tasks.
Fig. 4.1 shows Ty, vs. TBS (obtained with the testbed discussed in Chapter 3). It
illustrates the elapsed time for full decoding, under varying channel quality conditions,
and different competing loads (modeled by the variable j3, later introduced).

When no competing load is present (green line in Fig. 4.1), the variability of Ty
increases linearly with the TBS. In the medium and high congested scenarios, though,
the trends of both average and variability of Ty.. grow non-linearly. This effect becomes
evident when the vRAN system is competing for computing resources with others, and
only a reduced amount of frames can actually be decoded within the default deadline of
J — 1 slots. In 5G systems, this deadline is configurable but is typically set to 3 ms for
mobile broadband traffic [8]. The same holds for 4G systems, though the 3 ms deadline
is fixed, as the eNB must provide feedback to the UE precisely 4 ms after receiving the
PUSCH ([77], corresponding to four slots.
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Figure 4.1: Decoding time Ty, for MCS € [0, 24], various eligible numbers of UL PRBs,
under different SNR conditions, and three congestion factors 5. Solid lines denote the
averages, while shaded areas depict the 5th to 95th percentile.

4.1.2.2 CPU Congestion

On cloud computing systems, such as those employed by vRANSs, different execution
threads share the same computing platform (i.e., CPU cores) to perform tasks. The
element that is in charge of multiplexing computing resources among the different
processes is the operating system’s CPU scheduler, which assigns CPU quota to processes
according to some periodicity rules (e.g., fairly sharing the amount of CPU time across
processes) or when the process would not efficiently use the resources because it has to
wait for the completion of another operation (i.e., upon an I/O operation or a memory
cache miss).

To capture this aspect effectively, I denote congestion factor by € [0, 1], mimicking
the overhead incurred by other competing processes by slowing down the existing ones.
This allows the decoding process and the number of competing processes to be described
independently of the computing platform that is used, working with any CPU clock time.

B = 0 indicates that there are no competing processes and that vRAN operates at
a full CPU speed, while 5 = 1 indicates a very slow and crowded computing platform.
More details about the implementation of g are provided in Sec. 4.3. The congestion
factor B takes into account the dynamic nature of the data center that the O-RAN Cloud
(O-Cloud) is running on. That is, this is not a priori fixed and can be tracked or measured
(Sec. 4.3) or can be configured by preference by an orchestration algorithm (Sec. 5.2.3).

Having said that, the role of the MAC scheduler becomes crucial. CPU-blind MAC
schedulers, typically deployed, allocate resources, affecting the actual data transmitted,

that do not manage to be processed within the technology timelines. The MAC schedulers
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Figure 4.2: ATHENA and its integration with the most important modules of the 3GPP
and O-RAN architectures. ATHENA framework comprises i) ATHENA-ML resource controller
that integrates with a user selection component to provide a fully-fledged MAC scheduler,
and i) ATHENA-MR engine that (re-)orchestrates O-Cloud resources to optimize the O-DU
behavior.

must become congestion-aware, controlling the granted radio resources and ensuring the

reliability of the whole system.

4.1.3 Relevance for Uplink-Intensive Use Cases

In realistic network deployments, many emerging applications, such as live video
streaming [78-80] and augmented/virtual reality [81], generate substantial traffic in
the uplink direction. These applications require sustained allocation of UL PRBs at
high modulation and coding schemes, thereby increasing both the TBS size and the
computational burden at the gNB. In conventional CPU-blind schedulers, this often
results in buffer build-ups, retransmissions [25,80,82], and violations of latency deadlines
under high load [8,25]. By contrast, ATHENA explicitly accounts for the decoding effort and
congestion factor S when assigning uplink resources, effectively trading off throughput
against the risk of decoding failures. This enables more predictable performance for
uplink-heavy applications even under constrained or fluctuating cloud resources. In
practice, this means that while ATHENA may allocate fewer resources to certain users
compared to an aggressive throughput-oriented scheduler, the allocated grants are more
likely to be successfully decoded within the deadline, and thus, not affect the delay of the

upper-layer applications (such as TCP-oriented ones).
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4.2 ATHENA

In this section, I contemplate on ATHENA framework, which, as depicted in Fig. 4.2,
consists of two main functional blocks: i) ATHENA-ML resource controller that adjusts the
radio resources of the scheduled users to adapt to the dynamic changes of the execution
environment and integrates with the user selection component, and ii) ATHENA-MR that
orchestrates the computational resources of the O-DU. Both the user scheduler and
ATHENA-ML operate at a millisecond timescale [21], providing uplink scheduling grants to
UEs. I consider that any user selection component could be integrated in ATHENA (e.g.,
round-robin, proportional fair), and I study the radio resource controller component. This
chapter focuses on ATHENA-ML, while Chapter 5 details ATHENA-MR.

ATHENA-ML, a Contextual Bandit (CB) learning algorithm, creates a closed control
loop taking actions based on contextual information coming from the RAN, e.g., the
UE-associated wireless channel conditions, and from the cloud provider’s data center
monitoring system, e.g., the current 5. ATHENA-ML then transforms this information
into policies, optimizing RAN performance to the hard time deadlines imposed by the
computing platform.

The problem introduced in 4.1 can be formulated as a CB problem, in which in each
episode t € T, the agent receives the current context ¢(¥) as a feature vector drawn from
a context distribution C. The agent then chooses and executes an action alt) € A, where
A is the action space, and receives a reward T(C(t), a(t)) from the execution environment.
The reward distribution over the (c(t), a(t)) pair is considered unknown a-priori.

The CB problem can be considered a particularization of the full Reinforcement
Learning (RL) problem, with the context ¢ in CB analogous to the state s in RL. However,
while the next context ¢(t+1) in CB is independent of ¢®) and a®, in RL, the distribution

of s(t+1)

depends both on the last state and on the performed action. This observation
matches the introduced setup since the context, which includes the channel conditions
and congestion factor, is not affected by the controller’s decision. Also, while reward
estimation in RL requires accounting for future rewards using a discount factor -, the
reward in CB equals the instantaneous collected reward. Therefore, any CB problem can
be solved using RL algorithms considering 1-step episodes or v = 0.

ATHENA-ML uses an RL algorithm to solve the CB problem by adjusting it to 1-step
episodes. The resulting policy function 7(c) : C — A is a deterministic function that
maps the current context into action. The goal is to learn the optimal policy n* =

arg max[r(c, m(c))], which maximizes the received reward. Additionally, ATHENA-ML, as
mell
another RL model, is model-free, in the sense that it does not have any insights about

the environment’s internal model. On the contrary, it relies solely on the received reward
signal, which renders ATHENA as an appealing solution for heterogeneous computational

platforms.
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4.2.1 ATHENA-ML Components
4.2.1.1 Context Space C

Let ¢ € C denote the system context, where the context space C in ATHENA-ML
incorporates the combination of (i) the congestion § € B, where B is the set of eligible
congestion factors of size |B| and (ii) the UE’s channel conditions ¢ € R, approximated
via UE’s SNR, discussed in more detail in Sec. 4.3. The first variable can be measured by
the cloud provider metrics system, while the second is usually considered by state-of-the-
art radio resource controllers. I define ¢! := (5%, ¢,) to be the context vector representing

the system’s context at stage t. The context space is C := B x R.

4.2.1.2 Action Space A

As existing radio resource management works [83], ATHENA-ML takes two consecutive
decisions: First, an assignment of a number of PRBs n, € N for UE u. Second, a
selection of an MCS over those PRBs, to match the UE channel conditions. Let m, €
M :={1,..., M} be the MCS decision for user u, where M is a set of possible MCS in
5G.

Thus, the action space A := N x M essentially captures all possible pairs of decisions
m! and n! allocated to user v € C in decision episode t. The decision/action is
transferred to the user and modulates the UL frame accordingly. The environment is
the UL processing computational platform and, more specifically, the LDPC decoder,

which decodes the UL frame and gives back the reward signal.

4.2.1.3 Rescaling the Action Space for Scalability

In the configuration above, the size of the set A increases linearly with the number of
PRBs N. Especially for certain 5G deployments of 100 MHz and Subcarrier Spacing (SCS)
30 KHz, N equals 250, which is five times more than in the case of 10 MHz and SCS 15
KHz, showcasing the need for an efficient representation of the action space. To avoid

this, the discrete nature of the decision variables of, = (n!,,m!) can be transformed to

the continuous one &!, = (A,

m!). By doing so, the ML task gets simplified by making
the action selection problem a continuous one, namely, a regression one. That is, the
outcome variable is a continuous variable in the 2-D space, which can be discretized to
space N' x M, according to a procedure described later. By moving to the continuous
space, adjacent actions are inherently associated, which can not happen in the discrete

space where every action is distinct.
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4.2.1.4 Reward Function

Given the ¢, condition for each user u and the congestion factor 3, ATHENA encourages
the actions « that will probably lead to successful decoding, ultimately pushing the system
to learn allocations that result in high system throughput!.

Successful decoding happens when (i) the data bits are transmitted without any errors
under the SNR conditions, and (ii) Ty.. does not exceed the deadline. Higher (n,,m,)
combinations imply carrying more data with fewer redundant bits for error correction.
Depending on the channel conditions and system congestion, this can lead to decoding
failures after Iy 4x iterations and deadline violations.

ATHENA-ML’s reward function accounts for this observation. The reward captures the
contribution of (i) the data bits d!, that user u is granted by the gNB to transmit under
action af;; (1) a binary variable 7!, denoting the result of the CRC of the TB after decoding
it; (¢ii) the decoding time T ., for the TB; and (iv) the target decoding deadline J. More
specifically:

ec,u

R dy, (Tageew < J —1)and (r, =1)
—K, otherwise 7

where K is a positive constant term for penalizing wrong decisions. In Sec. 4.4, it shows
that ATHENA-ML learns quickly, because it takes advantage of both CRCs’ values and

decoding time.

4.2.2 ATHENA-ML Internal Design
4.2.2.1 Actor-Critic Design

ATHENA-ML is solving the CB problem using a 1-step episode RL architecture that
follows the Actor-Critic (AC) paradigm [84], which has shown superior scalability
properties [84, Chapter 13.1]. AC belongs to the policy gradient family of algorithms,
can operate on continuous-valued control spaces, and approximate directly the best
policy function m across the reward r obtained by each state-action pair, and thus its
direct applicability to the 5G NR systems, especially the one based on O-RAN. On the
other hand, value-based algorithms (e.g., SARSA, Q-Learning, DQN) operate on distinct
control spaces, approximate the state-value or the action-value function, and then apply
an e-greedy selection policy on the control space. This becomes intractable in big action
spaces, such as in large bandwidth 5G deployments.

Deep Deterministic Policy Gradient (DDPG) [85] algorithm has stood out due to its

!This assumption makes ATHENA-ML better suited for Enhanced Mobile Broadband (eMBB) scenarios,
ignoring other metrics that could be useful for e.g., low latency scenarios such as the guarantees on the
maximum length of UE transmission queues.
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benefit in resolving deterministic continuous action problems. The DDPG agent comprises
two functions: the actor and the critic. The critic approximates the action value function
Q(c, @) that predicts the expected reward, which is received by the environment when
performing action « in context c. The critic is represented by a neural network Q(c, ),
parameterized by weights ¢. Given a set of interactions D consisting of samples (¢, a, 1),
it minimizes the residual Mean Squared Error (MSE) between the predicted Q4(c, o) and

the received reward r:

2
E [(Qs(c,a) —r)7] (4.1)
(e,a,r)~D

The actor approximates the policy function. It is represented by a neural network pug,
with weights 6, and gives the deterministic action & = ug(c). The goal of the actor is to

output the action & that maximizes Qg(c, &):
E [Qe(c, po(c))] (4.2)
c~D

4.2.2.2 Actor Inference

For scalability reasons, the output action rescales so that the actor gives the
approximate continuous & = (f,m) instead of the discrete o = (n,m). In order to

discretize &, the following hierarchical blocks were implemented [86]:

1. Action Generation: Action generation uses the K-Nearest Neighbors (k-NN)

function gx(&) = argmin|a — @lo, where k denotes that the k actions in A that
acA
are closest to & by Lo distance.

2. Action Refinement: Even though the actions are close to each other in A, they
may have a complete direct impact on the environment, and blindly choosing the
closest to & is not ideal. For example, in low SNR conditions, if the MCS component
m of the output of the actor is 9.8 then selecting the closest m = 10, which
applies 16-QAM modulation, instead of m = 9, which applies QPSK modulation
and therefore severely lower complexity, may have a detrimental effect on the
decodability of the frame. Hence, each of the k actions is considered, and only
the highest rewarding one according to the prediction of the critic is eventually

selected according to:

mo,4(c) = argmazx Qu(c, o) (4.3)
aggropg(c)



48 ATHENA: Resource-Aware M AC Scheduling

4.2.2.3 Application to O-RAN and 5G-NR Standards

As depicted in Fig. 4.2, ATHENA-ML acts on several components of the 5G NR and
O-RAN architectures. Indeed, ATHENA-ML acts in the MAC layer of the 5G NR stack,
supporting the decisions of the scheduler at every slot. The design is such in order to
cope with fast-changing conditions on the radio channels since speeds up to 120 km/h
and 500 km/h for vehicles and high-speed vehicles, respectively, have to be supported,
according to the 5G standard [87]. Frequent user scheduling, at every slot to provide high
throughput and low latency, and high 5G high bands incur high SNR variations within
very few slots, which is discussed later. This requires rapid reactions from the gNB side
to maintain high throughput, by achieving decodability and staying within the deadline
constraints. ATHENA-ML is placed in the MAC layer of the O-DU directly in inference,
hence being able to support very fast responses from the model, while the training can be
performed in the Near Real-time RAN Intelligent Controller (Near-RT RIC), decoupled
from the user plane.

It is worth noting that, as shown in Sec. 4.4, the proposed ATHENA-ML framework
was not explicitly evaluated at these speeds. Such scenarios are characterized by rapid
fluctuations of the instantaneous SNR, which pose a challenge for link adaptation
mechanisms. However, ATHENA-ML is able to address these dynamics since it performs
inference at slot-level granularity. This fine-grained operation allows the scheduler to
promptly react to channel variations even at very high mobility. By contrast, alternative
approaches such as vrain [63] operate on coarser time scales (on the order of 1-10 seconds),
typically by fixing a maximum MCS. Consequently, these schemes lack the reactivity
required in fast-varying channels, whereas ATHENA-ML is inherently designed to cope with
such conditions.

For episode ¢ at slot ¢, the HARQ process (residing in the MAC layer) queries
ATHENA-ML with the context ¢; and receives the controller’s decision «;. The action is
enforced in the PUSCH channel at slot ¢ + J, and the reward from the LDPC decoder r;
is collected at slot ¢+ 2-J. Because of the nature of the HARQ processes, a single acting
agent would suffer from the delayed reward problem; at slot ¢ + 1 the agent has to take
an action for the episode ¢ + 1 before the reward of the i-th episode is collected.

To leverage the independent lifecycle of each HARQ’s data transmission, the DDPG
agent is demultiplexed into |H| agents, as many as the HARQ processes. Each HARQ
agent shares the same parameters 0, ¢. Fach agent i interacts with the HARQ process 1.
At each lot t, the agent indexed by ¢ mod |H| is designated to handle the transmission.
Following the same procedure, the decoder returns the reward to the corresponding agent.
Since the HARQ agents interact with the HARQ (MAC) and the decoder (PHY), which
require fine time resolution, they fit in the O-DU.

The HARQ agents offload the learning function to the main agent. The main agent

shares the same model parameters as the HARQ agents. At every scheduling opportunity,
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the HARQ agents store the samples, consisting of context, action, and reward tuples
(c,a,r) in their internal buffer. At periodic timings, the main agent collects these
samples over the E2 O-RAN interface, calculates the gradients, optimizes the model, and
pushes back the updated weights. Since the sample collection does not have strict timing
constraints, the main agent can reside either on Near-RT RIC or Non Real-time RAN
Intelligent Controller (Non-RT RIC). In Fig. 4.2, I show how ATHENA-ML integrates with
the O-RAN architecture. The main agent is running as an xApp in the Near-RT RIC,
and the HARQ agents running in O-DU as dApp, adopting the concept from [88].

4.2.2.4 Offline Training

O-RAN principles require pretraining of the agent models before they are deployed on a
live production environment [89]. To comply with this requirement, I extensively collected
a dataset D from an isolated sandboxed environment multiple samples for randomly taken
decisions ay = (ng,m;) and contexts ¢; = (¢, ¢;), and recorded the decoding time Te.
and the CRC result r as returned by the LDPC decoder. To accelerate training, reduce
the sample complexity, and remove unavoidable outliers produced by a real system, the
dataset is grouped per (3, ¢,n,m), and the returned reward is modified for each group as
follows:

dy, Plr=1]>rypres and T, . < J —1

RITOWP — (4.4)

—K, otherwise

where TJE . is the y-percentile € [0, 1] of Ty, within the group and can be considered
as a proxy for performance vs reliability trade-off. Due to the stochastic nature of
the computing platform, there is high variability of the decoding times, which can be
attributed to measurement imperfections, incapability to isolate the low-level caches of
the processors, virtual memory invalidation during context switches etc. Picking higher
~v would lead to learning more conservative policies, because of the negative reward, and
vice-versa. Tyhres 1S a target threshold value above which satisfactory data transmission
can take place, in terms of successful error correction and wireless performance, i.e., lower
Block Error Rate (BLER).

4.3 Implementation

To prove the feasibility of ATHENA, I implemented and integrated it with srsRAN [35]
testbed, described in Chapter 3. ATHENA was implemented in a compliant way with the
O-RAN reference architecture. For the implementation of ATHENA-ML?, however, I did

2All the software components related to ATHENA-ML are available at https://github.com/kaposnick/
athena_ agent
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not directly rely on this default implementation of srsRAN, for reasons mentioned below.

4.3.1 ATHENA-ML Integration into vRAN Software

From Sec. 4.1, the two main variables that influence the decoding time of a frame
are (i) its MCS index m,, and the number of PRBs it spans n, and (ii) the intrinsic
complexity of the LLR maximization operation, which depends on the selected MCS and
the SNR.

To be able to train ATHENA-ML against very different conditions, and hence allow the
algorithm to cope with dynamic scenarios, I needed to span over very different channel
conditions. The GRC Broker is the component of the testbed that adjusts the perception of
the signal strength. The multiplier boxes between UE and cells modified the transmitted
samples by a constant gain G value in the range [.05,1]. When G = 1, the signal is
received at full strength, measured at 30 dB per PRB at the gNB side, while when
G = .05, the SNR drops to 5 dB, below which the gNB can hardly decode any control
or data channels. In the experiments, the broker dynamically controls G between .05
and 1 to emulate different channel conditions. Finally, to simulate an AWGN channel, 1
added an additive noise process to the intercepted symbols, which samples from a normal
distribution with zero mean.

ATHENA-ML is implemented using Python and Tensorflow. ATHENA-ML directly
integrates with srsRAN scheduler, by overriding the default controller and making the
decision about what (n,,m,,) to assign to the different users. The context space variables
are available to ATHENA-ML either directly, as in the case of the SNR, or indirectly, as
the 3 factor is sent to the controller by the monitoring application. ATHENA-ML has one
coordinator process, responsible for directing requests and the decoding results to the
corresponding worker agent based on the slot, |H| = 8 HARQ agents’ processes, as many
as the HARQ processes. Since no online training is taking place on the experiments, the
main agent was not deployed in the Near-RT RIC. The communication between srsRAN
and ATHENA-ML is achieved using Linuz named pipes and between the coordinator process
and the HARQ agents using shared memory buffers.

The factor 8 models all the possible interfering factors for the UL frame decoding
times. Since this implies an additional delay, S is implemented by introducing an
additional workload at the end of each TB decoding iteration: For each 5, 3, = 1000 - 5
square root computations during UL frame decoding are executed, essentially reducing

the effective capacity offered by the cloud platform.

4.3.2 ATHENA-ML Pipeline

In order to train and execute ATHENA-ML, several factors need to be addressed,

including the gathering of the training data and the machine learning operation.
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4.3.2.1 Dataset Collection

To collect the training dataset D, I replaced the default srsRAN controller with a
custom one that randomly selects a (n,m) decision and assigns an UL grant to the user.
To span across different 8 and ¢, there is an automated process that sets the gain G
of the channel and the congestion conditions on which the decoder threads are running.
I deployed the end-to-end cloud-native RAN testbed described in Chapter 3. The UE
is configured to transmit uplink iperf traffic, while at each slot the custom scheduler
assigns a scheduling grant (n,m). Upon processing the corresponding PUSCH, the gNB
records the decoding latency d (in ms) and the binary decoding outcome r (OK/KO).
For every slot, the gNB stores in a CSV file the tuple: (8, ¢,n,m,d,r). To ensure that
the decoding threads are not preempted by the Linux kernel, I bind them to a dedicated
set of CPUs using the cpuset utility and further isolate these CPUs with the isolcpus
option. This configuration prevents the default Linux scheduler from interrupting the

decoder threads in favor of other processes.

4.3.2.2 Actor Critic Internal Structure

The actor’s neural network is implemented using fully connected layers with ReLLU
activation. It has 2 output neurons with sigmoid activations, denoting the (72, ), which
discretize to (n,m) using Eq. 4.3. The critic’s neural network also comprises fully
connected layers with ReLLU activation and one single output neuron, outputting the

reward prediction, with linear activation.

4.3.2.3 Pretraining

Given the dataset D, I grouped according to the procedure in Sec. 4.2.2.4. First, 1
pretrained the critic’s neural network ()4 as a normal regressor that minimizes the critic’s
objective, using Eq. 4.1. Successively, I froze the critic’s weights and pretrained the actor’s
neural network gy so that it maximizes its objective, i.e., the critic’s reward prediction,
using Eq. 4.2. 1 pretrained both actor and critic networks using the Adam optimizer, with
a learning rate le~* for a period of 200 epochs. The collected dataset was divided into
80% for training, 10% for validation and 10% for testing purposes. In turn, the agent’s
weights 6, ¢ on ATHENA-ML are deployed on the described testbed, and the agent is inferred
using Eq. 4.3 using k£ = 5.

4.3.2.4 Scalability Enhancements

While the srsRAN’s ZeroMQ RF-frontend driver allows to test ATHENA in a real system,
its capabilities are mostly targeting the debugging of the higher layers of the RAN stack.

Hence, one of these limitations is the native support for just one UE per gNB cell.
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While a possible solution to this issue could have been an enhanced software-based
channel emulator using the already integrated GNU Radio module, to overcome this
and simulate a multi-user cell scenario, I designed a digital twin. A digital twin is a
replica of a physical system that can replicate the system’s environment, eliminating the
need to repeat exhaustive physical tests. In that case, the DT generates the same data
distributions as the physical vVRAN’s LDPC decoder, whose output affects ATHENA-ML’s
decisions. Multiple users can now infer the digital twin, eliminating the restrictions of

srsRAN’s front-end. More details on the digital twin are given in Chapter 5.

4.3.2.5 Traffic Shape

ATHENA-ML has been trained to control scheduled users with full upload buffer, i.e., to
serve their maximum achievable throughput, which in ideal channel conditions is achieved
at maximum PRB and MCS. In this sense, ATHENA provides the maximum TBS that can
be decoded within the deadline. In order to avoid excessive redundant bits in case the
user’s demand is less than the predicted maximum number of bits, I adjust ATHENA-ML’s
decision so that the equivalent TBS fills the requested demand. I also keep the new MCS
less than ATHENA-ML’s decided MCS to maintain the decodability of the frame.

4.3.2.6 SNR Estimation

The broker adopts the universal channel model: y = Gz + n, where x,y are the
input and the output of the wireless channel, respectively, G is the channel’s impulse
response and n ~ N(0,0) is the noise that follows a normal distribution with zero
mean. SrsRAN’s eNB/gNB implementation, by default, computes the SNR using the
exponentially weighted average of the instantaneous SNR in the PUSCH channel. The
instantaneous SNR is estimated as the average power per PRB divided by the noise
estimate, which is flat across the frequency spectrum. However, in wideband 5G
deployments (spanning up to 100 MHz), the power per PRB may fluctuate because the
bandwidth of the system has a higher probability of crossing with the coherence bandwidth
of the channel, converting the channel response GG from flat-fading to frequency-selective
fading. To avoid specifying the location and the size of allocated PRBs with higher SNR
(which are further restricted by Resource Block Group parameters [36, Chapter 6.1.2.2]),
the channel condition input variable acts conservatively and takes the minimum power as
reference for the calculation of the instantaneous SNR.

On the other hand, srsUE, srsRAN’s implementation of user equipment, distributes
uniformly the power per PRB so that the total transmitted power per subframe (1 ms)
falls under a certain threshold [90, Chapter 6.2]. This observation is crucial, since for the
same channel response G and following the averaging procedure described above, a higher

number of PRB yields lower instantaneous SNR and vice versa.
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Considering the SNR as a proxy for the channel conditions, the channel condition can

be estimated:
¢=SNR+10-log(PRB) (4.5)

where ¢, SNR are expressed in dB. The variable ¢ effectively measures the total SNR,
and Eq. 4.5 yields the same ¢ for the same channel response G irrespective of the number
of PRBs.

4.3.2.7 CPU Congestion Factor

O-Cloud allows for the parallel execution of heterogeneous jobs. Private and public
cloud providers offer the tenants the capability to select certain filters on the physical
servers (e.g., availability zone, hardware acceleration), but, in principle, tenants are
agnostic of the actual silicon their application is running on. The CPU congestion
factor B, which effectively expresses the number of available CPU cycles that are
allocated to the applications, can be directly configured by popular cloud orchestrators
(such as Kubernetes) or specific orchestration algorithms, such as ATHENA-MR, detailed
in Chapter 5. Additionally, O-Cloud is enhanced with monitoring applications (e.g.,
Prometheus [91]), which constantly track alerts and measure the resource consumption
(CPU congestion, memory, network/disk 10, etc.) of the individual jobs, servers, or
whole infrastructure. The monitoring application runs on the Service Management
and Orchestration Framework (SMO) of the O-RAN architecture in the Non-RT RIC.
Independent of whether g is directly configured or measured, its value is available at
the SMO level and can be conveyed to infrastructure-aware applications to provide them
with the current status of resource usage. ATHENA-ML, as a CPU-aware vRAN application
running on O-DU, receives as input the current CPU congestion metric from SMO and
adjusts its scheduling decisions concerning the infrastructure contextual fluctuations. In
Fig. 4.2, SMO monitors the O-Cloud infrastructure via the O2 interface and informs
ATHENA-ML via the O1 interface.

4.3.3 Multi-User Scenario

ATHENA-ML radio resource controller works on a single-user basis, allowing for selection
of the optimal MCS and PRB combination at every point in time. ATHENA can integrate
with different UE selection procedures. I picked srsRAN’s round-robin and matched it
to ATHENA-ML that selects the best PHY layer parameter. Hence, for each slot, a single
user is circularly selected and scheduled, and their SNR is given as input to ATHENA-ML,
which then controls their MCS and number of PRBs. The training data for this scenario
is gathered using the digital twin. The integration of ATHENA-ML with the round-robin
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user selection procedure imposes a maximum boundary on the number of selected users at
each slot and hence may not be suitable for scenarios that are more latency-constrained.
Other UE selection algorithms may be implemented leveraging the ATHENA-ML controller,

exploiting the models and interfaces that have already been discussed.

4.4 FEvaluation

In this section, I evaluate ATHENA-ML against the vanilla radio resource controller
available in srsRAN, namely Baseline, which serves as a general benchmark for
commercial state-of-the-art radio resource managers. Among the 3GPP-compliant CPU-
aware MAC schedulers that provide experimental evaluation referenced in the background
chapter 2, vrain [63] and CloudRIC [8] are the most closely related to this work. As
outlined in Sec. 4.2, however, vrain operates at a coarser granularity and does not make
slot-level decisions. In contrast, CloudRIC is not CPU-only but rather considers both
CPU and GPU resources, and also did not offer full integration with a mobile stack such
as stsRAN. To demonstrate the need for having a joint PRB-MCS selection, I have also
trained, deployed, and evaluated an alternate version of ATHENA-ML, namely ATHENA-MCS.
ATHENA-MCS is a variation of the ATHENA-ML algorithm that follows the same actor-critic
architecture but only controls the applicable MCS, leaving the number of PRBs set as
the maximum. Both ATHENA-ML and ATHENA-MCS interact with the UE scheduler solution,
matching the available capacity to the contextual condition, showing how the ATHENA-ML
framework can be leveraged by different UE scheduling algorithms. For the experiments,
I used an Intel Xeon Gold 6240R CPU server with 16 cores, hyperthreading disabled,
equipped with 64 GB of RAM.

4.4.1 ATHENA-ML Convergence

In Fig. 4.3, the actor’s objective, i.e., maximizing the critic’s average reward
prediction, is depicted. I trained the two versions of ATHENA-ML for different reliability
values 7y € [50,90,99]% and different decoding deadlines J € [3,4] ms. I set rypes = 90%,
since O-RAN defines 10% maximum BLER, and penalty factor K = 1. Both versions
of ATHENA-ML learn to, indeed, pick high reward combinations of (n,m) in higher
deadlines, leading to greater collected rewards, since there is greater available time to
decode bigger packets. Higher v drives the agent to learn conservative policies, i.e., less
performant combinations of (n,m), since a higher value of decoding times is considered
as a target and is compared against the decoding deadline for the reward evaluation in
Eq. 4.4. Conversely, lower v implies more aggressive policy learning, which, though in
the production system in inference mode it can have a detrimental effect due to its lower
reliability. Note, also, that ATHENA-ML performs better in terms of the average actor’s
objective than ATHENA-MCS, attributed to the bigger and finer action space (more details
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Figure 4.3: Actor’s objective across training epochs for reliability levels v =
[50%,90%,99%] and for the two variants; ATHENA-ML (labelled as ATHENA) and
ATHENA-MCS.

in Sec. 4.4.2).

Through the rest of the evaluation section, unless otherwise stated, J = 4 ms is used,
which is the typical eMBB case in 5G [8] (and 4G, where this value is fixed [77]), and
~v = 99% to ensure high reliability.

4.4.2 ATHENA-ML Performance

Next, ATHENA-ML is compared against Baseline. It implements a round-robin UE
selection policy, and for PRB selection, it assigns the maximum number of PRBs in case
of a single UE. For MCS selection, it maps the SNR to a target code rate, via a proprietary
SNR-to-CQI table [92] and the 3GPP CQI-to-coderate table [36], and through an MCS-
TBS loop, it picks the minimum MCS index that yields the coderate closest to the target
one. I evaluate Baseline and ATHENA-ML, trained with J = 4 and v = .99, in a single UE
scenario that transmits uplink UDP data at full buffer speed.

For the experiments, using a slot of 1 ms (numerology x = 0) and 10 MHz of
bandwidth, it gives 50 PRBs in the UL, out of which N = 45 are only available for UL
data transmission. To compare the success of the solution during the first transmissions
of the frame, srsRAN was modified to disable HARQ retransmissions, i.e., using a single
redundancy version. The GRC broker adjusts the channel gain G of the UE so that the
perceived SNR per PRB at the gNB side varies between 5 dB and 30 dB.

In Fig. 4.4, the solid lines depict the average throughput (in Mbps) achieved by
ATHENA-ML, ATHENA-MCS, and Baseline at each SNR level. The throughput is calculated
as the total number of bytes correctly decoded within the deadline, divided by the
number of slots processed during the simulation. A TB is considered successfully
decoded when Ty.. is below 3 ms and has a successful CRC check. When g = 0,

where neither controller suffers losses from deadline violations, Baseline substantially
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Figure 4.6: The T, distribution and the selected MCS, for ATHENA-ML and Baseline
algorithm, with different congestion £.

underperforms both ATHENA-ML and ATHENA-MCS, in terms of throughput. ATHENA-ML
records an improvement of 3.94 Mbps with a maximum improvement of 7.45 Mbps at
13 dB. This originates from the conservative nature of traditional controllers, where they
stick to simulation-based min-MCS approaches to preserve the decodability of the frames,
while the data-driven approaches can discover optimal control policies (e.g., at high SNR
ATHENA-ML picks MCS 24, while Baseline goes up to 23).

Higher 8 = .5 demonstrates similar behavior, though the congestion factor has an
important impact on the decoding time. Baseline’s throughput drops due to low
reliability, as depicted in Fig. 4.5, where it counts the percentage of the frames where
either CRC = 0 or Ty, > 3. The maximum achievable throughput for both versions of
ATHENA-ML drops to 11.5 Mbps with very high-reliability levels.

When § = 1, Baseline’s reliability essentially drops to 0, along with the throughput.
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Figure 4.7: MCS and PRB decisions of the two versions ATHENA-ML and ATHENA-MCS.

For ATHENA-ML, the SNR has minimum impact, because the high congestion forces the
agent to apply a single control policy for all the channel conditions.

Fig. 4.6 shows the decoding time T}, yielded by the two approaches. While in g = 0,
all Ty.. are below 3 ms, the variability is much higher in ATHENA-ML, which is explained
by higher MCS selection. Again, with higher 3, a non-negligible part of the frames misses
the deadline. ATHENA-ML, instead, lowers either the MCS or the PRB to always meet it.
As a result, it obtains a flatter Ty.. distribution, which is a direct consequence of the

selected actions.

4.4.3 Advantages of Joint MCS-PRB Management

I now compare the two alternate versions of ATHENA-ML and ATHENA-MCS. Fig. 4.7
shows the PRB and MCS decisions of the two versions for different SNR levels and three
congestion factors. While ATHENA-MCS always transmits at full bandwidth, ATHENA-ML
explores different alternatives in the 2D action space. As observed in Fig. 4.4, both
versions manage to achieve optimal levels of reliability and equal performance, with
ATHENA-ML slightly overseeding by 500 Kbps in medium congestion factors, transmitting
at lower PRBs, and increasing the MCS. The major advantage of ATHENA-ML over
ATHENA-MCS is the up to 44% spectral efficiency improvement (in terms of PRB utilization)
since it can achieve equal or slightly better performance using less bandwidth, leaving
available space for other users to be scheduled. This aspect could be leveraged by a
different UE selection procedure, capable of integrating multiple UEs in the same slot,
that jointly selects users and decides MCS and PRB, so unused PRBs may be re-assigned
to other UEs to increase the total throughput of the system, respecting the time budget
as well as technology requirements and user characteristics. Note that both the original
ATHENA-ML algorithm and ATHENA-MCS are based on the same original architecture and

should be considered variants and not alternative solutions.
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Figure 4.8: Left: Throughput for different congestion factor 5 and user load. Right:
Throughput for different congestion factor 8 and cell utilization.

4.4.4 Multi-User Scenario

As explained in Sec. 4.3.3, the digital twin can serve to evaluate the performance of the
proposed architecture in a multi-user setting. Although the setup was tested with more
users, in this experiment I only consider 3 users in the UL for readability, corresponding
to 6 db (low), 13 db (medium), and 20 db (high) SNR with a standard deviation of
3 dB. At each slot, a user is selected in a round-robin fashion. Given the user’s channel
conditions and congestion factor, the pretrained ATHENA-ML agent provides the control
decision. Subsequently, the digital twin is inferred, outputting the expected decoding
time and the decoding success probability. The UL frame is considered decoded if the
predicted decoding time is less than the deadline and the sampled success probability
process is 1.

To capture the capability of ATHENA-ML to adapt to different UL traffic shapes, the
UEs’ load is artificially modified (left plot and first row of Fig. 4.8) in 1300 seconds. This
load reflects the demanded bits to be transferred at the UE’s MAC level and is conveyed
in the BSR message to the base station. Accordingly, in the following three rows, the
throughput is modified for each user. The throughput follows the pattern of the traffic
load. ATHENA-ML achieves this by performing MCS degradations, which are shown in the
shaded gray area.

In the right plot of Fig. 4.8, the same experiment is repeated but for full traffic load
(100%). The bars depict the mean throughput, and with error lines the jitter of each user
for variable /3 values. In low 8 and high SNR scenarios, ATHENA-ML yields high jitter (due
to the SNR fluctuations), which gets lower either when the SNR drops or the congestion
goes up. For 8 > .6, the SNR is almost taken into no account since the congestion impact
supersedes. In the same plot, the cell utilization, defined as the total throughput of the
users divided by the throughput at 8 = 0, denotes the maximum achievable throughput

for these channel conditions. A gradual drop of cell utilization in low congestion factors
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occurs, reaching 60% in medium 3, before falling to below 40% in high /3, showcasing f3’s

impact in the model’s predictions.

Summary

In this chapter, I presented the design, implementation, and evaluation of ATHENA,
a CPU-aware MAC scheduler for reliable O-DU deployments in resource-constrained
O-RAN cloud infrastructures. ATHENA is an RL-based MAC resource controller that
dynamically allocates the MCS and PRBs to UL users at each slot, adapting to the
congestion level in the O-DU to ensure that uplink processing pipelines are reliably met.
Within the O-RAN framework, ATHENA is deployed as a dApp in the Near-RT RIC.

Through experimental evaluation on a 3GPP-compliant testbed and benchmarking
against the baseline scheduler, ATHENA consistently achieves high reliability levels under
high-congestion scenarios, where the baseline scheduler’s reliability and throughput
collapse to zero, which demonstrates its practical capability for seamless integration in

standards-compliant deployments.
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and consistency within this thesis.

This chapter describes two complementary aspects that enhance the design and
deployment of ATHENA, Digital Twin (DT), and Explainable AI (XAI) within ATHENA’s
model. First, Sec. 5.1 introduces the DT designed to replicate the behavior of the
LDPC decoder within the ATHENA framework. This DT enabled the fast evaluation
and assessment of different RL architectures by mimicking the real-system behavior of
the environment of the use case. The second part (Sec. 5.2) discovers the underlying
patterns that drive the internal operation of the actor-critic functionality of ATHENA. I
unveil the three kinds of explanations drawn from the deployed agent, namely attributive,
contrastive, and actionable, and provide a use-case where the latter can be used in order
to trigger reorchestration of O-RAN Cloud (O-Cloud) compute resources, i.e., the cloud

infrastructure hardware resources that host the O-DUs software and can be reorchestrated
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by the SMO through the O2 interface.

5.1 Digital Twin

The design of an ATHENA entailed the electing, training, and deploying Deep Learning
(DL) models, which can be challenging given the complexity of a real testbed, described
in Chapter 3. The operations are happening at different levels of the stack, e.g., grant
assignment decisions are made in the MAC layer, the input about the CPU resources
comes from the SMO, and the decoder performance is recorded at the PHY layer.

A second challenge is the high complexity of carrying out the training. In order to
learn a good model, the AT/ML needs to visit all the possible input combinations several
times. This may turn into a very long operation in a real system, as (i) real scheduling
decisions are limited to once every slot, and (i) it may be difficult to reach certain
combinations of the inputs, due to channel conditions. This cannot be performed on
the fly in a production system, as for example, O-RAN forces the deployment of offline
pre-trained models [89]. These aspects make it impractical to learn from a real system,
as a number of aspects, such as model architectures and hyperparameter configurations,
analysis, and model interpretability, have to be taken into account. To overcome these
issues, I designed the network DT of an environment that ATHENA operated, i.e., the LDPC
decoder functionality, that can improve the operation of training computationally-aware
MAC schedulers.

5.1.1 Design

In ATHENA’s use case, the VRAN functional block that has to be controlled using RL
is the LDPC decoder, since it provides feedback on both the decoding time and the CRC
result. Therefore, the network DT of such a system must replicate the physical system’s
distribution of decoding times and decoding success and failures. I created a dataset with
real-trace performance measurements and then trained a supervised model to capture
them in the DT.

The dataset contains different combinations of the input space, namely the CPU
Capacity (in % of maximum CPU resources), the user’s SNR, the MCS index, and
the number of PRBs. The decoding result is represented by a binary variable, i.e.,
CRC =1 if the frame is successfully decoded, or CRC = 0 otherwise, and the decoding
time is modelled as a continuous normally distributed variable, truncated to positive
values. This choice is motivated by the empirical observation that decoding times are
roughly symmetric around a mean, with limited extreme values, which is well captured
by a Gaussian distribution. The DT outputs i) the probability with which a frame is
successfully decoded, and i7) the mean and standard deviation of the normal distribution

that models the decoding time. I measured the wall time taken by the decoder to finish
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Figure 5.1: The building blocks of the proposed DT of ATHENA.

the task, and to eliminate the noise from other processes, I pinned the decoder threads
to a specific CPU set and prevented the default Linux scheduler from preempting those
threads in favor of other jobs. The CRC result was directly retrieved by the decoder. 1
collected ~ 14 million samples, with extensive combinations of the input parameters. The

data collection phase is shown in the left block of Fig. 5.1.

5.1.2 Model

The decoder’s DT is represented by a two-headed Neural Networks (NNs) with
common hidden feed-forward fully-connected layers. The last common hidden layer is
divided into two branches, one for the decoding time prediction task and another for the
decoding success prediction task. The last layer comprises three independent neurons; the
decoding time’s mean and standard deviation, and the probability of successful decoding.
Their activation functions are linear, soft-plus (to ensure positivity), and sigmoid (to
produce values between 0 and 1), respectively.

Similarly, the different tasks contain different activation functions. The prediction of
the decoding successes uses the Binary Cross Entropy (BCE) loss, which is the negative
of the log of corrected predicted probabilities and is standard for binary classification
tasks [93]. The prediction of the mean and standard deviation parameters of the
normal distribution uses the Negative Log-Likelihood (NLL) loss function, consistent
with probabilistic regression of Gaussian distributions [94].

DT’s NN was trained using backpropagation and the Adam optimizer with a learning
rate of 1074, For training and evaluation, the original dataset was partitioned into 80% for
training, 10% for validation, and 10% for testing. The training of the DT with new samples
is controlled by a Retrain Trigger Algorithm, which is fed by the newly collected samples
and decides whether to trigger new retraining or not. As explained in Sec. 5.1.3, a simple
heuristic that computes a distribution similarity of the new samples against the old ones

can be used to trigger retraining if this metric drops below a certain threshold. In general,
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Figure 5.2: Left: PDF of the real and predicted decoding times. Right: Decoding
probability prediction and BCE loss.

though, more complex re-training procedures may be used. Alternative algorithms could
depend on the amount of newly collected samples or occur on a fixed frequency. For
NN-backed DTs, identifying peaks in the loss of the model can be used. The right block
of Fig. 5.1 depicts this exact training procedure (data adaptation phase).

5.1.3 Evaluation

The capability of the network DT to replicate the physical system is measured by (4)

generating similar data distributions and (i¢) being able to react to distribution shifts.

5.1.3.1 Digital Twin Performance

DT’s performance is dissected into the performance of the decoding time distribution
prediction task and the decoding success probability task.

Decoding Time Prediction Task. The left plot of Fig. 5.2 shows the normalized
Probability Density Function (PDF) of the real distribution using the Kernel Density
Estimation method as well as the predicted one for 15 dB of SNR, 40 PRBs, 100% CPU
Capacity, and MCS index € {2,12,20}. Looking at the real PDF, lower MCS indices
imply lower decoding complexity, yielding smaller mean decoding times. Instead, higher
MCS yields higher variability of the decoding times. This is attributed to the more
complex task the decoder software implementation has to solve. This may incur glitches
such as cache misses that reduce the overall performance unevenly, producing higher
uncertainty. Performing the Kolmogorov-Smirnov test for various scenarios verifies the
original modeling assumption to capture the decoding time with a normal distribution.
For all the tested combinations of selected MCS, the null hypothesis was accepted with a
99% confidence interval.

Decoding Success Probability Task. Then, I evaluate the predictions of the
decoding success probability task. The decoding probability is high in low MCS index
and number of PRBs, since the data rate is low. When either the MCS or the number of

PRBs increases, the carried data increases, which gets closer to the theoretical capacity
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of the channel for this SNR level, and the probability gradually drops to 0. The BCE loss
for 10 dB of SNR and a variety of combinations of MCS and PRB is shown in the right
plot of Fig. 5.2. The DT manages to learn the trend when the probability is either very
high or very low, while it gives a small prediction error in the transition region. Overall,
the DT succeeded in representing the real LDPC decoder in both tasks, which facilitated
the development of the ATHENA scheduler in various ways, such as evaluating and iterating

faster between different RL architectures and algorithms.

5.1.3.2 Distribution Shift

In this experiment, I study the

interaction between the PT and the DT, = 4
and the capability of the latter to adapt 2.95
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used to create the DT. Figure 5.3: The DT validation loss (sum

To simulate the former scenario, I draw of BCE and NLL losses) when distribution
the available CPU capacity of the PT in changes happen.
the interval 90-100% of the maximum achievable, i.e., considering only very high CPU
capacity (distribution A). The collected dataset is divided into the training set, used for
training the DT, and the validation set, used for evaluating its performance across the
training epochs. In Fig. 5.3, I plot the normalized validation loss when DT is trained for
30 epochs.

Then, the CPU is initially operating at the interval 10-90% of its maximum capacity
(distribution B), i.e., considering a wide range for the CPU capacity, in any case, lower
than the previously used one. The retraining procedure can be triggered either at a certain
frequency or when the similarity between the DT predictions and recent observations
drops below a certain threshold. In this case, a distribution change A — B took place,
which caused a drop in similarity and issued a retraining of the DT. Note a spike in the
validation loss as previously unseen observations give high prediction error, which later
decreases as the model readjusts. Finally, I introduce a further distribution change by
modifying again the CPU capacity to the full range of 10-100% (distribution C). Even
though the new distribution has changed (B — C), it comprises inputs that have already
been seen in the past and are already incorporated in the model, which explains the drop

in the loss instead of a sudden increase.
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5.2 Explainable Al

The second block of ATHENA is represented by the MR part, which interprets the results
of the ML and devises (at a slower pace) actionable decisions on the network.

The model has to provide insights and explanations into its internal functionality and
decision process. These explanations are categorized into three different classes depending
on the question that they seek to answer [42]; the attributive, the contrastive, and the
actionable explanations. In the study, I investigated methods for all three categories
and adjusted them accordingly to the NN-based AC architecture.

5.2.1 Attributive Explanations

The attributive explanations answer to the question why, given an input, the model
gave a certain outcome. These insights touch both the input, e.g., features of a particular
example, as well as the internals of the model (splitting rules in the case of a decision tree,
neurons in the case of neural networks, etc.). They provide a comprehensive correlation
between the input and the output, which does make sense for an external observer.
This categorization mainly comprises feature importance methods such as LIME [95]
and SHAP [96], which are model-agnostic explanators.

Model distillation is another method that can be used to produce explanations. The
key concept behind it is to distill a closed-boz model (such as a neural network) into an
inherently better explainable surrogate model. This class of surrogate models typically
comprises shallow decision trees and linear models, whose parameters (splitting criteria
and variable coefficients respectively) are generally considered to be better understood.
The distillation process consists of two models, namely the teacher T and the student S.
T is the closed-box trained model for which the explanations are asked. S is a smaller
surrogate model that integrates the knowledge of 7, while maintaining its accuracy.

ATHENA-ML’s model, which is described in Eq. 4.3, consists of two neural networks; the
actor’s g, which provides an approximate solution &, and critic’s @)y, which assists to
refine it to a. The actor’s model is distilled to a regression tree, which is a decision tree
that holds linear models in its leaves (instead of constant approximators). Employing
response-based knowledge distillation [97], S mimics only the 7’s output layer. During
the training process, 7T (actor) and S produce outputs &7, ds € R? respectively. To
train the tree S, these outputs pass through the interpolation function h : R? — R.
This interpolation function is created using TBS as the target value of combinations
(n,m). The outputs h(a7), h(ads) are used to compute the distillation loss, which in this
case is the Ls-distance, capturing the difference in yielded throughput between 7 and S.
The teacher’s predictions serve as target values, and the decision tree S is trained in a
supervised way, using the distillation loss as split criteria. I used a maximum tree depth

of 3, to make it easier to interpret.
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Figure 5.4: Left: ATHENA-ML throughput and the regions of the distilled decision tree.
Right: Critic’s reward prediction for SNR 20 dB and congestion factor g = .6.

The left plot of Fig. 5.4 depicts the achieved throughput of the agent for combinations
of the contextual features; the borders of the leaves of the trained decision tree are shown
with the red dashed-edged rectangles. The interpretation of the splitting thresholds can
facilitate the understanding of the internal decision process of the actor. The tree has
divided the input space into 4 regions, in which the NN-based actor can be approximated
by a linear model. These areas have a specific meaning in the context of a vRAN
system. For congestion factors 8 > .5 (Region 4), the actor yields the same throughput
independently of the channel conditions. That is, the CPU is so congested that ATHENA-ML
is forced to scale down consistently both the MCS and PRB for all channel conditions.
For lower 3, instead, the SNR is taken into account, and for values higher than 20 dB,
the agent is divided into 2 different models, so that the maximum achievable throughput

can be more finely approximated.

5.2.2 Contrastive Explanations

Contrastive explanations answer to the criticism why not a different result is the
outcome of the Al system.

In ATHENA’s case, I look for the explanation for a specific decision taken by ATHENA-ML:
given a certain context ¢, why has o = (n,m) been decided instead of o/ = (n',m')?. The
architecture and the objective function of the actor in Eq. 4.2, 7.e., to maximize the
reward prediction of the critic, helps answer this question. Querying the critic Q4(c, @)
and Qg(c,a’) and comparing the reward expectation provides a quantitative explanation
of the actor’s decisions. For example, in the right plot of Fig. 5.4, the contextual state
8 = .6 and ¢ = 20 dB, shows the critic’s reward prediction for all possible actions. From
the figure, note that ATHENA-ML actor learns one of the actions that yield the highest
predicted reward, effectively approximating in its internal variables where the negative

reward area (i.e., a frame not decoded in time) is hit.

Tt is important to clear out that the agent outputs directly the best action and does not infer the
critic for all the possible actions, which would be intractable.
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5.2.3 Actionable Explanations

Actionable explanations seek to answer how the input of the model should be modified
so that a certain user-defined desired outcome is achieved. The change to be made is
otherwise called counterfactual. This category of explanations is of particular importance
from the network perspective because it allows not only understanding the system but
also taking further decisions (e.g., re-orchestration decision) to steer the system to a
desired operational state, effectively implementing the vision depicted in Fig. 2.3. There
may exist multiple counterfactuals that answer the question above, but the counterfactual
that requires the smallest possible change [98] should be considered.

For this analysis, I focus on a specific counterfactual orchestration decision: what
should be changed in the vRAN setting so that the throughput that ATHENA-ML achieves
is at least thrigrget, €.9., a throughput Key Performance Indicator (KPI) in an eMBB
scenario? From the network orchestration perspective, the only variable that the operator
can control is the vRAN’s CPU congestion factor 3, since the user’s channel conditions
depend on many exogenous factors related to the UE characteristics. Because configuring
the minimum ( is the obvious answer, I introduce a sustainability clause in the cost
function C(f) : R — R of operating at a certain 3, measured in monetary units, that
forces the system to operate the system using the cheapest solution in terms of computing
capability. Although the specific shape of this cost function can be very complex, there is
only a simple requirement constraining C'(3) to be a monotonically decreasing function.
This is motivated by real systems, as high /3 implies the usage of a less expensive CPU (in
terms of executed instructions per second) or a higher concentration of competing jobs
on the same CPU set as the one the vRAN is running on, in a CPU sharing fashion. In
this context, the counterfactuals are produced as a solution to the following optimization
problem [98]:

min C
mip €9 -

s.t. thrfTHENA—ML = thriarget

where the constraint assures that the throughput achieved by ATHENA-ML thrfTHENA_ML
at congestion factor [ satisfies the target.

The MR block of ATHENA, namely ATHENA-MR, analyzes the different input states,
over a time window, to take further decisions that target the optimization of e.g., the
computing resources. Consequently, the MR part runs in the Non-RT RIC, optimizing
the orchestration by e.g., (i) orchestrating the gNB decoder threads to a more congested
CPU to save operational costs, or (i7) taking the opposite decision when they are running
in a too congested infrastructure and the performance is not acceptable anymore.

A simple heuristic can solve this optimization problem. A replica of ATHENA-ML agent
exists in the Non-RT RIC. ATHENA-MR acts reactively and considers the user’s minimum

SNR over the last window, 4.e., the worst-seen channel condition, iterates over the possible
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Figure 5.5: Congestion factor re-orchestration by ATHENA-MR to satisfy KPI.

Bi; € B, infers ATHENA-ML’s achievable throughput, and retrieves the minimum S that
satisfies the constraint in Eq. 5.1.

To showcase the capability of the ATHENA-MR to re-orchestrate the congestion factor,
consider a scenario of a UE at full buffer demand, where the gain G between the channel
and the UE is modified periodically between .5 and .12 for 200 s. The time window over
which MR operates is 30 s and initially 8 = 0, i.e., operating at maximum operational cost.
To mimic a network orchestrator that has to decide among a finite set of possible actions
(e.g., assigning a given number of CPU cores, each of them with a specific capacity), the
feasible set of possible actions equals to B ={0,.1,.2,...,1}.

Expanding or restricting the feasible set affects the running time of ATHENA-MR, which
is linear to the number of elements, and its running time is trivial to the time window. I
consider 3 different scenarios with 3 desirable throughputs: 8, 13, and 17 Mbps. The top
row of Fig. 5.5 shows in black the SNR per PRB and in red the re-orchestrated 5. The
second row plots the achieved throughput and the target throughput with a straight line.

In all three scenarios, the ATHENA-MR reorchestrates the computational resources to
save operational costs and satisfy the constraints. Observe that in the case of 8 Mbps
target throughput, the congestion factor is only once modified since the target can be
reached at both SNR levels. At a target of 13 Mbps, 8 is accordingly adjusted, but
throughput violations occur when the SNR drops since the orchestration algorithm has
not yet reacted to the contextual changes. Finally, in the last scenario of 17 Mbps, the
minimum throughput can not be even reached because of the low SNR; however, the MR,
reacts best-effort and lowers the congestion factor to 0, before recovering back to .2 when

the SNR increases back again.
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Fig. 4.2 shows how a closed-loop using MR is shaped. The O-DU informs ATHENA-MR
about the worst seen SNR over the last time window via the O1 interface, which solves the
optimization problem based on ATHENA-ML model and service requirements and configures
the computing resources in the O-Cloud via the O2 interface [7], which provides a standard

interface for intercommunication between the SMO and the O-Cloud.

Summary

This chapter presented two complementary aspects that support the design, training,
and deployment of ATHENA. First, a network DT of the LDPC decoder in a vRAN was
developed. The DT, trained on extensive real-trace measurements, accurately reproduces
decoding times and success probabilities under varying channel and CPU conditions. This
enables fast and repeatable offline evaluation of different RL architectures for ATHENA,
reducing the model development and evaluation lifecycle. Retraining mechanisms allow
the digital twin to adapt to previously unseen input distributions, ensuring continued
fidelity to the physical system.

Second, three explainable Al techniques were integrated to improve the interpretability
of ATHENA’s scheduling decisions: attributive, contrastive, and actionable explanations.
Using actionable explanations, which enable network-level interventions, a basic algorithm
was developed to re-orchestrate CPU resources in the O-Cloud to meet throughput targets

while minimizing operational costs.
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Association for Computing Machinery, New York, NY, USA, 64-66. doi:
10.1145/3726854.3727311

Minor changes in structure and notation have been made to improve readability

and consistency within this thesis.

In the previous chapters, I introduced the cloud-native system design for 5G core and
RAN and used it to benchmark a CPU-aware MAC scheduler. While those chapters
focused on the realization and benchmarking of vRAN components, this chapter explores
a forward-looking approach that investigates the role of quantum computing in enhancing
physical-layer processing. In particular, I study the feasibility of quantum annealing for
LDPC decoding, a computationally intensive function within the uplink chain. Although

the framework presented here is not integrated into the earlier vRAN testbed, this
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chapter acts orthogonal and assesses the potential of quantum-based co-processors to
be incorporated into vRAN systems, complementing traditional computing systems in
future wireless networks.

This chapter introduces the design of an LDPC decoding solution suitable for a
Quantum Annealer, named Qué4Fec. Developing this framework requires finding solutions
for two aspects: i) a code design and i) a QUBO formulation of the LDPC decoding
problem. Both parts and design decisions are discussed in Sec. 6.1. Sec. 6.2 demonstrates
the improvements achieved by the proposed solution and shows how its comparable
performance to BP (introduced in Sec. 2.1.1.2) can make Quantum Computers an
appealing option for next generation mobile networks, mostly due to their lowest energy
footprint compared to traditional servers (introduced in Sec. 2.2.2). In the same section,
I also identify clear limitations of the current and upcoming Quantum architectures in
supporting LDPC decoding operations. Ultimately, in Sec. 6.3, I advance the body of
knowledge about Quantum-powered FEC and point in several directions for the future
development of practical Quantum RAN accelerators.

Caveat on LDPC and Quantum. Before proceeding further, I define the scope of
this chapter, positioning it with respect to two completely different settings where coding
and Quantum come together in the current scientific literature.

On the one hand, retrieving Quantum information has been challenging due to its noisy
nature compared to classical bits. The noisiness of the Quantum platforms is ascribed
to various factors: i) qubits are still not perfectly isolated from the environment and
minimal interaction with the platform causes decoherence, degrading the Quantum state;
i1) external disturbances can invert a qubit from |0) to |1) and vice versa; iii) additionally,
in systems where qubits are entangled, an error in one qubit will propagate to others
due to their strong correlation, exacerbating that effect [99]. In this context, significant
efforts have been put into developing error correction codes that increase reliability when
interacting with qubits [100]. These investigations can be intended as exploring FEC for
Quantum and also use LDPC as an error-correction approach. Quantum LDPC codes
are essential for building fault-tolerant Quantum systems, needed to scale up Quantum
computers since they provide a high rate of error detection and correction. This study
does not belong to this class of works.

On the other hand, Quantum technologies have been recently proposed as a processing
tool to solve FEC problems [16] already present in the telecommunication area. That
is, the idea is to leverage Quantum systems as an alternative to traditional computing
solutions to tackle LDPC decoding, which is ubiquitous in the latest WiFi [101] and 5G
NR standards [22]. Thus, these works solve LDPC with Quantum. This study and all

the contributions listed above fall in this category.
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6.1 Decoding in the Quantum Environment

QBP [16] is the baseline, which is the state-of-the-art Quantum-friendly LDPC decoder.
In this section, I discuss the QUBO formulation (Sec. 6.1.1) and the code design part of
the problem (Sec. 6.1.2), where I point out the detrimental effect that custom-designed
codes that are primarily aimed at fitting the Quantum hardware, such as those utilized
by QBP, have on the error-correcting capabilities. In contrast, I propose to use well-
established code design methods. In Sec. 6.1.3 and Sec. 6.1.4, the alternative QUBO
expression, employed by QuéFec, is formulated, which formally verifies the fundamental
LDPC decoding problem in Eq. 2.1, which ultimately yields stronger guarantees and
higher performance than that introduced by QBP.

6.1.1 LDPC QUBO Formulation

To use Quantum computing to solve the fundamental problem of LDPC decoding
in noisy communication systems, a challenge arises in that classical iterative solutions
such as BP cannot be executed on QA platforms. QBP [16] was the first solution in the
literature to propose a QUBO formulation for LDPC codes that is suitable for subsequent
solution by the QA. In the formulation proposed by QBP, the variables used in the QUBO
problem are split into two types: i) the code variables [qo, q1,- .. ,¢n—1] that denote the
output decision of the decoder, and i7) the ancillary variables that describe the modulo-2
constraints enforced by the LDPC as an optimization objective.

The QUBO formulation for the LDPC decoding comprises two terms: ¢) the LDPC
constraint term that weights the possible solution, penalizing not valid (i.e., with no
valid check constraints) codewords, denoted by Qrppc, and i) a correlation function
that associates the problem solution to the received channel values, denoted by Q¢. This
latter term steers the QA solver toward solutions that are more related to the initial set
of received values after the demodulation.

The final QUBO formulation implemented by QBP is a weighted summation of the

LDPC constraint function and the correlation function

Q=a Qrprc+ Qc (6.1)

where a is a positive weight factor, which steers the balance between the two terms. QA
can find the solution that minimizes both terms, yielding a correctly decoded codeword.

Considering an (m,n) parity check matrix H:

m
Qrprc = Y QLpPC;

Jj=1

with Qrppc; = Z?:_OI(Hji g —2- Lj)2 being the minimization function objective related
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to the j-th constraint and L; is a function of the ancillary qubits, which depends on the
degree (number of 1’s) of that constraint. The utility of L; is to enforce that the modulo-2
(i.e., XOR in binary) summation of the j-th constraint’s constituent variable nodes sums

to 0 and is expressed by
t
IR

where ¢ is a function of the check node degree and g, , is the s-th ancillary qubit of the
j-th constraint.
The second term of the QUBO is the correlation function. This term incorporates

the channel output values and aims to associate them with the problem solution. Let

y = [Yo,y1, " ,Yn—1] be the received channel vector. The authors in [16], set Q¢ to
minimize the distance )
n—
Qc =Y (a — Pr(g = 1ly;))?
i=0

Finally, in [16] a is set based on the transmission SNR, performing a hyperparameter

search.

6.1.2 Code Design
6.1.2.1 Cycle Length

The error-correcting capability of a code is strongly correlated with the cycle length
distribution of the Tanner graph, as the bit corrections rely on the independent message
passing between the graph nodes [102,103]. Shorter cycles break this independence earlier
in the decoding process, leading to decreased performance. Since an LDPC code always
contains cycles in practical scenarios with finite code size n, the challenge is designing the
parity check matrix so that the corresponding Tanner graph has cycle lengths as large
as possible. Several efficient regular LDPC code design methods are available, such as
Gallager [30] and PEG [104].

In the top part of Fig. 6.1, I illustrate the Tanner graph extraction from a parity check
matrix, where H;; = 1 denotes the existence of a link between check node ¢ and variable
node j. In the bottom part of Fig. 6.1, I display the LLR; update across one BP iteration.
The message originating from vy traverses 6 nodes before concluding at vy, yielding a
cycle length of 6. For BP to function optimally, the messages need to be independent.
However, in the presence of unavoidable cycles in practical codes of finite length, this

property is invalidated, and the performance of BP deteriorates, as explained next.

6.1.2.2 Strategies

FEC codes are carefully conceived to improve error-correcting capabilities in digital

communications, and the error rate performance is the main metric that needs to be
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Figure 6.1: a) Tanner graph extraction from a parity check matrix. b) A BP update for
LLR,. The cycle length is 6 since the update traverses 6 nodes before returning to v;
(U1—>61—>U5—>C4—>’U4—>02—>1}1).

optimized in the development of an FEC code. Yet, in a QA, FEC code design needs to
also consider the specificity of the execution platform (i.e., the QPU) that will be used.
Fig. 6.2 illustrates the natural order for this process: from (a) designing the LDPC code
to (b) the extraction of the QUBO formulation (which produces the source graph) till (c)
the embedding on the QPU target architecture (such as commercial QPUs like Chimera,
Pegasus or Zephyr manufactured by D-Wave!) used for decoding.

The flow from (a) to (c) is not straightforward since the target graphs of cutting-
edge QA platforms impose severe constraints that reflect on the QUBO and parity check
matrix. The problem is so binding that QBP devises an LDPC code specifically tailored
to D-Wave’s Chimera QA framework by reversing the logical process: the design starts
from the constraints in (¢) and goes backward to a code design in (a). This turnaround
has, however, the effect that the choices of QUBO formulations and LDPC design are
critically curbed.

This point can be provided with a practical example. Using the QBP embedding
method [16], I reconstructed the parity check matrix of a (2,3,420) code. For comparison,
I also constructed a code with the same properties using the Gallager [30] method. For
each of the codes, the generated codewords passed through an AWGN channel and were
decoded using BP. The performance is measured in terms of BER/BLER, which is a fair
comparison since the two codes add the same number of redundancy bits to the wireless
channel transmission.

The comparison of both BER and BLER, depicted in Fig. 6.3, shows a noticeable

"https://www.dwavesys.com/
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Figure 6.2: Steps from designing an LDPC code for Quantum decoding. a) Design the
parity check matrix. b) Extract the QUBO formulation (source graph). ¢) Embed it into
the QPU architecture (target graph). Red, blue, and green show the occupied qubits, the
edges of the source QUBO, and the edges of the formatted chains, respectively. QuéFec
uses the Gallager method to generate regular codes (step a) and D-Wave’s MM to embed
to QPU (b — ¢).

gap between the two strategies, with the Gallager code design outperforming that of QBP
by almost an order of magnitude. Although the manually designed code in QBP benefits
the target QA by occupying qubits as efficiently as possible, it disrupts the cycle length
property, discussed above, and results in inoperable performance.

The effect is revealed in the right plot of Fig. 6.3, which measures the minimum cycle
length of each variable node in the Tanner graph and plots the Cumulative Distribution
Function (CDF) for the two cases considered, i.e., QBP and Gallager. The median cycle
length of QBP is half that of Gallager. As shorter cycles introduce higher correlations
between the bits in the sequence to be decoded and limit the inherent capabilities of the
code itself, the result highlights how the manual design of QBP inherently and substantially
curbs the final decoding performance.

In light of these observations, I next propose a novel design for FEC codes in Quantum
settings that primarily aims at preserving decoding capabilities. To this end, I abide by
a traditional, sensible pipeline that starts from efficient codes created with the Gallager
method.

6.1.3 QudFec: Alternative QUBO Formulation

As mentioned in Sec. 6.1.1, the QUBO formulation proposed by QBP [16] requires the
factor a to be computed and optimized based on prior hyperparameter tuning. This makes

QBP SNR-dependent, relying on accurate SNR estimations, which are challenging to derive
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Figure 6.3: Comparison of QBP [16] and Gallager design method of (2,3,420) LDPC code.
a) BER, b) BLER, c¢) Cycle length distribution CDF.

in operational settings [105]. Even then, however, it is not formally guaranteed that the
minimum energy solution of the QA coincides with the maximum likelihood solution of
the fundamental decoding problem. The proposed solution Qu4Fec is a formulation that
provides formal proof without the need for prior hyperparameter optimization, as it works
by only taking the received channel values as input.

The novel QUBO formulation of Qu4Fec derives directly from the ML objective
detailed in Eq. 2.1 and avoids the hyperparameter tuning step. Considering BPSK
modulation y; = 1 — 2 - z; (where x; is the bit to transmit, y; is the transmitted symbol)

over an AWGN memoryless channel. By expanding Eq. 2.1:

n—1

% = arg max H P(yg|xg).
zeC k=0
n—1
1 = arg max Z In fyx (yk|z)

zeC k=0

n—1

& = argmax Z ye(1 — 2xg). (6.2)
zeC k=0

Based on this, a novel QUBO formulation is derived for the LDPC decoding problem P;.

Using the same structure as Eq. 6.1 and redefining;:
P =d" - Qrppc + Pc (6.3)

by re-designing the correlation function as the minimization function of the negative ML

function of Eq. 6.2 as

n—1

Po=> —yp(1—2-q)
k=0

Similar derivations can be made for higher-order modulations. For QPSK modulation

following the 5G NR mapping [22], input bits xox, zor1+1 will be mapped to symbol s =
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(1 = 2x91) + j(1 — 2w2x41) where k = 0..5 — 1. The Eq. 6.2 will now become for QPSK:

n_y
2
# = arg max > Re(yr) (1 — 2z01) + Im(yp,) (1 — z2p41)
T€ k=0

where Re(+), Im(-) denote the real and imaginary part of the complex yj. For the rest
of the analysis, and without loss of generality, I will proceed by considering Binary Phase
Shift Keying (BPSK) modulation.

The design objective is to determine a sufficiently large a’ that prioritizes constraint
fulfillment (Qrppc) over correlation function optimization (Pc). A heavy weight on
Pc and hence basing the decoding process largely on the channel values may be
counterproductive in many conditions.

Thus, I follow a similar approach to [106] and consider the correlation function directed
by the ML decoder instead of the Euclidean distance. Consider a valid codeword solution
vector ¢ and an invalid solution §. It holds that Po™® = Y10 |yk|, Pc™™ = 3770 —|uxl,
and that for any solution vector ¢: Po"™"" < Po(q) < Pc™*. Thus,

d - Qrppc(§) + Pc™™ < Pi(§) < d - Qrppc(q) + Pc™™”

d - Qrppc(q) + Pc™™ < Pi(§) < d' - Qrppc(q) + Po™*.

Since q is a valid codeword: Qrppc(§) = 0 and ¢ is invalid: Qrppc(G) > 1. Also, the
maximum energy of any valid codeword has to be lower than the minimum of any invalid

one. Thus:
] ) n—1
P < d' + Po™™ = d'pin = P — P =) 2 [y (6.4)
k=0

These derivations yield that the ML solution ¢, i.e., the valid codeword that

minimizes Pg, is also the one that minimizes P; since

Pi(Gmr) = Pe(dur) < Po(@) = Pi(q).

Unlike the @ formulation used in QBP [16], the proposed P; formulation ensures that
the solution that yields minimum energy is the ML codeword and removes the need for an
offline optimization of a. To showcase that with an example, a (2, 3,420) LDPC code is
considered and a channel of SNR 2 dB. Given the transmitted maximum-likelihood (ML)
codeword (CW), I generate the 256 solution space by freezing the ML CW’s first 412 bits
and considering any binary combination of the last 8 bits. For each of these generated
possible solutions, I evaluate the energy level according to the @ (QBP) and P; (QuéFec)
QUBO formulations and I compute the minimum energy solution. Fig. 6.4 illustrates

the energy level for the two formulations across the solution space. Notice that QBP’s
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Figure 6.4: Sample comparison of QBP [16] and QudFec energy levels. QBP formulation
does not guarantee that the QUBO’s minimum energy codeword (CW) coincides with
the Maximum Likelihood (ML) codeword. Qu4Fec formulation always reassures that its
minimum energy codeword is the ML codeword.

minimum energy CW may be distinct from the ML CW, which will lead to a higher
BLER, unlike QuéFec, whose formulation guarantees this property.

6.1.4 Stability in Qu4Fec

Any codeword error increases the output QUBO energy by at least a/, which also
depends on n. This creates a big energy gap between invalid and valid codewords, leading
to instability in the annealing process, where the probability of avoiding local optima
depends on the energy differential between the previous and the current state.

Consequently, the annealing process interprets any decrease in the energy as progress
towards the global solution, with a very low probability of escaping these suboptimal
states due to the energy decrease caused by a’. This issue inspired the derivation of a
new formulation P,, which restricts the energy differential between invalid, valid, and ML
codewords.

However, each row in the parity check matrix functions as a parity check code itself

(with just one row). Applying Eq. 6.3 for the j-th constraint
P = as - Qrppcj + Pl
with PC = >0 —Hjr - yr - (1 — 2 qx) being the correlation function considering only

the variable nodes of that constraint and a;- weighting individually each LDPC constraint

Qrppc;. Following the same derivations as in Eq. 6.4:

/mm 22 ij |yk‘

Since all constraints need to optimized collectively, the QudFec QUBO formulation
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becomes .
p=>Y P (6.5)
j=1

P, achieves better numerical stability. For a single error in the achieved codeword
i
that constraint. The previous formulation, P;, used a/, which considered the whole n

at constraint j, the energy differential is a’, which considers the channel values only of
values. From the experiments, P led to better stability and performance closer to BP,

as demonstrated in the next section.

6.2 Simulated and Experimental Evaluations

I study the practical performance of Qu4Fec, using QBP as a reference where
appropriate, in two different settings, i.e., via simulated annealing and with a real-world

Quantum computer, as follows.

e First, in Sec. 6.2.1, T reproduce the Quantum process via Simulated
Annealing [45], a stochastic optimization technique for approaching the global
maximum of a QUBO. SA initializes a random solution to the problem, and in
every step, picks a state close to the previous one. The system starts at a high-
temperature state, where the probability of accepting a worse solution (a solution
that increases the global energy) is high, facilitating the exploration of the energy

landscape.

As the annealing process proceeds, the temperature cools down, this probability
decreases, and the process slowly approaches the global minimum. Commercial QA
platforms, such as the ones used in this paper, implement this algorithm using a
physical system. Thus, SA can be regarded as the ideal annealer, and the success

criterion for QA is how closely it can approximate the performance achieved by SA.

Using SA as a first validation step disregards any physical limitations and
implementation imperfections of the underlying quantum computing platform,
focusing solely on the interactions between the qubits and couplers. Since the
annealing process is inherently stochastic, both SA and QA perform a certain
number of anneals for each submitted QUBO. Each anneal generates a solution, and
the objective function is then evaluated for each solution to determine the achieved

enerqgy.

e Then, in Sec. 6.2.2-6.2.4, I implement Qué4Fec into a real-world QPU. The
experiments are using the D-Wave Advantage [107] 6.1 platform on top of a
hardware QPU with the Pegasus layout portrayed in Fig. 6.2. 1 extensively
test its performance with a range of LDPC workloads and QA parameters (e.g.,

annealing time, number of samples per anneal, chain strength [108], among others).
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The results show, in fact, a significant discrepancy compared to the promising
performance presented in Sec. 6.2.1 under SA. In particular, BER and BLER surged
to almost 100% for code lengths greater than 60 bits, regardless of the SNR level.

Motivated by these QPU results, I investigate the root causes of the decoding
performance drop, exploring the effect of the embedding algorithm and that of
scaling and quantization. The analysis lets us explain some crucial steps that need
to be taken before Quantum annealing takes place, the restrictions they impose,

and their effect on decoding quality.

6.2.1 Benchmarking Qu4Fec via Simulated Annealing

Based on P, and ) formulations, I demonstrate the superiority of the proposed
solution QuéFec over QBP. For SA, the number of samples per submitted QUBO is fixed to
100, and the one with minimum energy gets selected, as an ideal annealing-based decoder
would do. For each SNR level, I generate 10,000 message blocks, encode, modulate, and
pass them through an AWGN channel.

BER and BLER are computed directly from the input and output codewords. Note
that this contrasts with the approach in [16], which uses an a posteriori model based
on the samples’ distribution gathered from several executions on the same instance to

estimate these metrics and has a harder applicability to a real-world decoder.

6.2.1.1 Joint Effect of Code Design and QUBO Formulation

As discussed in the section above, Qu4Fec has two main differences with QBP; ) it
relies on standard code design techniques instead of tailored code design to fit the QA
(employed by QBP), and i) it provides a novel QUBO formulation that builds on top of
the fundamental decoding problem and does not require further hyperparameter tuning.

Fig. 6.5 shows how Qu4Fec can achieve 10% (set by 3GPP as the channel reliability
threshold for enhanced mobile broadband services [36]) and 1% BLER with 1.82 db and
1.54 dB lower SNR respectively and can attain a 7.6x BLER improvement at 4 dB, for
a (2,3,420) LDPC code.

6.2.1.2 Effect of QUBO Formulation

Next, I isolate and corroborate the effect of the QudFec’s innovative QUBO formulation
alone. Using the Gallager method, I generate LDPC codes and compare the BER/BLER
curves on SA. Unlike the previous section, Qu4Fec and QBP are now evaluated on the
same LDPC code. Additionally, BP’s performance is also evaluated, which is considered
the ground truth for traditional computing decoders, to quantify its discrepancy from
QudFec. For BP, I limit it to a maximum of 10 iterations, as further iterations provide

only negligible improvements in BLER. I generate 3 different (2, 3,n) LDPC codes where
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Figure 6.5: BER/BLER curves of Qu4Fec and QBP [16] for a (2,3,420) LDPC code.

n € {105,210,420}. Authors in [16] used 420 bits as the fixed codeword size, so I used a
fraction as the baseline size in the benchmarks.

As illustrated in Fig. 6.6, the BLER discrepancy between BP and QuéFec is negligible
across all code lengths. This demonstrates that the revised Qud4Fec QUBO formulation
achieves comparable performance to BP?. However, as previously discussed in Sec. 2.2.2,
this similar BLER performance can be achieved with a lower power footprint compared to
BP, which operates on conventional computers. This makes Qu4Fec a promising alternative
for FEC in the Quantum setting.

QBP performance diverges, especially in high SNR scenarios. This divergence arises
from the fundamental approach of Qud4Fec QUBO formulation, where each invalid
codeword yields higher energy than any valid one. QBP frequently fails in this regard,
favoring invalid solutions that minimize the correlation function without giving the

appropriate weight to the LDPC constraint satisfier component.

6.2.2 Effects of Non-ideal Embeddings

The embedding process is a crucial step of Quantum annealing on real platforms since
it affects the total number of qubits participating in the process. It has been shown that
a few dominant chains produced by MM, introduced in Sec. 2.2, hold significantly more
qubits than the average chain in practical cases [109]. In the Noisy Intermediate-Scale
Quantum (NISQ) era, each qubit is inherently noisy, so when more than one qubits are
coupled together into a chain, the problem is exacerbated.

These imperfections in QAs arise from their analog nature, requiring operation at

temperatures near absolute zero to enable Quantum phenomena like tunneling and

2T also evaluated the performance of commercial solvers, such as CPLEX, with varying parameter
settings, in solving the QUBO. However, their performance was substantially inferior to that of SA. For
instance, at 6 dB, CPLEX resulted in a 10% higher BLER. This is attributed to CPLEX’s limitations
in solving non-convex problems with a large number of variables, such as the LDPC decoding problem
QUBO.



6.2 Simulated and Experimental Evaluations 83

—&- BP  --@- Qud4Fec —+— QBP
(2,3,105) (2,3,210) (2,3,420)

1071t

10—2 4

1073 4

BER

1074 %

1073

100 4

10—1 4

BLER

1072 4

10—3-

ol o\ = =
o 1 2 3 4 5 66 7 o0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 17

SNR [dB] SNR [dB] SNR [dB]

Figure 6.6: BER/BLER curves for BP, Qu4Fec, QBP and different code lengths.

entanglement. Controlling complex phenomena in extreme conditions is challenging
and can lead to deviations from the intended representation of a given problem. These
deviations are collectively referred to as Integrated Control Errors (ICE).

To better illustrate the issue, consider a problem with N binary variables, where h;
and J; ; represent the linear and quadratic terms respectively, with 4,7 = 1,..., N and
i < j. ICE can be modeled as errors dh; and ¢.J;; that affect the precision of these
coeflicients, thereby altering the original problem definition. Consequently, these errors
can modify the objective function that the QPU is attempting to optimize.

To counter this behavior, the authors in [16] resorted to a manual embedding solution
supported by the relatively easy (hence non-ideal) structure of the LDPC code they
designed for QBP. The LDPC parity check matrix perfectly embeds on the D-Wave
2000Q QA, shipped with the Chimera architecture. This method allows QBP to fit larger
codewords with fewer qubits due to the limited chain length.

As discussed in Sec. 6.1.2, this comes with a high price in terms of maximum cycle
lengths and overall decoding performance. However, manual embedding faces more
problems. The first is the generality of the solution: each generation of QA has a short
lifetime, with frequent changes in the underlying architecture that are not backward-
compatible and render previous manual embeddings inapplicable and their associated
LDPC code design obsolete. Indeed, newer QPU platforms are not necessarily a superset
of previous platforms: for example, D-Wave 2000Q is based on the Chimera Ci4 lattice,
while D-Wave Advantage’s Pegasus architecture is a supergraph of Chimera Ci5. My
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attempt to fit the (2,3,420) code of [16] onto the newest architecture using the QBP
manual embedding was unsuccessful due to the bigger chain lengths that were created.
Finally, embedding optimization for a specific code compromises generality, limiting its
applicability to codes with different parameters.

QudFec offloads the embedding task to the standardized and well-evolved MM,
effectively decoupling the code design phase from the graph embedding. This yields many
advantages, including versatility in accommodating diverse (and efficient, e.g., Gallager)
parity check matrices and invariance to the target graph’s structural properties.

In the proposed Qu4Fec implementation, I used D-Wave’s open-source MM [110].
Different variants of this algorithm were also investigated, such as LAMM [111], SPMM,
and CLMM [112], which aim to optimize the mapping process by exploiting the structural
characteristics of the source graph. Fig. 6.7 shows that the different embedding
methodologies do not consistently improve the chain length distribution for a reference
(2,3,420) code mapped onto the Pegasus layout. The reason is that the QUBO source
graph of an LDPC decoding problem does not present a specific layout that those variants
could leverage to render the embedding more efficient. Thus, for the rest of the chapter,
MM is considered to be the embedding method.

6.2.3 Scaling and Quantization

The qubits and couplers in a QPU operate within specific ranges. For instance,
the qubit bias range for the latest Advantage QPU is between -4 and 4, and the
coupler strength ranges from -1 to 1. Since the coefficients of an objective function
can theoretically span from negative to positive infinity, they must be scaled down to fit
within these hardware constraints. Before programming the QPU, the coefficients are
adjusted with a scaling factor to ensure they do not exceed the platform’s acceptable
range, leading to higher inaccuracies when coefficients have a larger span.

Following the programming of biases and couplers, a quantization process with finite
resolution is applied. This process inherently introduces error, as closely valued terms
might be quantized to the same value, potentially leading to significant distortions in the

solution quality. In some instances, these distortions can dramatically impact the energy
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Figure 6.8: Original, scaled linear, and quadratic term histogram for the Qu4Fec and
Qué4Fec-unweighted QUBO formulations.
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Figure 6.9: Percentage change of linear and quadratic terms due to scaling and
quantization effect for Qu4Fec and Qud4Fec-unweighted formulations. Considered 3
different bit widths of 4, 8, and 16 bits.

landscape of the objective function, with even a slight change in value or sign altering the
optimal solution.

While quantization errors occur independently of scaling, experiments indicate that
scaling before quantization amplifies these errors. This suggests that when terms are
first scaled, the subsequent quantization can lead to greater inconsistencies, further
complicating the problem-solving process on a QA.

To demonstrate this effect, I introduce an unweighted version of the QudFec QUBO

o
L=
heterogeneity and range of the coefficients, simplifying the problems linked to scaling and

formulation (Qu4Fec-unweighted) where a 1. Setting a;- = 1 effectively reduces the
quantization since they will now face similar modifications. However, this worsens the
decoding performance as it does not optimize as per Ps.

Fig. 6.8 shows the histograms of the linear and quadratic coefficients for both QUBO

formulations when injected into the Quantum platform within the above-mentioned range
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—4...4 and —1...1 for linear and quadratic terms, respectively. The variability of the
unscaled linear and quadratic terms of the Qué4Fec formulation is disrupted when a scaling
factor is applied, hence changing the factors of the problem.

The computation of the effect of the scaling process is impossible without access to
the actual QPU hardware implementation to understand how the real-valued variables
are quantized into the couplers. Since I do not have such access to the QPU, I considered
three different bit resolutions (4, 8, and 16 bits). In Fig. 6.9, I show the CDF of the
percentage change of both the linear and quadratic terms after quantization has taken
place.

The quadratic terms (which exist only in the LDPC satisfier term) of the unweighted
version incur a median error of 8% for 4-bit resolution and near-negligible error for higher

resolutions, as these terms are not multiplied by the real numbers a;. However, notice

/
j-
a much larger discrepancy in the linear terms. For the lowest resolution, some terms
may even suffer a 100% error, and only at very high resolutions is the accuracy high
enough to avoid errors, indicating the high sensitivity of the linear terms to the scaling

and quantization effect.

6.2.4 Effects on the QA process

The errors introduced by embedding, scaling, and quantization affect the overall
quality of the annealing process when executed on a physical platform. To quantify
this effect, I compare QudFec with its unweighted version on SA and QA and compute
the discrepancy between the two processes in the left plot of Fig. 6.10. The relative
energy discrepancy is computed as the energy difference between the solutions found by
QA and SA divided by the ones found by SA. Observe that an overall easier problem
such as Qu4Fec-unweighted always has a very low discrepancy between the lowest energy
solutions, indicating how the inaccuracies introduced by quantization on the QA platform
have a minor impact. As SA is considered the ideal annealer, higher discrepancies such
as the ones shown for larger codeword sizes are likely due to the combined effect of
quantization, scaling, and embedding.

Especially the latter has a noticeable effect, which is captured in the right plot of
Fig. 6.10, where I measure the maximum chain lengths and number of occupied qubits
experienced by the QPU for various codelengths. When the chain lengths are limited,
even the more complex QudFec still attains comparable results to SA when executed with
QA.

Throughout this analysis, it is evident that current QA platforms still have room for
improvement before they can give reliable results when employed as wireless processors
due to the two error sources analyzed before: i) the embedding process, which affects
the total number of qubits that will be involved in the annealing procedure, and i7) the

resolution of the coefficients of the QUBO when they are programmed on the actual QPU.
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Figure 6.10: Left plot: Percentage energy discrepancy between QA and SA for QudFec
and Qué4Fec-unweighted QUBO formulations. Right plot: Maximum chain length and
number of occupied qubits achieved by MM for various code lengths.

6.3 Towards Quantum-based Baseband Processors

By executing QudFec on a commercial platform, I discussed how state-of-the-art QPUs
are still far from being used as baseband processors, mostly due to the difficulties in
the embedding process. In this section, different qubit fabric structures are explored to
accommodate LDPC codes, discussing promising design trends for a Quantum wireless

processor design.

6.3.1 Embedding Algorithms Analysis

Embedding algorithms such as MM take the LDPC source graph (i.e., the one resulting
from the code design) as input and map it onto the target one, resulting from the hardware
design of the QPU. While the experimental evaluation used the Pegasus architecture, 1
now analyze the impact of the Chimera (past) and Zephyr (future) D-Wave architectures
on the embedding process by measuring the resulting maximum chain length in Fig. 6.11.
Subsequent QP U generations show that they do improve the embedding process. However,
only very short codeword source graphs can be embedded with a maximum chain length
that is sufficiently short to avoid energy discrepancy with QudFec. According to the left
plot of Fig. 6.10, the maximum chain length should not exceed a value of 3, outlining the
gray region in Fig. 6.11, and codewords must be shorter than 40 bits to allow so even with
the most recent Zephyr QPU architecture. More realistic [113] codeword lengths start
to suffer a linear increase, with the newest generation only marginally (17% on average)

improving the embedding process.

6.3.2 Optimal QPU Graph Structure

A tailored QPU architecture for LDPC decoding guarantees that no chains are

employed at all during the embedding. This requires understanding the characteristics of
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Figure 6.11: Maximum chain length achieved by MM for different code word lengths and
target QPU architecture.

the source graph. To embed any LDPC code with a source graph of n total nodes and [
ancillary nodes, a full mesh of n 4+ [ nodes is required. Even a full mesh of just n nodes
is already impractical. For instance, to perfectly embed any (2,3)-regular codeword of
up to length n as the ones that are studied, the target graph should have i) | = %" for
ancillary variables, which are completely unconnected between them, and i) n nodes for
the code variables, forming a full mesh to accommodate any possible parity check matrix
structure. These two sets of nodes are interconnected as a complete semi-bipartite graph
with @ edges. However, the empirical findings show that typically less than 1% of

these edges are employed, indicating an extremely inefficient utilization.

6.3.3 Zephyr Layout Parameterization

QPU architectures are designed to facilitate QUBO problem embeddings while being
practical and extensible. For instance, D-Wave’s next-generation Zephyr QPU follows
this principle by creating a qubit fabric characterized by a concatenation of tiles so that
QPU target graphs can be effectively represented by two parameters: the tile replication
factor m and the internal tile pattern ¢t. In a nutshell, m controls the size of the QPU,
while ¢ matches the available edges in a single tile. As a reference, in the former-
generation Chimera architecture, the unit cell consisted of a bipartite graph of two shores
of nodes, each of size t = 4. Pegasus and Zephyr retained this parameter but added sparse
connections between nodes on the same shore, known as odd couplers.

To understand the capabilities of the Zephyr architecture, I computed the maximum
chain length distribution achieved by MM under different values of m and ¢. The current
Zephyr topology implementation from D-Wave offers ¢ = 4, so extending this parameter
allows to infer performance for soon-available QP Us.

By fixing ¢ and varying m (as shown in the left plot of Fig. 6.12), it shows that if m
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Figure 6.12: Left: Effect of m on the maximum chain length, with a fixed ¢ = 4. Right:
Effect of ¢ on the maximum chain length with a fixed m = 8.

is large enough, then the advantages brought by extending the size of the architecture
are null. This hints at the internal structure of the tile as the most important parameter.
I further corroborate this in the right plot of Fig. 6.12, which shows how increasing ¢
effectively reduces the maximum chain lengths as more edges between nodes are available.
Still, the gap between current implementations and those that should offer dependable

performance (i.e., t > 20) is large.

6.3.4 QPU Fabric Extensions

As not even the evolution of current commercial QPU platforms can reliably embed
LDPC QUBO problems, I next investigate how they should be extended towards this
goal. The key factor in decreasing the maximum chain length is the QPU’s internal
connectivity factor. Increasing connectivity within a tile (as shown in Fig. 6.12) offers a
sublinear improvement on the maximum chain length (i.e., from 12 to 4.3 by making the
graph 5 times more complex), hence adding couplers between tiles is proposed.

In the commercial Zephyr, qubits in a tile connect to the corresponding qubits in the
neighboring tiles using external couplers. To extend this design, I denote with a Zephyr-k
the Zephyr topology where each qubit in a tile connects to all the neighboring tiles up to
k, as depicted in the top plot of Fig. 6.13.

The bottom plot of Fig. 6.13 shows the results of the embedding process for several
codeword sizes and (m,t) = (8,4). Increasing the inter-tile connectivity impacts the
maximum chain length and offers an easier target graph for embedding the Qu4Fec QUBO
problem. A Zephyr-2 architecture would introduce 8% more edges than the original
Zephyr, while the Zephyr-8, which may be effective for LDPC decoding, results in a

constant 28% increase in the number of edges.
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Summary

In this chapter, I introduced Qu4Fec, a quantum computing approach for LDPC
decoding. The contribution centered on two key components: i) the design of suitable
codes and i) the formulation of LDPC decoding as a QUBO problem. In simulated
annealing experiments, Qu4Fec outperformed the state-of-the-art QBP by 1.82 dB and
achieved performance comparable to the BP algorithm on classical systems. Considering
recent evidence that quantum computers can operate at significantly lower power levels
than conventional CPUs, Qu4Fec holds promise as a potential replacement for CPU- or
ASIC-based LDPC decoders in future vRAN systems, potentially reducing both power
and memory footprints.

When executed on current quantum annealers, however, QudFec exhibited notable
performance degradation due to the inherent noise and limited reliability of today’s
quantum hardware in encoding QUBO formulations. To address this challenge, I proposed
extensions to the qubit layout that could better accommodate LDPC structures in
future quantum platforms. These improvements aim to close the gap between simulated
and hardware performance, paving the way for more practical integration of quantum

computing in next-generation wireless systems.



Conclusions and Perspectives

The heterogeneity of cloud resources mandates the development of new algorithms
and paradigms that enable financially and energy-efficient resource utilization in next-
generation mobile networks. On one hand, accelerators such as ASICs and FPGAs are
difficult to orchestrate, manage, and share due to their rigid and specialized nature.
On the other hand, recent research has proposed leveraging GPUs, which can be
shared between 5G and Al workloads, to amortize both the initial investment and the
considerable power consumption and operational costs of these high-throughput machines.
However, this approach remains largely theoretical and has yet to be proven in practice.
Therefore, there is a need to explore alternative paradigms that can further improve the
resource efficiency of cloud systems supporting mobile networks.

This thesis addresses the above challenges through contributions in two main
directions. First, it introduces a mechanism for reliably allocating the Virtualized
DU (vDU) on Commercial Off-The-Shelf (COTS) servers, as an alternative to the
ASIC-FPGA-GPU paradigm. Having proven their financial sustainability for long-term
operations, COTS facilitates efficient resource sharing among multiple tenants. Second, it
investigates the feasibility of executing specific components of the physical layer pipeline-
specifically, Forward Error Correction (FEC) decoding-on quantum machines instead of
traditional compute systems. By integrating quantum hardware into the cloud resource
pool, the thesis explores a novel direction supported by studies suggesting that quantum
machines may offer a sustainable path to meet the growing computational demands of

5G and future mobile networks.

7.1 Conclusions

This thesis explored the feasibility of deploying COTS CPU-based systems to support
baseband processing in 5G and beyond mobile networks, offering a more manageable and
shareable alternative among different tenants and applications.

In the first part of this thesis, a cloud-native 5G testbed was rigorously developed

91
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and analyzed. At the time this work was carried out, it represented the first open-source
deployment of a 5G core using Docker and Kubernetes in a fully cloud-native manner.
By leveraging existing open-source projects and developing new modules and tools, I
designed and implemented an end-to-end cloud-native 4G/5G mobile network. This
platform provides a cost-effective environment for developing and validating novel control
and orchestration algorithms, such as ATHENA, without requiring specialized hardware.
The two use cases of dynamic network function orchestration and handover mobility
demonstrated seamless user throughput, highlighting the platform’s practical utility for
researchers and practitioners seeking to experiment with flexible and dynamic network
scenarios.

Building on this cloud-native testbed, Chapter 4 presents ATHENA, a machine
learning framework for radio resource management in vRAN systems. ATHENA optimizes
throughput while ensuring compliance with the baseband processing pipeline’s timing
requirements, according to the compute quota allocated by the underlying cloud
infrastructure, and explicitly accounts for the noisy neighbor effect. The framework
adheres to 3GPP and O-RAN standards, and by leveraging real-time CPU quota
information, it achieves high reliability levels and maintains throughput even under
high congestion scenarios, outperforming the baseline radio resource scheduler, whose
throughput collapses to zero in the same conditions.

In Chapter 5, to support the development of ATHENA and enable rapid experimentation
with different algorithms and architectures, I implemented a digital twin of its core
component, the Low-Density Parity-Check (LDPC) decoder. The digital twin accurately
mirrored the physical decoder’s data distribution, as validated by Kolmogorov-Smirnov
tests with a 99% confidence interval. Furthermore, to gain deeper insights into the internal
functionality of ATHENA’s machine learning components, this chapter also addresses the
system’s explainability, answering questions such as why did ATHENA make a particular
decision? and why did it not choose a different one? In addition, I introduce the concept
of actionable machine reasoning, wherein the system makes subsequent decisions based
on the outcomes produced by ATHENA. On this front, a basic algorithm was developed to
re-orchestrate CPU resources to meet throughput targets while minimizing operational
expenses, demonstrating fast and context-aware responses to changing channel conditions.

Chapter 6 presents QudFec, a solution for LDPC decoding using Quantum Processing
Units (QPUs). The proposed LDPC decoder achieves a BLER improvement of 1.82 dB
over state-of-the-art approaches and delivers similar performance in simulation to
Belief Propagation (BP), a traditional computing algorithm for FEC. However, when
implemented on an actual quantum computer, the decoder’s error-correcting performance
significantly deteriorated, indicating severe limitations imposed by the hardware platform.
To investigate the root causes of this behavior, I analyzed the effects of scaling,

quantization, and the embedding algorithm itself, all of which were found to adversely
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impact wireless channel coding, rendering it currently impractical on commercial QPUs.
In this context, I examined how enhancements to existing quantum platforms could
improve performance and identified key internal connectivity characteristics that a QPU

must possess to support FEC operations in future wireless infrastructure.

7.2 Future Perspectives

The work presented in this thesis lays the groundwork for rethinking how
heterogeneous cloud resources, ranging from general-purpose CPUs to specialized
quantum processors, can be leveraged to support sustainable and high-performance mobile
network infrastructures. Building upon these findings, I hereby provide directions for
future research.

Future work can expand the scope of the current cloud-native testbed to incorporate
emerging classes of accelerators, such as FPGAs and ASICs. Although these platforms
were initially excluded due to their orchestration complexity and cost, recent advances
in virtualization and containerization technologies could enable more dynamic and
programmable integration of such accelerators. For this purpose, the cloud-native
architecture introduced in Chapter 3 provides a foundation that can be extended by
researchers and practitioners to implement Kubernetes Custom Resource Definitions
(CRDs) supporting additional accelerators.

Furthermore, while this thesis focused on ML-based radio resource management
through ATHENA based only on the available CPU quota, future efforts could extend the
framework to incorporate more fine-grained telemetry and workload prediction into the
ML loop. Such metrics could be the nature of the third applications, e.g., best-effort vs
latency-sensitive, that would allow ATHENA to respond even more intelligently to changing
contextual conditions. By being published as open-source, the ATHENA MAC scheduler
can be extended to incorporate these metrics through modifications to the communication
interface between the srsRAN scheduler and the ML module.

Regarding the FEC codes themselves and their evolution across the mobile network
generations, the transition from 4G LTE to 5G NR saw Turbo codes replaced by
LDPC codes, largely due to the high degree of data parallelism offered by parity-check
matrices, which aligns well with the computational capabilities of modern CPU, GPU,
and FPGA/ASIC architectures [114]. Protograph-based LDPC codes [115], which are
already standardized in 5G/NR, are well-suited to the SIMD programming paradigms
supported by the aforementioned platforms. This combination significantly enhances
algorithm performance, resulting in higher throughput.

QPUs, however, exhibit heterogeneous computational characteristics that are
fundamentally different from, and often orthogonal to, those of conventional computing

platforms. In this context, two complementary research directions are emerging at the
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intersection of FEC and quantum computing. First, as derived from Chapter 6, current
quantum computers are unable to handle standard LDPC codes reliably. To fully harness
the potential of QPUs, a novel family of codes could be designed specifically to exploit the
unique optimization capabilities of quantum annealers, such as their ability to efficiently
find global minima in high-dimensional spaces, while considering the constraints imposed
by the qubit fabric layout. Conversely, and orthogonal to the first direction, extensions
of the QPU fabric itself could be envisioned, similar to the proposals introduced in
Chapter 6, targeting application-specific LDPC codes. Such hardware-aware adaptations
could reduce the number of required qubits and, consequently, the noise introduced during
computation, enabling more reliable quantum decoding operations.

Finally, as the computational landscape continues to evolve, a data-driven and
adaptive orchestration layer will be essential to manage the increasing heterogeneity. The
testbed introduced in this thesis can serve as a foundational layer upon which scalable and
modular orchestration systems can be built—capable of dynamically allocating workloads
across CPUs, GPUs, FPGAs, ASICs, and QPUs based on performance, energy, and

latency trade-offs.
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