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Abstract

Optical transport networks are evolving from closed and vertically integrated systems
into open and disaggregated architectures capable of accommodating diverse services
while adapting to rapidly increasing and variable traffic demands. This evolution is
enabled by programmable hardware, standardized data models, and cloud-native
control platforms. The thesis proposes a breakthrough microservice architecture
that allows combining open and disaggregated optical systems, integrating GitOps
and Network as Code practices to achieve automation, continuous integration, and
lifecycle management of optical network control functions.

Building on this foundation, this research explores how Machine Learning (ML) and
Reinforcement Learning (RL) can be applied to address key control and manage-
ment challenges in optical networks. This work focuses on routing and spectrum
assignment, data traffic and optical network state and resource prediction, quality of
transmission estimation, and adaptive transponder configuration optimization. To
enhance the application of ML and RL in optical networks, a Compositional Machine
Learning (CML) framework is introduced, which decomposes complex tasks into
modular ML models that can be combined and stitched as optical control function
pipelines. This approach improves scalability, interpretability, and reuse of ML-driven
control functions. In addition, Machine Learning Operations (MLOps) methods are
incorporated, which involve automated retraining, drift detection, and continuous
monitoring, into the CML framework to ensure robust, resilient, and adaptive model
operation under dynamic network conditions.

By bridging cloud-native architectures with ML-driven control, this thesis advances
the integration of automation and intelligence in optical networks. It also outlines
future perspectives, including cross-layer IP/optical coordination, self-healing closed
loops, and Al-native optical control, paving the way towards autonomous, resilient,
and sustainable optical networks.

Keywords: Open and Disaggregated Optical Networks; Network Management as
Code; Autonomous Optical Networks; Machine Learning; Reinforcement Learning;
ML-driven Optical Network Control; Compositional ML; Al-Native Optical Networks;
Self-Driven Optical Networks.






Résumé

Les réseaux de transport optique évoluent de systemes fermés et verticalement
intégrés vers des architectures ouvertes et désagrégées capables de prendre en
charge des services diversifiés tout en s’adaptant a une demande de trafic en forte
croissance et hautement variable. Cette évolution est rendue possible grice au
matériel programmable, aux modeéles de données normalisés et aux plateformes de
controle cloud-native. Cette these propose une architecture a base de microservices
combinant des systémes optiques ouverts et désagrégés avec les pratiques GitOps et
Network as Code, afin de réaliser 'automatisation, I'intégration continue et la gestion
du cycle de vie des fonctions de controle des réseaux optiques.

Sur cette base, la recherche examine comment ’Apprentissage Automatique (Ma-
chine Learning, ML) et 'Apprentissage par Renforcement (Reinforcement Learning,
RL) peuvent relever les principaux défis de contrdle et de gestion. Les travaux
portent sur l'allocation du routage et du spectre, la prédiction du trafic et de I’état
du réseau, I'estimation de la qualité de transmission ainsi que la configuration
adaptative des transpondeurs. Pour améliorer ces taches, un cadre de Compositional
Machine Learning (CML) est introduit, décomposant des opérations complexes en
modeéles modulaires pouvant étre enchainés en pipelines de contrdle optique. Cette
approche améliore I'évolutivité, I'interprétabilité et la réutilisation des fonctions
pilotées par ML. Des méthodes de MLOps — incluant le réentralnement automatisé,
la détection de dérive et la supervision continue — sont intégrées au cadre afin de
garantir un fonctionnement robuste et adaptatif des modeéles dans des conditions
réseau dynamiques. Les simulations et expérimentations démontrent des gains signi-
ficatifs en termes d’utilisation spectrale, de probabilité de blocage et d’automatisation
opérationnelle par rapport aux approches existantes.

En réunissant architectures cloud-native et controle piloté par ML, cette these fait
progresser l'intégration de I'automatisation et de l'intelligence dans les réseaux
optiques. Elle esquisse également des perspectives telles que la coordination inter-
couche IP/Optique, les boucles fermées auto-cicatrisantes et le contréle de ressources
Al-native, ouvrant la voie vers des infrastructures optiques autonomes et durables.

Mots-clés: Open and Disaggregated Optical Networks; Network Management as
Code; Autonomous Optical Networks; Machine Learning; Reinforcement Learning;
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ML-driven Optical Network Control; Compositional ML; Al-Native Optical Networks;
Self-Driven Optical Networks.
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1.1

Introduction

Overview

The future of optical networks is rapidly being defined by the convergence of four
major technological shifts: architectural disaggregation, standardization, cloud-
native software practices, and the incorporation of Machine Learning (ML) methods
into optical network control and management workflows.

Traditionally, conventional optical networks have been designed as vertically in-
tegrated systems, with vendor-specific hardware, closed control interfaces, and
monolithic management software, which allowed for tight functional coupling and
predictable behavior, but which limited the ability to scale, interoperate between
vendors, or adapt to rapidly changing service requirements. Recent standardization
efforts and open-source initiatives have accelerated a transition toward disaggre-
gated optical network architectures where devices expose abstracted capabilities
through standardized data models and open Application Programming Interfaces
(APIs), enabling independent evolution of hardware and software and promoting
flexible and programmable control.

Simultaneously, operational paradigms are shifting to cloud-native principles, where
network control stacks are being designed as distributed microservice architectures,
deployed on container orchestration platforms, and managed through version-
controlled GitOps workflows. This provides faster iteration, declarative state conver-
gence, and more resilient system behavior through stateless services and automated
reconciliation loops, bringing significant benefits in operational agility and repro-
ducibility, and preparing the ground for intent-based and closed-loop network
automation.

However, despite these advancements in programmability and modular design, the
core challenge that remains is the complexity of decision-making introduced by
such systems. The control plane is now required to manage a growing number of
operational parameters, interdependent resources, and real-time telemetry sources.
Manual intervention, static heuristics, or rule-based logic are no longer sufficient to
scale with the dimensionality and dynamics of today’s optical networks. This lack of



scalable and adaptive intelligence in the control loop comprises the central problem
addressed in this thesis.

This complexity is further increased by the heterogeneity of devices, the variability
in service demands, and the need to meet increasingly stringent performance and
energy-efficiency requirements. Without mechanisms to interpret telemetry, antic-
ipate changes, or make context-aware decisions, the operational benefits of open
and disaggregated networks cannot be fully realized. As networks become more
programmable, the need for automation becomes essential.

In this context, Machine-Learning (ML) offers a promising alternative to conventional
control methods. By learning from data rather than relying on pre-defined rules, ML
models can capture hidden patterns, adapt to non-stationary behavior, and optimize
for multiple (and possibly) conflicting objectives. Forecasting future traffic demands,
estimating signal quality under varying impairments, and selecting appropriate
modulation formats are examples of tasks that benefit from data-driven inference
and continuous learning.

This thesis proposes a Compositional Machine-Learning (CML) framework for open
and disaggregated optical network control. The solution integrates modular learning
components including time-series forecasting models, graph-based representations,
and Reinforcement Learning (RL) agents—into a cloud-native control architecture
driven by GitOps workflows. In addition, it addresses the life-cycle management of
such components through Machine-Learning Operations (MLOps) practices, ensuring
reproducibility, monitoring, and safe integration into production environments.

Unlike previous approaches, which often focus on offline model development or
isolated inference tasks, the framework developed in this work is designed for
end-to-end deployment in realistic network scenarios. Its compositional structure
enables reusability across network functions, topologies, and service objectives. Its
cloud-native orchestration ensures compatibility with existing automation pipelines.
Additionally, its data-driven decision mechanisms offer better adaptability and
performance than static control solutions.

By bridging the gap between disaggregated infrastructure, cloud-native software
engineering, and Machine-Learning-based intelligence, this work aims to contribute
to the development of intelligent, autonomous, and sustainable optical network
control systems.

Chapter 1 Introduction



1.2 Motivation

The motivation for this research comes from the perception that current approaches
to optical network control and automation are insufficient to meet the operational
demands of future communication systems. As transport infrastructures evolve to
support services with stringent requirements on latency, bandwidth elasticity, and
availability, the ability to make prompt and informed control decisions becomes
increasingly critical. However, the current optical network management practices
remain largely reactive, configuration-driven, and dependent on human operators.

One of the fundamental barriers to progress is the lack of scalable intelligence
embedded in the control plane. Even in scenarios where programmability and
telemetry are available, decision logic is often static, heuristic-based, or confined to
a narrow operational context. This results in inefficient resource utilization, slow
response to failures or demand fluctuations, and limited adaptability to unforeseen
conditions. The inability to exploit historical optical network behavior/states/data or
to reason under uncertainty restricts the network’s capacity to operate autonomously
or to optimize for multiple service objectives simultaneously.

At the same time, there is a growing awareness in the research community that
Machine Learning could offer a more flexible and data-driven approach to address
such challenges. Yet, the practical application of Machine Learning in real network
environments remains limited. There is a breach between academic research—often
focused on offline model performance—and the operational facts of deploying
Machine Learning models in production/operational network control loops. Issues
such as integration with orchestrators, model generalization across domains, update
safety, and observability of Machine Learning decisions are often overlooked.

This thesis is motivated by the need to bridge that gap. It is driven by the conviction
that Machine Learning must not be treated as an external add-on but as an integral
component of the network control architecture—subject to the same principles
of modularity, automation, and reproducibility that govern the rest of the system.
Moreover, there is a need to move beyond isolated use cases and toward reusable,
composable, and lifecycle-aware learning components that can be orchestrated
alongside traditional control logic.

Ultimately, this research is motivated by the ambition to enable a new generation of
optical networks—ones that are not only open and programmable, but also capable
of learning from their own behavior, adapting to changing conditions, and making
correct decisions with minimal human intervention. It seeks to contribute to the

1.2 Motivation



1.3

architectural, methodological, and operational foundations required to realize that
vision.

Research Objectives and Questions

The main objective of this thesis has been to develop a modular, intelligent, and
cloud-native framework for the control and automation of open and disaggregated
optical networks. This is achieved through the systematic integration of Machine
Learning and Reinforcement Learning techniques into software-defined optical
network control planes, applicable to any optical network systems. In particular, this
requires ensuring compatibility across multi-vendor environments, which introduces
challenges related to standardization, abstraction of device capabilities, and the
implementation of interoperable interfaces. The research spans architectural design,
control methodology, data-driven learning mechanisms, and the orchestration of
Machine-Learning models in production-like environments.

To achieve this goal, the thesis addresses several key challenges across multiple
dimensions of optical network evolution and intelligence. These include: enabling
openness and disaggregation through standardized control interfaces and declarative
workflows; building Machine-Learning-native components that learn from real or
emulated telemetry; supporting the lifecycle of Machine-Learning models within
cloud-native microservice architectures; and composing multiple learning agents
into cohesive, end-to-end pipelines for multi-objective network optimization.

The following research questions were guided by these requirements:

RQ1: What are the architectural principles required to support modular, programmable,
and flexible control in open and disaggregated optical networks, ensuring inter-
operability across any optical systems? This question explores how openness
and disaggregation change optical network control, and what are the de-
sign choices needed to support interoperability, scalability, and automation
readiness.

RQ2: How can network automation workflows be designed to enable declarative,
intent-based control and integrate seamlessly with continuous deployment and
telemetry feedback mechanisms? This question investigates how cloud-native
software practices such as GitOps, microservice orchestration, and declarative
APIs can be adapted to the context of optical network operations.

Chapter 1 Introduction



1.4

RQ3:

RQ4:

RQ5:

What are the types of Machine Learning and Reinforcement Learning methods
suitable for enhancing decision-making in optical network operations, and how
can they address challenges such as prediction, resource optimization, and failure
response? This question examines the applicability of learning-based techniques
to fundamental control problems in optical networks and investigates the
requirements for their effective training, inference, and generalization.

How can learning tasks be structured and composed in a modular way, to enable
scalable integration of multiple Machine Learning models and facilitate their reuse
across network functions? This question addresses the design of composable
learning pipelines that decompose large optical network control functions into
atomic, manageable and reusable software components.

What operational mechanisms are needed to manage the lifecycle of Machine
Learning models in optical network environments, including deployment, monitor-
ing, retraining, and rollback? This question explores the integration of Machine
Learning Operations (MLOps) practices to ensure reliability, traceability, and
maintainability of Machine Learning-based optical network controls.

Scientific and Technical Contributions

Publications in Peer-Reviewed Conferences

The following scientific publications were produced during the course of this re-

search and presented at top-tier international conferences in optical networking and

automation:

Huy Quang Tran, Omar Houidi, Javier Errea, Dominique Verchére, and Dja-
mal Zeghlache. “MAGC-RSA: Multi-agent graph convolutional reinforcement
learning for distributed routing and spectrum assignment in elastic optical
networks.” In Proceedings of the European Conference on Optical Communication
(ECOC), 2022. This work proposes a distributed multi-agent graph convolu-
tional reinforcement learning (MAGC-RSA) approach for solving the Routing
and Spectrum Assignment (RSA) problem in elastic optical networks. It in-
troduces an architecture based on localized decision agents and shared graph
embeddings to improve scalability and spectrum utilization. The technical
details and system design are discussed in Part II, in the chapters related to
ML applications for resource allocation.

1.4 Scientific and Technical Contributions



* Javier Errea, Huy Quang Tran, Dominique Verchére, Huu Trung Thieu, Andrea
Mazzini, Lahcen Abnaou, Jelena Pesic, Marina Curtol, Abdelali El Imadi, Adlen
Ksentini, et al. “Open disaggregated optical network control with network
management as code.” In Proceedings of the Optical Fiber Communication Con-
ference (OFC), 2023. This paper presents a complete control plane architecture
for open and disaggregated optical networks based on the principles of Net-
work Management as Code (NaC). It demonstrates the integration of GitOps
workflows with T-API-compliant controllers and outlines the automation of
lifecycle operations. The architecture and implementation are detailed in
Part I.

* Javier Errea, Deborah Djon, Huy Quang Tran, Dominique Verchere, and
Adlen Ksentini. “Deep reinforcement learning-aided fragmentation-aware
RMSA path computation engine for open disaggregated transport networks.”
In Proceedings of the International Conference on Optical Network Design and
Modeling (ONDM), 2023. This contribution focuses on a fragmentation-aware
path computation engine for RMSA using deep reinforcement learning in
disaggregated transport networks. It introduces a novel learning reward
function that reduces fragmentation over time, improving long-term spectrum
availability. The methods and evaluation are presented in Part II, and further
integrated into the compositional framework discussed in Part III.

* Huy Quang Tran, Javier Errea, Van-Quan Pham, Dominique Verchére, Adlen
Ksentini, and Djamal Zeghlache. “Dynamic drift-adaptive ensemble-based
quality of transmission classification framework in OTN.” In Proceedings of
the International Conference on Transparent Optical Networks (ICTON), 2023.
This work proposes a dynamic, ensemble-based Quality of Transmission (QoT)
classification framework that adapts to model drift using online performance
monitoring. It addresses the instability of QoT estimation models under
changing conditions, and its contribution is discussed in Part II.

* Javier Errea, Huy Quang Tran, Huu Trung Thieu, Van Quan Pham, Nakjung
Choi, Dominique Verchére, Adlen Ksentini, and Djamal Zeghlache. “Demon-
stration of a compositional learning framework for open and disaggregated
optical network control.” In Proceedings of the Optical Fiber Communication
Conference and Exhibition (OFC), 2024. This demonstration paper showcases
the practical deployment of a compositional ML control framework, combining
forecasting and reinforcement learning in a production-like orchestration setup.
It validates the feasibility of modular ML pipelines and their orchestration via
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GitOps workflows. The demonstration and related architectural principles are
presented in Part III.

Open-Source and Standardization Contributions

* Contributor to the TransportPCE (T-PCE) project within the OpenDaylight
(ODL) platform. Public code contributions: https://git.opendaylight.

org/gerrit/q/project:transportpce+owner:erreal,2540eurecom.fr

* Active participant in the evolution of Transport-API (T-API) standard under
Linux Foundation (LF) Open Network Modeling and Interfaces (ONMI) project

Talks and Technical Community Engagement

* LF Developer and Testing Forum, January 2022:

— “ODL: Planned extension of T-API module and integration of OpenCon-
fig device models in T-PCE” - https://1lf-networking.atlassian.net/
wiki/spaces/LN/pages/15679938

— “ODL: T-API contribution to T-PCE” - https://1f-networking.atlassian.
net/wiki/spaces/LN/pages/15679936

Intellectual Property

* Co-inventor of the patent application titled: “Energy Saving in Dynamic Net-
works by Extension of TE-Bundles”, filed under the European procedure and
currently pending approval.

Organization

The thesis is structured to progressively explain the architectural, methodological,
and operational impacts by integrating cloud-native practices and Machine Learning
(ML) to automate open and disaggregated optical networks. The plan follows a
bottom-up approach—starting with the evolution of network architectures and
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ending with the design, orchestration, and experimental evaluation of intelligent
ML-driven control frameworks.

* Part I - Towards Programmable and Automated Optical Networks: From
Legacy Systems to Openness, Disaggregation and Optical Network Man-
agement as Code. This part introduces the historical and technological trans-
formation from vertically integrated optical systems to open and disaggregated
infrastructures. It examines the role of Software Defined Networking (SDN),
standardization efforts, and multi-vendor interoperability in enabling pro-
grammable and modular transport networks. It also presents the application
of cloud-native engineering principles to the orchestration of disaggregated
optical networks. It outlines the key enabling technologies—such as con-
tainerized microservices, declarative interfaces, and GitOps workflows—and
motivates their relevance to optical network control. Subsequently, it presents
the implementation of a Network Management as Code (NaC) framework,
showcasing practical results and integrations with open and programmable
optical platforms. The part concludes with a summary of the contributions
and findings.

e Part II - Machine Learning Foundations and Applications in Optical Net-
works. This part provides a general overview of Machine Learning (ML)
and Reinforcement Learning (RL) techniques. It surveys existing research on
ML-based network control, categorizing methods by task and learning model,
and highlighting the operational and deployment challenges that persist. It
also focuses on the proof-of-concepts of Machine Learning applications into
resource control and service management functions of disaggregated optical
environments. It introduces the architectural context and design considera-
tions for Machine Learning integration. Then, it present the development,
training, and evaluation of models for different operational functions of optical
networks. An analysis of the results, their limitations, and the lessons learned
concludes this part.

* Part III - Compositional Machine Learning Framework for Open and
Disaggregated Optical Network Control. This part presents a modular Com-
positional Machine Learning framework that focuses on the composition and
chaining of ML-based control components to automate optical network opera-
tions and thereby reduce human intervention. It first introduces the design
principles and system architectures that enable interoperability and reuse of
different models. Subsequent chapters detail the integration of time-series
forecasting, reinforcement learning agents, and orchestration mechanisms

Chapter 1 Introduction



into composite workflows capable of predictive and adaptive decision-making.
Experimental results validate the benefits of this approach. This part con-
cludes with a discussion of its implications for future ML-native optical control
systems.

The thesis concludes with a synthesis of the main contributions and the future
research directions that can be envisioned.

1.5 Organization
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In this part, we present a comprehensive framework for automated optical network
control based on the principles of Network Management as Code (NMaC). This
paradigm introduces a declarative, software-defined approach to orchestrating both
the underlying transport infrastructure and the lifecycle of SDN-based control appli-
cations. Leveraging GitOps as the core operational model, we align infrastructure
and application state with version-controlled repositories, enabling deterministic,
reproducible, and auditable network operations. The chapter focuses specifically
on open and disaggregated optical networks, where heterogeneous hardware and
evolving standards demand a flexible yet robust control plane architecture.

To this end, we introduce an Automation Engine (AE) that serves as the intelli-
gence layer for change detection and response. The AE continuously monitors the
network topology definition, and upon detecting updates—such as the addition of
new nodes, changes in connectivity, or modifications in vendor-specific configura-
tions—it triggers a Continuous Delivery (CD) workflow through a GitOps operator,
in our case ArgoCD. This results in the automated deployment, upgrade, or re-
moval of containerized SDN control functions on a Kubernetes-based microservice
infrastructure.

The proposed architecture supports adaptive deployment scenarios, including the
seamless transition from partially to fully disaggregated optical topologies, and
integrates support for multi-vendor environments. The Automation Engine also
coordinates with enhanced T-API interfaces to reflect the current topology and service
context, enabling real-time synchronization between control plane components and
network state.

Importantly, this work constitutes the first implementation of such a cloud-native
control framework in the optical networking domain, combining GitOps, NMaC,
microservices, and open standards such as T-API and OpenConfig in a unified,
fully automated orchestration pipeline. Through detailed design, deployment, and
demonstration, this chapter validates the ability of the NMaC framework to ensure
continuous alignment between the data plane and the deployed control logic, while
enabling scalable and programmable optical transport automation.
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Introduction

Conventional optical networks emerged during an era mainly focused on delivering
reliable, high-capacity, long-distance transmission. These systems were built on
the foundation of Wavelength Division Multiplexing (WDM), which enabled multiple
optical channels to be multiplexed over a single fiber, increasing throughput signifi-
cantly. The evolution into Dense WDM (DWDM) architectures further amplified this
capacity, pushing transmission speeds from 10 Gbps to 100 Gbps and beyond [1].
These advances supported the exponential growth of global internet traffic and
cloud-based services.

Early optical transport networks emphasized transparency, with minimal electronic
regeneration, and focused on deterministic point-to-point connections. While this
simplified certain aspects of transport, the architecture relied heavily on proprietary
hardware and management systems. Devices such as Reconfigurable Add Drop
Multiplexers (ROADMs), transponders, and optical amplifiers were supplied and
controlled through vertically integrated vendor ecosystems. The design was not
inherently modular or programmable, making it difficult to adapt as service demands
grew more diverse and dynamic [2].

Furthermore, the management and control mechanisms of these conventional sys-
tems were largely static. Legacy protocols such as Generalized Multi Protocol Label
Switching (GMPLS), Simple Network Management Protocol (SNMP), and Com-
mand Line Interfaces (CLI) formed the basis of operational workflows, relying on
human-in-the-loop decision-making for tasks like fault localization, topology up-
dates, and service provisioning. This centralized, manual approach contributed to
long provisioning cycles and constrained real-time responsiveness.

As the demand and scale of services increased—with requirements ranging from
mobile backhaul and enterprise connectivity to Data Center Interconnect (DCI) and
cloud-native workloads—traditional architectures began to show their limitations.
They were not suited for elastic provisioning, telemetry-driven optimization, or
integration into multi-domain orchestration systems.

Despite these constraints, conventional optical networks established the physical and
operational foundations upon which modern architectures are being constructed.
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Their evolution is now driven by the need for agility, openness, and automation,
leading to a shift toward software-defined paradigms and disaggregated hardware
platforms.

The following sections dig deeper into the specific limitations of monolithic optical
networks, setting the stage for a comprehensive exploration of the architectural
and operational transformation shaping the next generation of optical transport

systems.

Limitations of Monolithic Optical Network
Architectures

Traditional monolithic optical network architectures have long served as the founda-
tion for global transport infrastructures. These systems are typically composed of
tightly coupled, vertically integrated hardware and software components sourced
from a single manufacturer. While this approach initially enabled high levels of
performance optimization and stability, it introduced a multitude of limitations
that are no longer viable in the context of modern networking demands, which
emphasize agility, automation, and cost-efficiency.

One of the most critical drawbacks of monolithic optical networks is the phenomenon
of constrained interoperability. In these systems, operators are bound to a single
provider’s line systems, transponders, amplifiers, and control plane software, which
communicate via proprietary interfaces [3]. As a result, interoperability across
different systems becomes virtually impossible without complex integration layers
or costly architectural transformations. This situation, often described as vendor
lock-in, not only inflates Capital Expenditure (CAPEX) and Operating Expenditure
(OPEX) through limited market competition but also hinders innovation, since new
features and capabilities must align with a proprietary development roadmap [4, 5].
Moreover, achieving end-to-end service automation across heterogeneous systems
remains a significant challenge, as data models and control abstractions are rarely
aligned. Even when standardization efforts define common YANG models or open
APIs, slight variations in interpretation and implementation across systems can create
semantic mismatches. Ensuring that two different systems interoperate exactly on
the same model—without translation or adaptation—remains difficult in practice,
further complicating integration.
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Fig. 2.1.: Tlustration of a monolithic optical network architecture showing vertically inte-
grated components and proprietary interfaces.

As shown in Figure 2.1, the tightly coupled nature of monolithic optical architectures
produces fragmented control and management domains with limited adaptability
that complicate integration, scalability, and automation. These systems generally
rely on static provisioning models, where lightpaths and bandwidth resources are
manually configured by network operators during the planning or commissioning
phase [6]. These configurations are executed through proprietary Network Manage-
ment Systems (NMS), each with its own operational logic. End-to-end provisioning
often requires the operator to configure each device in the optical path separately,
performing sanity checks, verifying link budgets, and ensuring protocol-specific
compatibility.

The complete service lifecycle—from network planning to billing—entails numerous
disjointed steps: conducting site surveys and fiber qualification; drafting transmis-
sion design based on link budgets, modulation formats, and amplifier placements;
ordering and physically installing equipment; configuring devices through NMS or
CLI; activating services via dedicated workflows; and finally, integrating the service

2.1 Limitations of Monolithic Optical Network Architectures
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into Operational Support Systems/Business Support Systems (OSS/BSS) layers for
customer management and billing. Each step is resource-intensive, heavily manual,
and introduces significant latency into service delivery pipelines.

Moreover, conventional optical network design is not equipped to respond to evolv-
ing customer demands in real-time. Modifying services—be it due to bandwidth
changes, protection switching, or rerouting—often entails repeating large parts of
the provisioning and validation process. This lack of agility is a direct consequence of
monolithic architectures’ limited telemetry, closed APIs, and absence of centralized
abstraction.

Another major limitation of traditional architectures is the lack of telemetry and
real-time programmability. Legacy control planes, such as those based on GMPLS
or proprietary management protocols, offer limited visibility into the physical layer,
with minimal support for streaming telemetry or closed-loop control [7]. Operators
are often forced to rely on polling mechanisms, CLI-based monitoring, or static
thresholds, which provide delayed or incomplete information about network perfor-
mance. The absence of real-time feedback inhibits proactive fault management and
performance optimization. For instance, degradation in optical signal quality may go
unnoticed until it breaches the Bit Error Rate (BER) threshold, resulting in service
outages and Service Level Agreement (SLA) violations. Similarly, network planning
tools must rely on worst-case design margins due to the lack of real-time Quality-
of-Transmission (QoT) data, leading to underutilization of network resources [8,
9].

Monolithic systems typically employ closed software architectures that prevent the
integration of third-party applications, orchestration systems, or SDN controllers.
The network control and management stack is a black box, hindering external
programmability and making it difficult to implement advanced functionalities [10].
Even in systems where some form of management interface is exposed, such as
SNMP, the data models are inconsistent and lack the semantic richness required for
automation. In contrast, modern frameworks based on standardized YANG models
and NETCONF/RESTCONF protocols support model-driven management, enabling
a high degree of abstraction and automation [11, 12].

The tightly coupled nature of monolithic systems makes them inherently difficult
to scale or evolve. Adding new transponders, Reconfigurable Optical Add Drop
Multiplexer (ROADMs), or amplifiers often requires compatibility checks, firmware
updates, and sometimes even hardware replacements to ensure interworking. Such
upgrades are labor-intensive, service-disruptive, and often require direct manufac-
turer support [13]. Furthermore, the lack of disaggregation prevents the modular
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scaling of subsystems. For instance, increasing transmission capacity in a specific
part of the network may necessitate changes across the entire system stack due to
compatibility constraints, making the network less agile in responding to unplanned
capacity demands.

These limitations position monolithic networks firmly within the lower levels of the
Tele Management (TM) Forum’s Autonomous Networks framework—specifically Lev-
els 0 and 1—which are characterized by fully manual or tool-assisted operations with
limited automation, no closed-loop control, and siloed domain management [14].
Progressing beyond these levels requires breaking away from proprietary constraints
and embracing openness, standardization, and programmability.

In summary, monolithic optical network architectures are constrained by proprietary
control stacks, static provisioning, lack of real-time telemetry, and scalability bot-
tlenecks. While terms such as vendor-specific, vendor-neutral, or multi-vendor are
often used to describe these challenges, they are not technical problems per se but
rather business strategies by operators seeking to mitigate dependency on a single
manufacturer. From a technical perspective, the real challenge is ensuring that
network resource control and service management operate seamlessly across any
type of optical system, independent of origin. This is made possible by the abstraction
capabilities provided by standardized data models and open frameworks. By relying
on these abstractions, optical networks can achieve interoperability and automa-
tion across heterogeneous technologies, overcoming the structural limitations of
monolithic systems.

Key Drivers of Optical Network Transformation

The transformation of optical networks is being driven by a congregation of tech-
nological, operational, and economic demands: exponential traffic growth from
5G and cloud-native applications, dynamic service expectations, and the need for
agility, cost efficiency, and automation in network operations. Modern optical net-
works are expected not only to scale in capacity but also to meet stringent latency
guarantees, enable dynamic programmability, and support closed-loop control. This
shift—from static, hardware-centric systems to dynamic, software-defined infras-
tructures—marks a fundamental evolution in network design and management [15,
16].

A primary motivator for this transition is the explosive increase in bandwidth de-
mand. According to Cisco’s Global Cloud Index, global IP traffic exceeded 4.8

2.2 Key Drivers of Optical Network Transformation
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zettabytes in 2022, driven by streaming video, hyperscale cloud interconnectivity,
and emerging Artifitial Inteligence (AI) workloads [17]. Services such as enhanced
Mobile Broadband (eMBB), ultra-Reliable Low-Latency Communication (uRLLC),
and massive Machine-Type Communications (mMTC) associated with 5G have intro-
duced new classes of service with diverse and unpredictable transport profiles [18].
The legacy paradigm of over-provisioning static optical connections is inadequate in
the face of these dynamic demands. Network infrastructures must support elasticity,
real-time reconfiguration, and telemetry-driven adaptation.

Simultaneously, advances in optical hardware have made the physical layer in-
creasingly programmable. Coherent digital signal processing (DSP), flexible-grid
ROADMSs, and Sliceable Bandwidth-Variable Transceivers (S-BVTs) now enable per-
channel tuning of key transmission parameters such as symbol rate, modulation
format, and optical spectrum allocation [19, 20]. These capabilities strengthen
the concept of Elastic Optical Networks (EONs), in which spectral resources are
dynamically allocated in response to service-level requirements. Additionally, the
introduction of Open Line Systems (OLS)—in which terminal equipment (e.g.,
transponders) and the line system (e.g., ROADMs and amplifiers) are provided from
different vendors—has enabled multi-vendor deployments, reduced vendor lock-in,
and created a path toward modular, software-defined optical networks [21].

This technological shift aligns closely with the architectural principle of disaggre-
gation. In the legacy monolithic architecture, optical transport networks are built
using tightly integrated systems, where optical devices and their associated control
and management software are provided by a single manufacturer. These elements
are designed to interoperate within a proprietary ecosystem, managed through a
vendor-specific NMS that limits external access and programmability. While such
vertical integration can simplify provisioning and guarantee performance, it leads to
high operational costs, vendor lock-in, and limited flexibility in adopting emerging
technologies or mixing equipment from different suppliers.

The partially disaggregated architecture emerged as a transitional phase to address
these limitations. In this model, operators retain the vendor-specific OLS but allow
the integration of transponders and terminal devices from third-party vendors. This
is achieved through open optical interfaces and standardized signal specifications,
enabling plug-and-play interoperability at the photonic layer [21, 22]. However,
while the transponders may be configured through their own vendor-specific or
standardized APIs, the OLS remains controlled by a proprietary domain controller.
As a result, the management remains fragmented: the OLS and transponders are
independently managed, often requiring manual coordination or custom integration
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logic between systems. Although this architecture improves flexibility and enables
technological innovation at the network edge, it does not yet deliver full software-
defined control or unified telemetry across the end-to-end optical path.

Fully disaggregated architectures represent the next stage in this evolution by
decoupling not only the hardware components but also the control and management
layers. In this model, all network elements—transponders, ROADMs, amplifiers,
and other optical devices—expose standardized, model-driven interfaces such as
NETCONF [11], RESTCONF [12], or gRPC [23] using YANG data models. These
southbound interfaces enable a logically centralized SDN controller to replace
legacy vendor-specific NMS, providing unified orchestration of the entire optical
domain. The controller maintains a real-time inventory and topological view of
the disaggregated network, and supports service provisioning, path computation,
telemetry collection, and fault management. It can also interface with upper-layer
orchestrators or OSS/BSS platforms via northbound APIs, ensuring integration
across the broader service management stack.

From an operational perspective, full disaggregation offers several advantages:
unified control, support for heterogeneous optical systems, faster innovation cycles,
and easier integration with automation frameworks and external applications. It
also allows finer-grained optimization, since devices can be individually tuned or
upgraded without disrupting the entire system. At the same time, this paradigm
introduces new challenges, including increased effort in system integration, the need
for rigorous interoperability testing, and reliance on robust SDN controllers capable
of operating in multi-technology environments.

Figure 2.2 illustrates this architectural trajectory—from monolithic, vertically inte-
grated systems to fully disaggregated environments where modularity, openness,
and interoperability are foundational design principles [22].
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Fig. 2.2.: Evolution from partially to fully disaggregated optical transport architectures
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To enable this vision, standardized YANG models play a central role. They provide
the common information structures that controllers and orchestrators rely on to
interact with heterogeneous devices and domains. These models serve different
levels of abstraction depending on their purpose and scope.

OpenConfig offers vendor-agnostic control over individual device behaviors—such
as wavelength assignment, optical power, and modulation formats—making it
particularly suitable for programmable transponders and OLS components in white-
box scenarios [24]. It supports both configuration and streaming telemetry through
gRPC Network Management Interface (gNMI), enabling closed-loop monitoring and
rapid fault detection.

In contrast, OpenROADM expands its scope to model topologies, operational con-
straints, and service layers. Its unified schema enables coordinated provisioning
across ROADMs, amplifiers, and transponders while ensuring consistency across
vendors [5]. OpenROADM also promotes component-level disaggregation, modeling
each optical function—e.g., amplifiers, degrees, add/drop ports—as an independent
network element. While this fine granularity supports detailed service provisioning
and failure isolation, it significantly increases interoperability complexity across
vendors and network domains. Furthermore, OpenROADM lacks native support for
streaming telemetry, relying solely on polling-based retrieval of operational data.

At a higher level, the Linux Foundation Transport-API (T-API) introduces a service-
oriented abstraction that is topology- and vendor-agnostic [25]. Rather than mod-
eling individual device parameters, T-API focuses on connectivity services, logical
termination points, and virtual topologies. It is designed for multi-domain service
orchestration, where controllers within each domain—whether OpenROADM- or
OpenConfig-based—present a harmonized view of capabilities to a centralized or-
chestrator. TAPI enables intent-driven operations, dynamic path computation, and
end-to-end lifecycle management without requiring exposure to underlying photonic
constraints [26]. The combination of OpenConfig for device-level modeling and
gNMI telemetry with T-API for abstracted service orchestration effectively fulfills the
functional scope that OpenROADM aims to address. This architectural separation
allows high-frequency observability at the device layer and scalable, intent-driven
coordination at the service layer, while minimizing integration overhead and main-
taining alignment with modern cloud-native design principles.

The progressive disaggregation of optical networks provides the necessary founda-
tion for advancing through the TM Forum’s autonomous network levels. At the lower
end of the spectrum, Level O (manual operations) reflects the traditional monolithic
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model, where all service configuration, fault handling, and performance optimiza-
tion are carried out manually through vendor-specific management systems. The
introduction of partially disaggregated architectures, where third-party transponders
operate alongside proprietary optical line systems, corresponds to Level 1 (assisted
automation). Here, basic automation scripts or controller-based interfaces (e.g., CLI
wrappers, domain-specific NMS) assist human operators in provisioning tasks, but
end-to-end workflows still rely on manual validation and coordination.

As networks adopt open interfaces and model-driven SDN control—enabled by
YANG models—the control plane becomes programmable, and telemetry data can be
collected in near real-time. This capability enables the transition to Level 2 (partial
automation), where intent-based provisioning, automated path computation, and
proactive monitoring can be executed within a domain under SDN control. However,
these systems typically lack automated correlation across domains, unified service
assurance, or closed-loop feedback mechanisms.

To move to Level 3 (conditional automation), disaggregated optical systems must
be integrated into end-to-end orchestration frameworks that can translate service
intents into executable configurations, validate constraints, and automatically re-
configure services in response to faults or performance degradation. This demands
not only a robust SDN infrastructure but also the use of telemetry-driven policies,
analytics engines, and programmable assurance functions.

Level 4 (high autonomy) introduces closed-loop control mechanisms across optical
domains, enabling dynamic adaptation of transponders, ROADMs, and other optical
network elements based on real-time traffic or impairment data. At this stage,
most control decisions are automated, but human operators still intervene for
policy updates or exception handling. Achieving Level 5 (full autonomy) in optical
networks implies an end-to-end architecture capable of intent-driven orchestration,
self-healing behaviors, and Al-guided optimization—without manual intervention.
Optical resources are continuously monitored and adjusted using machine learning
models, making the transport layer responsive, resilient, and fully integrated into
autonomous service delivery. A domain-specific interpretation of the TM Forum
autonomous levels for optical networks is presented in Table 2.1.

In conclusion, the ongoing transformation of optical transport networks is under-
pinned by the confluence of exponential traffic growth, heterogeneous service-level
requirements, CAPEX/OPEX pressures, and the maturing of programmable optical
components. Architectures based on disaggregation and software-defined network-
ing provide the necessary abstraction layers to decouple control from hardware and
enable heterogeneous multi-vendor deployments. Meanwhile, standardized YANG

2.2 Key Drivers of Optical Network Transformation
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models and interoperable APIs facilitate deterministic configuration, performance
monitoring, and service orchestration. Despite these foundational advances, most de-
ployments remain limited to domain-specific automation and lack cohesive lifecycle
integration. Achieving higher levels of autonomy—as defined by frameworks such
as the TM Forum Autonomous Networks model—requires not only technological
convergence but also alignment of operational workflows, data modeling ecosystems,
and deployment pipelines. This research aims to address these systemic gaps by
demonstrating how open, disaggregated, and programmable optical networks can
be operationalized through declarative automation frameworks and cloud-native
orchestration techniques that progressively unlock the next levels of autonomy.

The evolution of optical networks toward openness, disaggregation, and programma-
bility represents a foundational shift in both architecture and operations. As this

Tab. 2.1.: Autonomous Network Levels Applied to Optical Transport (based on TM Forum
autonomous network Framework)

Level Interpretation in Optical Networks

0 - Manual Legacy monolithic systems with manual provi-
sioning. CLI or NMS used for configuring optical
elements. No telemetry or automation capabili-
ties.

1 - Assisted Partial disaggregation allows some device diver-
sity. Operators use basic SDN tools or scripts
for configuration. Most workflows are human-
executed.

2 — Partial Automation SDN controller manages disaggregated optical
components using NETCONF/RESTCONEF/gRPC.
Provisioning and telemetry are automated within
domains.

3 - Conditional Automation | Cross-domain orchestration supports intent-
based provisioning and automated fault response.
Pre-defined conditions trigger reconfiguration.
Telemetry and analytics inform decisions.

4 - High Autonomy Closed-loop control for optical topology, mod-
ulation formats, and power levels. Multi-layer
coordination. Human role limited to policy set-
ting and validation.

5 — Full Autonomy Optical infrastructure is fully autonomous. Artifi-
tial Inteligence (AI)/ML systems handle service
assurance, self-optimization, and end-to-end or-
chestration. No human involvement in control
loops.
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chapter has shown, the combination of traffic-driven pressures, programmable optics,
and standardized SDN control is reshaping the transport layer into a more agile,
vendor-neutral, and automation-ready infrastructure. Yet, despite these advances,
most current deployments remain only partially automated, falling short of the
higher levels of autonomy. Bridging this gap requires not only technical interoper-
ability but also operational transformation—redefining how control, configuration,
and service logic are developed, deployed, and managed. The next section addresses
this critical challenge by introducing a cloud-native operational paradigm that ap-
plies DevOps principles, declarative automation, and GitOps pipelines to the control
and orchestration of open and disaggregated optical transport networks.

Towards the Next Era of Optical Networking

The evolution of communication networks has been driven by increasing demands
for high-throughput, ultra-reliable connectivity, secure infrastructure, and—more
recently—energy-efficient operation [27, 28]. As digital societies evolve, optical
networks have emerged as the technological foundation enabling massive data
transport across metropolitan, regional, and long-haul segments. They offer unpar-
alleled capacity, low latency, and high resilience, and today constitute the backbone
of global communication systems [29, 30]. However, the escalating complexity
and heterogeneity of optical network infrastructures—spanning diverse vendors,
technologies, and protocol layers—has outpaced the capabilities of traditional man-
agement paradigms. These future networks will no longer be composed of static
point-to-point connections, but are instead dynamic, multi-domain, and multi-
layered ecosystems where transponders, ROADMs, amplifiers, and controllers must
be orchestrated cohesively in real time [31, 32].

This growing complexity stems from multiple converging factors. First, the trend
toward network disaggregation has led to a decoupling of hardware and software
components, resulting in highly modular but inherently heterogeneous infrastruc-
tures [33]. This modularity, while promoting flexibility and vendor independence,
introduces significant integration overhead, as each component may come with its
own configuration mechanisms, life-cycle management processes, and operational
semantics. Second, optical transport networks are no longer static infrastructures;
they are expected to support dynamic service provisioning, real-time reconfiguration,
and high resiliency in the face of failures or traffic surges [34]. This operational
dynamism requires a control plane capable of managing rapid changes across lay-
ers and domains without human intervention. Third, as optical networks scale
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across geographic and administrative boundaries, the number of interconnected
elements—such as transponders, ROADMs, amplifiers, and monitoring tools—can
grow exponentially [35]. Coordinating the behavior of such a large and distributed
system in a consistent and reliable manner is inherently challenging. Moreover, the
lifecycle of these systems spans multiple years, during which software, hardware,
and protocols evolve asynchronously. Ensuring interoperability, version compatibility,
and continuous service availability under these conditions represents a non-trivial
engineering problem. Thus, the control and management plane must not only scale
with the physical network but also adapt flexibly to new capabilities, deployment
environments, and evolving operational requirements.

To address these challenges, the industry has increasingly embraced cloud-native
principles in the design of control and orchestration frameworks [36]. Microservice-
based architectures enable fine-grained functional decomposition, independent
scaling, and fault isolation. Moreover, the incorporation of advanced software en-
gineering practices—such as DevOps, Network-as-Code (NaC), and GitOps—has
introduced a new paradigm for managing optical networks. These methodologies
leverage infrastructure-as-code principles to version-control the network state and
enable continuous deployment and reconciliation of control functions based on Git
repositories. ArgoCD and similar tools constantly monitor the health and configura-
tion drift of microservices deployed on Kubernetes, ensuring that the running state of
the network remains aligned with its declarative definition [37]. This DevOps-driven
paradigm not only reduces operational overhead but also allows operators to swiftly
integrate new features, adhere to evolving open standards, and automate lifecycle
management of the control plane [38].

This chapter is dedicated to unpacking the technical foundations and integration
strategies of these enabling technologies. We analyze their architectural patterns,
operational workflows, and implementation trade-offs, providing a cohesive view of
how infrastructure-as-code and declarative network operations can transform the
control of large-scale, heterogeneous systems. By decoupling intent from realization
and enabling continuous alignment between them, these paradigms redefine the
reliability, adaptability, and evolvability of networked infrastructures.

In later sections, we transition from the abstract capabilities of these technologies
to their concrete realization in the domain of transport networks. In particular, we
explore how DevOps workflows, NaC models, and GitOps operations can be applied
to the orchestration of disaggregated, multi-vendor systems, then demonstrating
their effectiveness in managing the complexity of modern network control.
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2.3.1 DevOps: Bridging Development and Operations

DevOps represents a transformative paradigm that unifies software development
and operational practices, with the objective of accelerating the delivery lifecycle
while maintaining system reliability and service quality [39, 40]. Originally rooted
in the cloud-native and enterprise IT domains, DevOps has evolved to emphasize
automation, Continuous Integration and Continuous Deployment (CI/CD), ver-
sion control, Infrastructure as Code (IaC), automated testing, and feedback-driven
improvement. These practices have become instrumental in enabling continuous
delivery of features, reducing human error, and ensuring resilience across complex
system architectures [41, 42].

In large-scale distributed systems, such as those supporting financial services, e-
commerce platforms, and industrial Internet of Things (IoT) applications, the adop-
tion of DevOps has been central to achieving operational agility. These domains often
involve mission-critical applications where system downtime or service disruptions
incur significant costs. The iterative nature of DevOps, coupled with its emphasis on
infrastructure automation and observability, allows for incremental and safe rollouts,
rollback mechanisms, and performance-driven optimizations [43].

A foundational practice within DevOps is [aC, which formalizes infrastructure provi-
sioning and management through machine-readable, declarative configuration files
typically written in JavaScript Object Notation (JSON), Yet Another Markup Lan-
guage (YAML), or HashiCorp Configuration Language (HCL). IaC enables consistent
and repeatable deployments by abstracting hardware and platform dependencies
through tooling such as Terraform, Ansible, or Pulumi [44]. It also promotes col-
laboration through shared repositories, peer reviews, and automated validation
workflows. This ensures that infrastructure changes undergo the same rigor and
traceability as software code.

These declarative models are often aligned with a higher-level abstraction known
as network intent, which defines the desired operational state or service objective
without prescribing how that state is to be achieved. Intent-based models allow
developers and operators to express requirements such as connectivity, performance,
or security constraints, while delegating the translation and enforcement of these
requirements to automated systems. This abstraction is increasingly used in con-
junction with DevOps and GitOps workflows to ensure that changes are not only
syntactically valid, but also aligned with business or service-level objectives [45,
46].
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CI/CD pipelines are the operational model of DevOps environments. These pipelines
automate the end-to-end steps from code commits to system deployment, encompass-
ing unit testing, static code analysis, integration testing, compliance verification, and
runtime deployment [47]. Mature CI/CD pipelines are instrumented with telemetry
hooks that collect performance and availability measure data, enabling observability
and facilitating Root-Cause Analysis (RCA) in the case of failure [48]. This real-time
feedback loop ensures that changes made to infrastructure or applications can be
validated and optimized continuously, allowing teams to respond rapidly to emerging
issues or performance regressions.

DevOps also emphasizes the cultural and organizational shift towards shared ac-
countability between developers and operators. Traditional silos—where develop-
ment teams handed over software artifacts to operations teams—are replaced by
cross-functional teams that own services throughout their lifecycle. This integration
has been shown to increase system reliability, shorten lead times for changes, and
improve recovery from incidents [49]. However, achieving this alignment often
requires changes not only in tooling but also in organizational mindset, workflows,
and incentives.

While initially adopted in software-centric domains, the principles of DevOps have
gained traction in other areas that involve complex infrastructure and high-frequency
change cycles. Domains such as automotive systems, where software-defined vehicles
require frequent updates [50], and telecommunication networks, where Virtualized
Network Functions (VNFs) are dynamically instantiated and scaled [51], have
increasingly adopted DevOps tooling and methodologies to streamline operations
and ensure continuous service delivery. These use cases reveal both the potential and
the challenges of DevOps in infrastructure-heavy environments: while automation
and continuous deployment reduce configuration drift and accelerate delivery, they
also demand stringent validation mechanisms, strong version control discipline, and
robust rollback procedures to prevent cascading failures.

The application of DevOps in such domains highlights its adaptability to scenarios
where safety, compliance, and distributed infrastructure play an important role.
However, this same complexity introduces operational challenges, particularly in
terms of managing the proliferation of automation scripts, CI/CD configurations,
and interdependent pipelines. Moreover, the abstraction of infrastructure through
code does not eliminate the underlying complexity—it shifts the burden toward
understanding, testing, and maintaining the logic encoded in declarative models
and automation flows.
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By providing a systematic approach to automation, monitoring, and lifecycle man-
agement, DevOps transforms static and manually managed systems into resilient,
self-correcting, and scalable platforms [39]. In the context of this thesis, DevOps pro-
vides the foundational methodology upon which further layers of automation—such
as NaC, GitOps, and MLOps—are constructed. These subsequent paradigms extend
DevOps principles into the domain of network and ML system orchestration, en-
abling scalable, version-controlled, and intent-driven management of highly dynamic
infrastructures.

Network as Code: Redefining Network Management

Building upon the foundational practices established by DevOps, the concept of
Network as Code (NaC) represents a fundamental shift in how network infrastructures
are designed, provisioned, and operated. While IaC has traditionally focused on
compute and storage layers, NaC extends these principles to the network domain,
treating topologies, routing policies, service definitions, and device configurations
as declarative, version-controlled software artifacts [52]. This approach enables
reproducibility, automation, and traceability in managing complex infrastructures,
aligning network operations with the agility and rigor of modern software delivery
pipelines.

NaC encapsulates network state within structured, machine-readable models using
formats such as YAML or JSON. These configurations define both static parameters
(e.g., addressing, ACLs, BGP neighbors) and dynamic behaviors (e.g., service chain-
ing, path selection, fault recovery) [53]. Stored in version control platforms like
Git, they support workflows based on peer review, diff validation, and automated
deployments—enabling team collaboration, rapid iteration, and rollback.

Model-driven architectures based on YANG schemas have further matured NaC
frameworks [54], allowing orchestrators to interact with heterogeneous devices
via vendor-neutral abstractions. High-level service intent—expressed in terms of
availability, latency, or bandwidth objectives—is translated into device-level config-
urations by orchestration engines. This decoupling of intent and implementation
simplifies service design and ensures compliance with operational policies [45,
46].

In dynamic environments—such as edge, multi-cloud, or disaggregated topolo-
gies—NaC enables reactive and automated updates through CI/CD pipelines. Declar-
ative models serve as the single source of truth, and reconciliation agents ensure
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that live infrastructure converges toward the desired state [55]. These pipelines
typically validate changes through syntax checks, policy enforcement, simulations,
and staged deployments, minimizing service disruptions and configuration drift.

By aligning configuration changes with Git-based workflows, NaC introduces a
disciplined, auditable, and collaborative process to network engineering. Operators
can implement changes through feature branches, submit pull requests, and trigger
automated validation stages before deploying updates. These workflows improve
transparency, reduce human error, and enable team-wide accountability [56]. They
also facilitate integration with telemetry systems and intent frameworks that adapt
the network state in response to real-time KPIs.

NaC supports modular and reusable configuration logic, which is particularly use-
ful in heterogeneous or multi-domain networks. Whether orchestrating overlays,
underlays, or containerized networks, NaC provides a unifying abstraction layer
that minimizes vendor lock-in and promotes interoperability [57]. It also integrates
with SDN controllers, service mesh agents, or IBN engines to support event-driven
operations and autonomous policy enforcement.

Despite its benefits, NaC presents several adoption challenges. Declarative modeling
requires specialized knowledge, and the transition from imperative CLI workflows to
Git-based automation can face organizational resistance. Errors in configuration tem-
plates—when propagated via CI/CD—may lead to network-wide disruptions unless
validation pipelines are robust. Managing complex inheritance chains, branching
strategies, and schema changes in large-scale deployments also introduces tooling
and governance overhead. Furthermore, even with standardized models, differences
in device capabilities and semantics across vendors may necessitate custom logic or
adaptation layers to ensure correctness.

In summary, NaC extends software engineering principles to networking by treating
configuration as code, enabling scalable, reliable, and auditable network manage-
ment. However, its effective adoption demands investment in modeling standards,
validation tooling, team training, and interface normalization to fully unlock its
potential in modern network environments.

GitOps: A Declarative Approach to Network Management

GitOps extends the principles of DevOps and NaC by introducing a declarative and
version-controlled operational method in which Git acts as the central source of
truth for system and network configurations. Rather than relying on imperative
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commands or ad hoc scripts to manage infrastructure, GitOps enforces a closed-loop
reconciliation process where the intended system state, expressed in machine-
readable files (e.g., YAML or JSON), is automatically compared and synchronized
with the actual system state [58].

In a GitOps-based workflow, configuration artifacts representing the desired net-
work or infrastructure state—including topology definitions, routing policies, device
parameters, and access rules—are committed to a version control system, such as
Git. These changes are introduced via pull requests, enabling rigorous code review,
audit trails, and automated validation through CI/CD pipelines. Upon approval and
merging, GitOps controllers—such as ArgoCD or Flux—observe the repository for
changes and reconcile them against the running system using declarative deployment
strategies [59, 60]. If any drift or inconsistency is detected, the controllers auto-
matically bring the system back to the intended state, ensuring alignment between

configuration and realization.

This approach yields several operational advantages. GitOps provides strong guaran-
tees of reproducibility and traceability, as every configuration change is recorded,
versioned, and attributable. Rollbacks are simple, safe, and deterministic: reverting
a misbehaving deployment involves checking out a previous Git commit, which
the controller then enforces on the live system. These properties reduce manual
intervention, lower the risk of configuration drift, and accelerate the mean time to
recovery after failure [61].

GitOps also enhances organizational transparency and compliance. All modifications
to infrastructure are made through version control system workflows, subject to fine-
grained access control, code review policies, and cryptographic signing. This aligns
with regulatory and governance requirements in sectors like healthcare, finance,
and government IT, where auditability and operational control are essential [62].
Moreover, GitOps encourages collaboration between development, operations, and
security teams by unifying them around a shared, declarative interface for managing
infrastructure.

Despite its advantages, GitOps introduces several operational challenges. Declarative
definitions must be carefully validated, as misconfigured files can lead to unintended
system behaviors or service outages. In complex deployments, the reconciliation
logic may be difficult to debug when dependencies between services or components
are not well defined. Furthermore, performance and scalability considerations arise
when applying GitOps to large-scale environments with high update frequency,
especially when reconciling across distributed clusters or edge nodes. These issues
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Fig. 2.3.: Integrated control stack combining DevOps, Network as Code, and GitOps.

demand robust pipeline testing, clear modularization of configuration, and careful
management of reconciliation intervals to ensure system stability.

The relationship between DevOps, NaC, and GitOps is illustrated in Figure 2.3.
DevOps defines the automation and collaboration patterns, NaC provides structured
modeling of network state, and GitOps operationalizes these models by ensuring
consistent deployment and self-healing behavior through continuous reconciliation.
Together, these methodologies form a coherent stack for programmable and resilient
infrastructure management.

GitOps has been widely adopted in cloud-native environments, particularly within
Kubernetes ecosystems, due to its scalability, modularity, and ease of automation.
Its principles are now being extended to other domains, including edge computing
[63], 5G orchestration [64], and hybrid cloud management, where reproducible and
auditable deployments are essential.

In the next section, we examine how these declarative and automated practices are
further reinforced by cloud-native microservice architectures, which provide the
modular runtime environment needed to scale and isolate control functions across
complex infrastructure domains.
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2.3.4 Cloud-Native Microservice Architectures

The automation-centric principles introduced by DevOps, NaC, and GitOps find
their operational foundation in cloud-native microservice architectures. These ar-
chitectures provide the structural and runtime environment required to implement
modular, observable, and dynamically managed systems, especially in domains char-
acterized by distributed infrastructures, heterogeneous components, and evolving

service demands.

At their core, cloud-native architectures are defined by the decomposition of appli-
cations into microservices—independently deployable, loosely coupled components
that encapsulate narrowly scoped functionalities. Each microservice is responsible
for a specific domain/application (e.g., user authentication, resource scheduling,
telemetry collection) and communicates with other services through lightweight
protocols such as REST, gRPC, or message queues. This separation of concerns facili-
tates parallel development, continuous delivery, and functional isolation, in contrast
to monolithic systems where components are tightly integrated and deployed as a
single unit [65, 66].

Microservices are typically packaged in containers, which include all dependen-
cies, runtime libraries, and configuration required for execution. These containers
are orchestrated by platforms such as Kubernetes, which automate deployment,
scheduling, scaling, fault recovery, and lifecycle management across clusters of
compute nodes. Declarative manifests—often written in YAML—define the desired
deployment state, including service replicas, resource quotas, networking rules,
and health checks. Kubernetes continuously reconciles the actual system state with
this declarative intent, providing a self-healing and adaptive runtime environment
[67].

This paradigm is inherently compatible with NaC and GitOps workflows. Each
microservice’s configuration, environment, and orchestration logic is defined as
version-controlled code, stored in Git repositories and subject to collaborative devel-
opment workflows. Updates are delivered through CI/CD pipelines, while GitOps
agents monitor the repository for changes and ensure consistent propagation to
the live infrastructure. In this way, microservices become not just functional units
but also policy-bound entities whose behavior and deployment are governed by
declarative automation loops.

Cloud-native microservices offer several advantages. They enable independent scal-
ing of system components, allowing operators to respond elastically to changing
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workload patterns. They also support fault containment, where failures in one mi-
croservice do not cascade system-wide, increasing availability and reducing recovery
time. From a development perspective, microservices promote agility: teams can
build, test, and release new features in isolation, reducing coordination overhead
and accelerating innovation cycles.

Industries such as finance, e-commerce, and content delivery have embraced mi-
croservices to meet the demands of high availability, low latency, and continuous
feature rollout. Their success illustrates the effectiveness of this architectural model
in managing distributed and mission-critical systems [65, 66, 67].

Operational Complexity Considerations

While cloud-native microservice architectures provide significant advantages in terms
of modularity, scalability, and agility, their adoption in the context of disaggregated
optical networks introduces a new layer of operational complexity that must be
carefully examined.

One of the primary challenges arises from the large number of microservices that
must be managed. In large-scale deployments, it is not uncommon to have hundreds
of microservices, each responsible for a specific function such as topology discovery,
telemetry ingestion, path computation, or policy enforcement. This increases the
complexity of service orchestration, lifecycle management, and dependency tracking.
Each microservice may have its own configuration, versioning scheme, and resource
requirements, leading to a highly heterogeneous environment. Ensuring consistency
across these components, particularly during upgrades or rollbacks, becomes a non-
trivial task that requires sophisticated orchestration frameworks and strict version
control mechanisms.

Furthermore, inter-service communication introduces additional operational over-
head. Microservices typically interact through APIs, message brokers, or event-driven
mechanisms, which increases the number of communication paths within the system.
As the number of services grows, the communication graph becomes increasingly
complex, leading to challenges in debugging, performance optimization, and fault
isolation. Latency and reliability of inter-service communication can also impact the
overall system performance, especially in time-sensitive network control loops.

Another critical aspect is observability. In monolithic systems, monitoring and
troubleshooting are relatively straightforward due to the centralized nature of
the application. However, in a distributed microservice architecture, achieving
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end-to-end visibility requires the integration of distributed tracing, logging, and
metrics collection across all services. This implies the deployment of additional
monitoring infrastructure and the adoption of standardized telemetry frameworks.
The correlation of events across multiple microservices to diagnose issues becomes
significantly more complex, particularly in scenarios involving cascading failures.

Resilience and fault management also become more challenging in such environ-
ments. While microservices are designed to be independently deployable and
fault-isolated, failures in one service can propagate through dependencies and affect
other components. Designing robust failure handling mechanisms, such as circuit
breakers, retries, and fallback strategies, is essential but adds further complexity to
the system design. Additionally, the dynamic nature of cloud-native environments,
where services can be scaled up or down and instances can be frequently created or
terminated, complicates state management and consistency guarantees.

Security is another dimension where complexity increases. Each microservice ex-
poses interfaces that must be secured, leading to a larger attack surface compared
to monolithic systems. Implementing consistent authentication, authorization, and
encryption mechanisms across all services requires a comprehensive security frame-
work and careful policy management. The need to manage secrets, certificates, and
access controls at scale further contributes to the operational burden.

Finally, the human and organizational aspects should not be overlooked. Operating
a cloud-native microservice architecture requires new skill sets, including expertise
in containerization technologies, orchestration platforms such as Kubernetes, and
DevOps practices. Teams must adopt new workflows and tools to manage continuous
integration and continuous deployment (CI/CD) pipelines, infrastructure as code,
and automated testing. This transition can introduce a steep learning curve and
necessitates significant changes in operational processes.

In summary, while cloud-native microservice architectures are a key enabler for
programmability and automation in disaggregated optical networks, they inherently
introduce substantial operational complexity. Addressing these challenges requires
a holistic approach that combines advanced orchestration, observability, and au-
tomation techniques with well-defined operational practices. These considerations
are fundamental for ensuring that the benefits of microservices can be effectively
realized without compromising system reliability and manageability.

In the context of programmable networks—explored in the next sections—cloud-
native microservice architectures serve as a foundational enabler. They allow tradi-
tionally monolithic control-plane functions to be modularized into independently
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developed, deployed, and scaled services. When combined with GitOps workflows
and declarative configuration models, this architecture supports robust orchestration
of network services with software-level flexibility, reliability, and automation.

2.3.6 Convergence of DevOps, NaC, GitOps, and Optical Networks

The convergence of DevOps, NaC, and GitOps with optical network control marks
a decisive evolution in the way transport infrastructures can be managed, tran-
sitioning from rigid, vendor-specific practices toward programmable, automated,
and software-driven paradigms. These methodologies—originally developed to
support agile software delivery and infrastructure management in cloud-native en-
vironments—offer a coherent framework for managing the growing complexity of
disaggregated, multi-vendor optical networks [68, 69].

Optical transport networks are increasingly composed of heterogeneous elements—such
as transponders, ROADMs, amplifiers, and performance monitors—sourced from
different vendors and integrated across layered protocol stacks. This heterogeneity
poses significant operational challenges: configurations must be precisely synchro-
nized across diverse interfaces; service provisioning must account for physical-layer
impairments; and fault recovery requires coherent control-plane behavior spanning
multiple administrative and technological domains. Traditional management sys-
tems, often based on manual workflows and proprietary tooling, lack the flexibility
and automation needed to handle such dynamic and distributed environments.

DevOps introduces automation and reproducibility into this landscape by enabling
optical network control functions and configurations to be treated as code. Using IaC
practices, operators can define optical network topologies, service intents, and device
parameters as structured data models—typically encoded in YAML or JSON—and
commit them to version-controlled repositories. These artifacts are then validated,
tested, and deployed using CI/CD pipelines [70]. This approach transforms the
management of optical control planes into a systematic, traceable, and automated
process aligned with modern software engineering workflows.

NaC extends these principles beyond traditional infrastructure to include detailed,
domain-specific configurations of optical devices. Power settings, modulation for-
mats, channel spacing, protection schemes, and service templates are abstracted
into reusable, declarative models that can be integrated into CI/CD pipelines and
orchestrated across vendors. The use of standardized data modeling languages, such
as YANG, facilitates interoperability by exposing consistent APIs across heteroge-
neous systems [71]. NaC thus provides a unifying layer that abstracts vendor-specific

36 Chapter 2 Introduction



behavior, reduces configuration drift, and promotes consistency in service deploy-
ment.

GitOps operationalizes this model by tightly coupling configuration state with version
control. Every change to the optical control stack—whether in topology, policies, or
service definitions—is made through Git commits, reviewed via pull requests, and
applied through automated reconciliation mechanisms driven by tools such as Argo
CD. This ensures that the runtime state of the network always reflects the declared
state, enabling rapid rollbacks, drift detection, and auditability [72]. In the context
of optical systems, this is particularly valuable, as misconfigurations can result in
degraded optical signal quality or service disruption across wide areas.

Integrating these methodologies into the optical domain brings numerous benefits.
The control and management plane becomes modular, observable, and responsive.
Service activation becomes faster and less error-prone. Operators gain full trace-
ability of changes, and the platform becomes more resilient through automated
validation, testing, and rollback. These capabilities are essential for meeting the
growing demands for agility, high availability, and service-level assurance in modern
optical transport infrastructures.

Nonetheless, unique challenges remain. Unlike software-only systems, optical
networks must operate under strict physical constraints—such as optical reach lim-
itations, chromatic dispersion, nonlinear impairments, and power budgets—that
are difficult to model and validate using generic DevOps toolchains. Furthermore,
the diversity of vendor data models and the lack of fully standardized APIs com-
plicate cross-domain orchestration. Continuous integration pipelines must there-
fore incorporate domain-specific knowledge, such as optical feasibility engines or
impairment-aware provisioning logic, to ensure correctness and robustness.

To address these gaps, we propose a comprehensive implementation that integrates
DevOps, NaC, and GitOps into a cohesive control framework tailored for open
and disaggregated optical networks. The resulting system, referred to as Network
Management as Code (NMaC), unifies topology modeling, control-plane orchestration,
and declarative service provisioning within a GitOps-based automation workflow. It
enables both static and dynamic reconfigurations through code-driven interfaces,
supports vendor-agnostic deployments via standard APIs, and ensures continuous
synchronization between intent and infrastructure through automated pipelines.

The next sections introduce the architectural design and technical components of the
NMacC framework. We describe how declarative models, micros-ervice orchestration,
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and continuous deployment mechanisms are instantiated in a real-world optical test-
bed, showcasing the feasibility and scalability of software-defined, automation-native
control in production-like environments.

This implementation demonstrates a significant step toward intent-based, self-
adaptive transport infrastructures, where control logic is abstracted, composable,
and verifiably correct.
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Contribution 1. Open
Disaggregated Optical
Network Control with Network
Management as Code

Introduction

The transition from traditional vendor-specific to disaggregated optical transport
networks leads to the expansion of equipment inventory. Thus, operators need to
have a unified mechanism to manage the topology and device information since
various vendors use different approaches to report their network elements. Besides,
open interfaces such as T-API [25] allow network control functions to migrate from
monolithic software stack on purpose-built hardware to more fine-grained microser-
vice components deployed in the cloud infrastructure [73]. Therefore, softwarization
plays an important role in Optical Network Automation [74]. Nevertheless, there
exists a requirement on the specific versions of data models implemented in the
functions, which hinders the interoperability between them. Adaptive and efficient
software practices are needed to cope with the constant evolution of Open Optical
Software Defined Networking (OO-SDN) and Virtualization technologies. In addi-
tion, both automated and manual deployment procedures are being applied which
may cause a potential version mismatch if they are not tracked properly.

To tackle these challenges, we introduce a novel application of GitOps [75]—an
operational model that integrates version control, Infrastructure as Code (IaC), and
Continuous Delivery (CD)—into the management and orchestration of optical trans-
port networks. To the best of our knowledge, this work is the first application of
GitOps principles to open and disaggregated optical networks, establishing a new
paradigm for automating both control-plane deployment and topology management
in this domain.

GitOps builds on the concept of IaC, which is the process of managing and configuring
cloud infrastructure under a definition file. Any changes to the file will be monitored
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by an IaC tool (i.e., Terraform). Consequently, the state of the infrastructure is kept
synchronized with the one described in the file. In addition, GitOps incorporates the
functionality of Git repositories, Merge Requests (MRs), and Continuous Delivery
(CD) to further unify software deployment and infrastructure operations. Any change
to infrastructure is committed to the git repository along with application changes.
GitOps leverages Git [76] as a single source of truth for both infrastructures and
applications.

In this chapter, we introduce Network Management as Code (NMaC) in open disag-
gregated optical networks by adopting GitOps techniques. The principles of NMaC
are to automate i) optical topology management and ii) network control function
deployment. Particularly, an Automation Engine (AE) is designed to analyze topol-
ogy deviations and make decisions on the suitable control plane architecture. In
combination with AE, ArgoCD [77] acts as GitOps operator to form the NMacC tool,
in order to trigger the CD procedure of SDN applications on a Kubernetes cluster.
We validate this solution in the autonomous migration scenario from partially to
fully disaggregated network. Thanks to the implementation of T-API version 2.4,
seamless multi-vendor network control is achieved.

NMaC Framework Description and Implementation
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Fig. 3.1.: (a) NMaC Workflow. (b) Network Topology (top) and Application Deployment
(bottom) file changes.

We showcase the complete autonomous management workflow of network infras-
tructure and control function deployment in open disaggregated optical networks
using the NMaC concept, as depicted in Fig. 3.1a. NMaC architecture consists of an
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AE, a GitOps CD tool, a Docker registry, a Kubernetes cluster and two Git repositories.
To check the consistency of the deployed optical network, we adopt GitOps oper-
ations. Given the distinct purposes of topology management and control function
deployment in open disaggregated optical networks, two repositories, namely Topol-
ogy and Application, are created. These repositories represent the central source of
truth of each NMaC principle. The network infrastructure is described in a topology
definition file and stored in the Topology repository. On the other hand, deployment
manifests are specified in the Application repository.

The AE acts as a reconciliation mechanism between the Topology and Application
repositories. We configure the Topology repository with a webhook on merge events
to notify AE of topology changes events automatically. When the network topology
file is updated by a network administrator (see Fig. 3.1b), the AE analyzes the
network infrastructure and makes the decision to upgrade/downgrade the version
of the SDN Controller (SDNC) application and to add/remove network control
functions in the deployment file (see Fig. 3.1b). We use ArgoCD as the GitOps CD
tool to ensure the automatic deployment on the Kubernetes cluster. It synchronizes
the desired state as declared in the repository with the actual state installed on the
Kubernetes cluster. A webhook on push event is used to notify ArgoCD when there
is a new commit on the deployment manifest for faster reaction time. Then, it will
automatically sync the deployment to match the desired state. Subsequently, network
administrators do not need to interact with the cloud infrastructure but only with the
Topology repository interface. When the topology file is modified, the AE updates
the deployment YAML of the Application repository by upgrading/downgrading
the version of the Transport-SDNC (T-SDNC) application and by adding/removing
network control functions. These new changes are captured by Argo CD. Argo CD
will report the differences between the currently deployed infrastructure and desired
state of the deployment YAML and will automatically sync the deployment to match
the desired state. The state of the deployment can be monitored with ArgoCD’s
Graphical User Interface (GUI). Finally, ArgoCD informs AE once the deployment is
finished so that it can launch the network commissioning process.

We consider two Git operations for code updates in two repositories. In the Topology
repository, the network administrator acts as a contributor and forks the shared
project to their own one. They can submit the modified topology definition file
and open a Pull Request (PR) to notify other maintainers of the change that they
want to merge to the original repository. Involved contributors, such as technicians
and operation engineers, can review and validate the PR. This operation provides
a mechanism to safely verify the integrity of the network among the collaborators.
Upon the approval, PR can be merged to the main repository and consequent actions
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are applied accordingly. On the other hand, the Push operation is applied for the
Application repository since control functions deployment has been well studied by
the AE and code approval procedure could be mitigated.

Additionally, we introduce for the first time a T-API v2.4 implementation in the
SDNC. TAPI v2.4 provides new features over previous releases (i.e., T-API v2.1.3)
such as equipment profiles, optical impairment parameters and event streaming.
This enhancement enables the SDNC to manage directly Optical Impairment (OI)
parameters in the topology, connectivity and path computation services without the
need of intermediate OLS controllers. Thus, a mapping between the OpenConfig
based device configuration and T-API v2.4 is implemented. On the Northbound,
every control function interfaces with the SDNC using T-API v2.4. The external
OlI-aware Path Computation Engine (PCE) application performs routing, modulation
scheme and spectrum assignment on the fully disaggregated network based on the
T-API topology state. In addition, the database and (GUI) are upgraded to store and
visualize the new T-API v2.4 context. Also, Kafka broker is used to stream T-API
event notifications between the SDNC and network applications.

To validate the proposed NMaC architecture and its integration into real-world
optical infrastructures, we design and deploy a comprehensive demonstration that
showcases autonomous control plane orchestration, multi-vendor disaggregated
topology management, and dynamic service restoration. The demonstration lever-
ages GitOps principles for lifecycle automation, and is structured around two op-
erational scenarios: a Partially Disaggregated Network and a Fully Disaggregated
Network.

All control and orchestration components are deployed as microservices within a
Kubernetes cluster, while the optical infrastructure is hosted on a remote physical lab
composed of Nokia 1830 PSS [78] and transponders from Vendor-A and Vendor-B.
Network configurations, topologies, and deployment manifests are stored in Git
repositories and are version-controlled using Git. Topology changes are committed
as pull requests, and infrastructure changes are triggered via ArgoCD and reconciled
by our AE.

Figure 3.2 illustrates the transition from the initial partially disaggregated state to a
fully disaggregated optical transport architecture, automatically orchestrated using
the NMaC framework.
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gated Network managed by NMaC

Key Components of the NMaC Architecture
Transport SDNC

As previously mentioned, it is required to adopt an open architecture able to cope
with a multi-vendor ecosystem. For that reason, we selected an open source con-

troller designed for controlling disaggregated optical networks: OpenDayLight/Transport-

PCE (T-PCE)[79]. T-PCE is an Optical SDN controller that automatically creates,
edits, and deletes optical connectivity services in a multi-vendor optical network.
It relies on “OpenDayLight” as a development framework and “OpenROADM” for
service, network, and device data models [5], ensuring interoperability through
standardized YANG schema definitions.

However, OpenROADM data models lack full adoption from the open-source com-
munity and are not aligned with Nokia’s internal product strategy. That is why we
decided to extend the capabilities of T-PCE by developing additional modules to
support both broader southbound interoperability and more expressive northbound
abstractions. Specifically, we implemented two major enhancements.

First, on the South Bound Interface (SBI), we introduced support for OpenConfig-
based transport devices. This enhancement enables the controller to manage devices
that rely on OpenConfig YANG models, such as terminal-device, optical-channel,
and platform modules, via NETCONF. Since OpenConfig focuses solely on device-
level modeling and does not include native support for network topology or service

3.2 NMaC Framework Description and Implementation
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abstractions, we implemented a mapping layer that converts OpenConfig device
data into T-API topology constructs. This mapping allows OpenConfig-managed
nodes to be fully represented in the controller’s unified topology and to participate
in service provisioning workflows. Conceptually, OpenROADM models can be seen
as combining the functionality of both OpenConfig (device modeling) and T-API
(topology and service modeling), which is why the T-API and OpenConfig approach
offers a modular and interoperable alternative.

Second, on the North Bound Interface (NBI), we implemented support for the ONF
T-API standard to expose abstracted views of the network topology, connectivity ser-
vices, and path computation capabilities. T-API acts as a convergence layer, allowing
orchestration systems and external SDN applications to interact with the network
infrastructure in a vendor-agnostic manner. Throughout this process, we actively
participated in the ONF T-API working group calls to ensure our implementation
was aligned with ongoing community discussions and specifications. Our Transport
SDNC now fully supports the T-API service model for topology discovery, connectivity
provisioning, path computation, and event notification using both REST and gRPC
interfaces.

A major contribution in this context was our proposal and prototype implementation
of T-API model extensions for online OI-Aware Routing, Modulation and Spectrum
Assignment (RMSA). These extensions introduced support for the advertisement and
consumption of optical impairment parameters (e.g., Optical Signal-to-Noise Ratio
- OSNR, chromatic dispersion, non-linear penalties) at the photonic media layer
(Layer 0), as well as enhanced link state and quality metrics required for dynamic
service computation. These proposals were discussed and validated within the T-API
working group and ultimately adopted in release 2.4 of the standard. We extended
the T-PCE to serve the enriched T-API v2.4 context, enabling real-time collaboration
with external applications such as the GNPy-based PCE, Kafka-based monitoring
systems, and GUI front-ends.

All code contributions related to the T-API plugin—including service, topology, and
notification support—have been fully integrated into the official T-PCE open-source
repository, further reinforcing its maturity and openness. The new architecture and
T-API integration work were also presented to the broader open-source networking
community during a session at the Linux Foundation Networking forum, showcasing
the feasibility and readiness of T-PCE as a controller for Open and Disaggregated
Optical Networks [80, 81].

Figure 3.3 illustrates the resulting architecture of the T-SDNC with the developed
modules. The controller is now capable of realizing end-to-end optical services
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across multiple domains and vendor ecosystems, dynamically adapting its control
plane capabilities in response to changes in the data plane and the evolution of open
industry standards.

Thanks to the defined modular architecture, additional internal/external modules
could be easily integrated to extend the functionalities of the controller. Each module
is designed to perform a specific task.

For example, the Service Handler/Connectivity Service receives and manages
service requests (e.g., service-create, service-delete, service-reconfigure...) from a
parent controller or an orchestrator through the NBI as defined by the OpenROADM
and T-API service models. It is in charge of triggering the corresponding modules to
fulfill the service request.

The PCE/Path Computation Service is responsible for calculating a valid path
across an optical domain managed by T-SDNC. A path calculation request can be
received from both the service handler and an external component. To keep the
PCE aligned with the latest changes in the topology, an interface to the Topology
Management module is provided. The implementation of the internal PCE module
follows the Shortest Path First Fit (SP-FF) allocation scheme, which finds the shortest
route and the first available frequency slot over the end-to-end spectrum profile of
the route. However, optical non-linearities can significantly affect optical services.
Therefore, additional constraints must be taken into account when calculating the
route. For this reason, we decided to interface our Transport SDNC with an optical
impairement aware PCE, which will compute a set of Quality of Transmission (QoT)
metrics for the pre-computed path and will validate the request of the PCE.

3.2 NMaC Framework Description and Implementation
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Next, the Topology Management/Service builds multi-layer topologies based on
each of the supported models (OpenROADM and T-API). The topology is built
dynamically as nodes are connected/disconnected to the controller. All configuration
data is retrieved through the NETCONF protocol and stored in the database of the
controller.

The Renderer serves the requests coming from the Service Handler. The Service
Handler provides to the Renderer the path description calculated by the PCE. This
description is based on the abstracted topological entities (node, links, termination
points. . .), therefore the Renderer converts them into device resources (circuit packs,
ports, interfaces...). Once the conversion is performed, the Renderer checks the
existing interfaces (OTS — Optical Transmission Section, OMS — Optical Multiplex
Section, etc) on the ports of the different nodes that the path description contains.
If any required interface is missing, the Renderer will create it through a NETCONF
command. Then, the Renderer establishes the connections between nodes. After all
configuration commands have been successfully sent to the optical nodes described
in the path description, the Renderer relies on the parameters computed by GNPy to
set the power levels.

Finally, the Notification Service allows clients to subscribe to and filter autonomous
notifications from the controller for events such as resource/service state change,
failure or degradation, and telemetry.

Kafka

Apache Kafka is used to implement a distributed, real-time event delivery system for
inter-service communication. Kafka acts as the messaging backbone for publishing
and subscribing to T-API event notifications. These include:

* Connectivity Service Lifecycle Events: Created, deleted, failed, restored.
* Topology Changes: Node/link addition, removal, degradation.

* Telemetry or Alarm Events: Streaming notifications tied to physical link
conditions or service state.

Kafka decouples service producers (e.g., the SDNC) from consumers (e.g., GUI,
monitoring agents) and guarantees reliable, ordered event delivery at scale. This
enables a responsive and resilient control ecosystem.
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T-API GUI

The T-API GUI is a full-stack application that provides a user-friendly interface for
visualization and control of the optical network. It is composed of:

* Backend: Built using Django, it interfaces with the T-API NBI exposed by the
SDNC and performs REST calls for topology queries, service creation, and state
polling.

* Frontend: Built using ReactJS, it renders the discovered topology graph,
service paths, and node status. It supports visual service provisioning and
displays real-time status.

» Kafka Integration: Subscribes to relevant topics to receive T-API event notifi-
cations (e.g., service status, alarms), updating the GUI automatically.

This component allows operators to interact with the system at a high level, monitor
topology changes, provision services, and track service lifecycle states in real time.

Optical Impairment aware PCE

Our OI aware PCE is built around GNPy, an open-source physical layer modeling
engine developed by the Telecom Infra Project (TIP) under the Open Optical & Packet
Transport (OOPT) initiative. GNPy, short for "Gaussian Noise model in Python,"
is designed to perform QoT estimation based on analytical models rooted in the
Gaussian Noise approximation. It enables multi-vendor and transparent estimation

Service Definition

Service SIP selection

OLS graph

Fig. 3.4.: T-API GUI
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of optical feasibility by simulating signal propagation through optical fiber links
using a vendor-neutral methodology [82, 83, 84].

GNPy operates on abstract optical topologies represented in JSON or YAML format
and simulates the physical impairments encountered by optical signals. These in-
clude linear effects like chromatic dispersion, polarization mode dispersion, and
attenuation, as well as nonlinear effects such as self-phase modulation, cross-phase
modulation, and four-wave mixing. In addition, it considers amplifier noise char-
acteristics and span-level properties like length, slope, and loss. The result is an
accurate estimation of signal quality metrics such as OSNR and non-linear penal-
ties.

Within our proposed architecture, the GNPy engine is deployed as an external
microservice that interacts with the SDNC to offload optical impairment validation.
During the RMSA procedure, the SDNC exports a topology that follows the T-API
model, augmented with physical impairment data. This data includes span loss,
amplifier gain, and fiber-specific attributes necessary for accurate modeling. The
GNPy service receives the proposed paths and configuration constraints—such as
baud rate, channel spacing, or modulation format—and computes whether the
end-to-end optical performance satisfies required thresholds.

If the proposed path meets the quality criteria, GNPy returns the validated route
along with the corresponding QoT metrics. Otherwise, it returns a rejection due to
optical infeasibility, preventing the SDNC from provisioning sub-optimal services.
This process is instrumental in disaggregated optical network environments where
vendor-specific QoT estimation mechanisms are either incompatible or unavailable.
It ensures that end-to-end paths are not only logically consistent but also physically
feasible.

The use of an external Ol-aware PCE introduces several operational benefits. First,
it separates the logical service orchestration from the physical performance valida-
tion, leading to more modular and maintainable control architectures. Second, it
enhances restoration procedures by allowing dynamic recalculation of feasible paths
during failure events, taking into account real-time impairment constraints. Third, it
aligns with open networking principles by avoiding reliance on closed-form vendor-
specific algorithms. As disaggregated transport networks evolve, impairment-aware
orchestration will become a critical capability for maintaining service assurance,
minimizing unnecessary over-provisioning, and ensuring efficient spectrum utiliza-
tion.

Chapter 3 Contribution 1. Open Disaggregated Optical Network Control with
Network Management as Code



3.2.2 Design Trade-offs, Scalability Considerations, and Critical

Assessment

While the proposed NMacC architecture demonstrates the feasibility of automating
control and management functions in open and disaggregated optical networks, a
deeper examination of the underlying design choices is necessary to fully assess its
applicability in large-scale and production environments.

A first important design decision lies in the adoption of a GitOps-based workflow
as the central mechanism for triggering network operations. This approach pro-
vides strong benefits in terms of traceability, reproducibility, and version control
of network configurations. By treating network intent and configurations as code
artifacts stored in repositories, the system enables auditable change management
and facilitates collaboration across teams. However, this choice also introduces
inherent latency in the control loop, as changes must propagate through reposi-
tory commits, validation pipelines, and deployment stages before being applied to
the network. While acceptable for planned provisioning and configuration tasks,
this model may not be suitable for time-critical control operations requiring near
real-time responsiveness, such as fast restoration or dynamic adaptation to rapidly
changing network conditions.

Another key architectural component is the automation engine responsible for
interpreting repository changes and orchestrating the deployment of corresponding
network functions. The decoupling between intent definition and execution enhances
modularity and extensibility, allowing new automation workflows to be introduced
without modifying the core system. Nevertheless, this abstraction layer introduces
additional complexity in terms of dependency management and execution ordering.
As the number of managed services and workflows increases, ensuring deterministic
behavior and avoiding conflicting actions becomes more challenging. In particular,
concurrent updates affecting shared resources (e.g., spectrum allocation or topology
state) may lead to race conditions or inconsistent network states if not properly
synchronized.

Scalability is another critical aspect that must be carefully considered. The NMaC
architecture relies on a microservice-based control plane deployed over cloud-native
infrastructure. While this enables horizontal scaling of individual components, it
also introduces overhead associated with inter-service communication, state synchro-
nization, and orchestration. In large-scale optical networks with frequent topology
updates and high volumes of telemetry data, the control plane may experience
bottlenecks in processing and propagating state information. Moreover, the reliance
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on centralized repositories as the source of truth can become a limiting factor, both
in terms of access contention and latency, particularly in geographically distributed
deployments.

From a data consistency perspective, the architecture must balance between strong
consistency and eventual consistency models. While strong consistency ensures cor-
rectness of network operations, it can negatively impact performance and scalability
due to synchronization overhead. On the other hand, eventual consistency improves
scalability but may lead to transient inconsistencies that could affect decision-making
processes, especially in closed-loop control scenarios. The choice of consistency
model therefore represents a fundamental trade-off that depends on the specific
operational requirements of the network.

The integration with external systems, such as SDN controllers and domain-specific
management platforms, also raises important considerations. While the use of
standardized interfaces (e.g., YANG/NETCONF, gRPC) promotes interoperability,
it introduces dependencies on the performance and reliability of these external
components. Variability in response times, data models, or supported features across
vendors may impact the overall system behavior and limit the portability of the
NMacC approach across heterogeneous environments.

Finally, the current evaluation of the NMaC framework primarily focuses on demon-
strating functional capabilities in a controlled environment. While this is an essential
first step, a more comprehensive assessment would require quantitative analysis
of key performance indicators, such as deployment latency, system throughput,
scalability limits, and fault recovery times. In particular, evaluating the system under
stress conditions (e.g., high frequency of configuration changes or large-scale topol-
ogy updates) would provide valuable insights into its robustness and operational
boundaries.

In summary, while the NMaC architecture represents a promising approach for
enabling programmable and automated control of disaggregated optical networks,
its practical adoption requires careful consideration of design trade-offs related to
latency, scalability, consistency, and interoperability. Addressing these challenges is
essential for transitioning from proof-of-concept demonstrations to production-grade
deployments capable of supporting the stringent requirements of modern optical
transport networks.
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3.2.3 Demo Scenario Description

Scenario 1: Partially Disaggregated Network

The network includes two ROADMs (ROADM-A and ROADM-B) managed via a
proprietary OLS controller. Transponders from Vendor-A (TPR-A) and Vendor-
B (TPR-B) are installed and interconnected. The physical and logical topology,
including nodes, links, and device interfaces, is declared in a YAML-based topology
definition file and committed to the Topology Repository, as shown in Fig. 3.1b
(top).

Step 1: Control Plane Deployment. Upon submission and merging of the pull
request in the Topology Repository, a webhook event notifies the AE, which analyzes
the new topology and determines the necessary network control functions based on
the new topology. The AE then generates a deployment manifest specifying the set of
containerized control applications required for this network scenario. This manifest
is pushed to the Application Repository, triggering another webhook to notify Argo
CD. Argo CD continuously monitors the Application Repository as the Git-based
source of truth, and upon detecting the new commit, initiates a sync process to
reconcile the desired state (as declared in Git) with the live state on the Kubernetes
cluster.

ArgoCD proceeds to deploy the corresponding applications, which in this case in-
cludes a Hierarchical-SDNC (H-SDNC), Kafka broker, T-API GUI, and the underlying
SDNC database. The H-SDNC is configured to manage the transponders via Open-
Config/NETCONF and communicates with the proprietary OLS controller through
T-API v2.1.3. ArgoCD also tracks the health status of each microservice by periodi-
cally querying their liveness and readiness probes. If a container fails or becomes
unresponsive, ArgoCD automatically reports the deviation in state and re-triggers a
redeployment to restore consistency. This ensures the control plane remains aligned
with the intended system configuration described in the Git repository.

Step 2: Service Provisioning. Once deployment is complete and the Kubernetes
environment reaches a healthy state, the AE performs a commissioning process
to discover devices and populate the SDNC database. The T-API GUI queries the
SDNC’s NBI to retrieve the network topology and visualize it. The OLS domain is
abstracted as a single T-API node. The operator uses the GUI to create a connectivity
service between TPR-A and TPR-B, which the H-SDNC provisions by configuring
the transponders and coordinating with the OLS controller to establish the Network
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Media Channel (NMCQC). Kafka is used to stream real-time state notifications about
the connectivity service lifecycle to the GUI, ensuring end-to-end observability.

Scenario 2: Migration to Fully Disaggregated Network

To demonstrate dynamic control plane adaptation and multivendor interoperability,
a third node (ROADM-C) from Vendor-B is introduced into the topology. This new
node is modeled using OpenConfig data models and connected through physical
links to ROADM-A and ROADM-B.

Step 3: Automated Migration. The updated topology is committed to the Topology
Repository and merged into the main branch via pull request. The AE detects
the topology change and interprets it as a migration from a partially to a fully
disaggregated architecture, since the newly added ROADM-C cannot be managed by
the proprietary OLS Controller. This topology change is the key triggering event for
the control plane evolution and is visually depicted in Fig. 3.2.

The AE modifies the Application Repository by replacing the H-SDNC and OLS
controller with the Transport-SDNC (T-SDNC), enabling direct multi-vendor control
through OpenConfig/NETCONF. Simultaneously, the AE introduces support for more
advanced and expressive open standards—specifically, it upgrades the interface
model from T-API v2.1.3 to T-API v2.4. This upgrade is crucial to support the
enhanced topology abstraction, impairment-aware routing, and real-time event
streaming required in a fully disaggregated optical network.

In addition, the AE deploys the OI-aware PCE (based on GNPy) and a new version
of the T-API GUI capable of parsing and visualizing the richer T-API v2.4 context.
ArgoCD monitors the Application Repository for this update, detects the new commit,
and automatically reconciles the control plane. It terminates the outdated applica-
tions and deploys the updated set of microservices while continuously monitoring
their health.

Once the new control plane is active and the system reaches a healthy state, the
AE re-commissions all devices to populate the T-SDNC database with a T-API v2.4
topology view. This migration highlights the system’s ability not only to update the
control plane microservices but also to adapt to new open standard versions—driven
by changes in the data plane such as vendor diversity and model upgrades.

Step 4: Failure and Service Restoration. A fault is simulated on the optical
link between ROADM-A and ROADM-B (e.g., fiber cut). The T-SDNC detects the
event through optical alarms and immediately publishes a notification to Kafka.
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It simultaneously triggers a dynamic service restoration process. The Ol-aware
PCE is invoked to compute a new feasible path via ROADM-C, validating the route
against QoT constraints. Once confirmed, the T-SDNC reconfigures the affected
transponders and reroutes the Network Media Channel accordingly. Kafka broadcasts
the restoration event, which is visualized in real-time by the T-API GUI. This closed-
loop reaction illustrates the adaptive, automated, and standards-aligned capabilities
of the NMaC framework.

This implementation demonstrates the feasibility and operational maturity of apply-
ing GitOps-driven automation, declarative infrastructure modeling, and cloud-native
microservice orchestration to open disaggregated optical networks. Through the
introduction of NMaC, we enable a reproducible and version-controlled workflow
where infrastructure definitions and control functions are managed entirely through
Git, ensuring traceability, consistency, and minimal human intervention.

The integration of the AE with ArgoCD forms a closed-loop system where any
topology change triggers the automatic (re)deployment of the appropriate SDN
control functions. This capability supports seamless transitions between partially
and fully disaggregated configurations, introduces topology-aware orchestration,
and enhances multi-vendor interoperability via T-API 2.4. The system achieves near
real-time reaction to infrastructure changes, including impairment-aware service
restoration, without requiring manual coordination across operational domains.

By abstracting human workflows into declarative code and automating both deploy-
ment and lifecycle management, the solution aligns with Level 3 ("Autonomous
Operations") of the TM Forum’s Autonomous Networks framework. At this level, con-
trol functions are self-configuring, self-healing, and operate with limited supervisory
input.

This work constitutes the first practical realization of such an architecture in the opti-
cal transport domain, validating the convergence of DevOps, GitOps, and open SDN
principles in delivering agile, interoperable, and future-proof network control.

3.2 NMaC Framework Description and Implementation
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Conclusion

Part I has presented a comprehensive exploration of the technologies enabling the
shift from monolithic, vendor-specific systems to open, disaggregated, and fully auto-
mated optical transport networks. We examined how modern software engineering
methodologies—specifically DevOps, NaC, GitOps, and cloud-native microservice
architectures—can be effectively adapted to address the operational complexities
of next-generation optical infrastructures. Each of these paradigms contributes a
critical capability: DevOps brings continuous integration and deployment; NaC
provides structured and auditable configuration management; GitOps ensures state
consistency through declarative control and version tracking; and microservices
offer modularity, scalability, and fault isolation.

Building upon these principles, we introduced the first complete implementation
of Network Management as Code (NMaC) in the optical domain, marking a major
milestone in the evolution of control plane automation. The proposed architecture
brings together a topology-aware Automation Engine, GitOps tooling (ArgoCD), and
modular SDN control components to enable a fully declarative and event-driven
workflow. Control functions are dynamically instantiated, reconfigured, or retired
based solely on changes committed to version-controlled network models—without
the need for manual intervention. This demonstrates the feasibility of autonomously
transitioning between partially and fully disaggregated network scenarios while
maintaining alignment between the infrastructure and the control plane.

The contribution of this work lies not only in the application of cloud-native prin-
ciples to optical networks, but in the creation of a reproducible, modular, and
extensible platform capable of addressing real-world operational complexities. By
supporting T-API version 2.4, including optical impairment parameters and notifi-
cation mechanisms, the system demonstrates vendor-agnostic interoperability and
readiness for advanced use cases such as QoT-aware provisioning. The integra-
tion of GitOps-based workflows provides full traceability, auditability, and rollback
capabilities—critical attributes for safe automation in multi-domain environments.

Several key insights were gained through this implementation. First, declarative
and automated network management significantly reduces the operational overhead
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typically associated with optical transport systems. Second, version-controlled work-
flows mitigate the risks of configuration drift, enabling consistent deployments even
in rapidly evolving infrastructures. Third, by decoupling topology representation
from control logic, the architecture provides a flexible substrate for intent-based
networking.

Nevertheless, certain challenges remain before transitioning to full operational ma-
turity. These include validation of declarative models across heterogeneous vendors,
robustness against configuration errors or misalignments, and improved observabil-
ity of real-time network behaviors during dynamic changes. The current system
operates reliably under controlled conditions but will require further hardening and
scalability assessments to reach production deployment standards.

In terms of autonomy, the proposed NMaC framework demonstrates alignment with
Level 3 of the TM Forum Autonomous Networks framework—partial autonomy.
At this level, the system achieves closed-loop automation for specific workflows
(e.g., topology-based control plane deployment), reduces human involvement to
supervisory actions, and provides full transparency into changes and decisions. It
lays the groundwork for future extensions into Levels 3 and 4, where ML-assisted
decision-making and real-time self-optimization become central.

In this context, the next part investigates how ML can elevate this architecture by
introducing predictive, adaptive, and self-optimizing behaviors. While this part laid
the foundation for software-defined automation, the next logical step is to embed
cognitive intelligence into the control loops—enabling networks that not only react
to changes, but anticipate and adapt to them proactively.
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This part investigates the application of Machine Leaning (ML) techniques to the
management and control of optical transport networks, building on the architectural
foundations laid in previous chapters. As networks become increasingly dynamic,
disaggregated, and service-driven, traditional deterministic approaches struggle to
provide the responsiveness and adaptability required. In this context, ML offers a
data-driven paradigm shift capable of addressing complex decision-making tasks
under uncertainty and dynamic conditions.

We begin by reviewing the fundamental ML methods relevant to optical network
management and control, addressing both predictive modeling and decision-making
tasks. Particular attention is given to approaches capable of capturing temporal
dynamics, spatial correlations, and adapting to changes in network behavior over
time, which are essential for ensuring robustness and performance in dynamic and
heterogeneous optical environments.

Then we present concrete research contributions that apply ML to address critical
challenges in real-world optical network scenarios. These include a supervised learn-
ing approach for transponder parameter configuration, enabling predictive inference
of optimal modulation formats and launch powers; DeepSF-PCE, a Deep Reinforce-
ment Learning (DRL)-based Path Computation Engine (PCE) capable of making
Spectrum Fragmentation (SF)-aware spectrum allocation decisions in a single-agent
setting; MAGC-RSA, a Graph Convolutional Network (GCN)-based Multi Agent
Reinforcement Learning (MARL) framework for distributed and topology-aware
Routing, Modulation and Spectrum Assignment (RMSA) optimization; and DAEQoT,
a Drift-Adaptive Ensemble (DAE) classifier designed to maintain robust Quality of
Transmission (QoT) estimation under dynamic traffic patterns and evolving network
states. All proposed solutions are empirically validated through detailed experi-
mentation, highlighting measurable improvements in spectrum utilization, request
blocking probability, and model resilience over time.

Through these studies, we illustrate not only the feasibility but also the operational
value of ML-driven network intelligence in modern optical systems. At the same
time, we critically discuss remaining challenges, including the impact of model
drift, generalization limitations, and the integration of learning agents into latency-
sensitive control loops. These observations set the stage for further exploration into
scalable ML deployment strategies in future chapters.
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Introduction

Machine Learning Paradigms for Network
Intelligence

Artificial Intelligence (AI) represents a broad spectrum of computational methods
aimed at replicating human cognitive processes, such as learning, reasoning, per-
ception, and decision-making. These methods have become increasingly relevant as
modern communication infrastructures grow in complexity, scale, and operational
dynamism. Al techniques enable systems to process vast quantities of data, identify
latent patterns, adapt to changing environments, and optimize decisions with mini-
mal human intervention—capabilities that are critical in the pursuit of intelligent
and autonomous network operations.

Within the field of Al, Machine Learning (ML) has emerged as a particularly in-
fluential discipline, offering data-driven models that learn from experience rather
than relying on static rule-based logic. By analyzing historical data or real-time
telemetry, ML algorithms can approximate complex mappings, uncover statistical
dependencies, and make informed predictions or control decisions. This shift from
explicit programming to model-based learning has opened the door to new forms of
automation and adaptability across various domains, including networking, cloud
infrastructure, and systems management.

ML approaches differ based on how data is presented to the algorithm and what type
of feedback is available during learning. Broadly speaking, the field encompasses
paradigms such as supervised learning, where models are trained on labeled datasets;
unsupervised learning, which seeks to uncover structure in unlabeled data; and
reinforcement learning (RL), which focuses on learning decision-making policies
through interaction with an environment. Each paradigm is suited to different types
of tasks and brings distinct algorithmic strategies and modeling assumptions.

In the context of network intelligence, these ML paradigms provide a foundational
toolkit for addressing challenges in observability, control, fault tolerance, and re-
source optimization. As networks continue to evolve toward software-defined,
virtualized, and distributed architectures, the ability to embed learning capabilities
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into network functions becomes a fundamental enabler for automation at scale. This
chapter introduces the theoretical foundations of these ML paradigms, discusses
their modeling principles, and provides a conceptual basis for understanding their
applicability to intelligent network systems. The concepts presented here will serve
as a precursor to the more domain-specific applications explored in the following
chapters.

Supervised Learning

Supervised learning constitutes one of the most foundational paradigms in the
machine learning (ML) landscape. It is based on the assumption that a dataset
of labeled instances is available, each consisting of a feature vector x € R™ and
a corresponding ground truth label y. The learning algorithm’s objective is to
approximate a function f : x — y that generalizes well to new, unseen data. This
mapping can involve either discrete-valued labels (classification) or continuous-
valued targets (regression). The overall supervised learning pipeline, illustrated in
Figure 5.1, encompasses data preprocessing, model training using loss minimization,
and inference.

@
“etese || Supervised .
e Learning
Labeled ¢

Examples
P Prediction

Fig. 5.1.: General architecture of supervised learning
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The training process seeks to minimize a chosen loss function L(y,¢) over the
dataset, where ¢ is the model’s prediction. Loss functions such as mean squared error
(MSE) and cross-entropy are commonly used for regression and classification tasks,
respectively. Optimization is typically performed using stochastic gradient descent
(SGD) or its variants (e.g., Adam, RMSProp), with regularization techniques like L1
and L2 penalties to control overfitting. In many applications, k-fold cross-validation
is employed to ensure that the model achieves good generalization performance on
unseen data.

Supervised learning is particularly suited to domains where labeled datasets are
available or can be reliably generated. In telecommunications, this includes predic-
tive maintenance using fault logs, traffic classification based on flow statistics, and
quality estimation from link-level telemetry. In such domains, the input features
often consist of statistical aggregates, protocol metadata, or signal characteristics
derived from time-series measurements.

A wide spectrum of supervised learning algorithms has been developed, each offering
distinct trade-offs in terms of accuracy, interpretability, computational complexity,
and scalability. Linear models such as ordinary least squares regression and logistic
regression provide fast and interpretable solutions, but their capacity to model non-
linear relationships is limited. Tree-based models—including decision trees, random
forests, and gradient boosting machines—offer more flexibility and robustness to
feature interactions. They are particularly effective in tabular domains where feature
importance and decision logic are crucial for operational validation.

Support Vector Machines (SVMs) are another prominent class of models that con-
struct optimal separating hyperplanes in high-dimensional feature spaces. When
combined with kernel methods, SVMs can capture complex, non-linear decision
boundaries with relatively few parameters. Their use, however, can be computation-
ally intensive on large-scale datasets.

Instance-based learning algorithms, such as k-Nearest Neighbors (k-NN), rely on
local decision boundaries determined by distance metrics. These models are easy
to implement and can perform well in low-dimensional settings, but scale poorly
in terms of computation and storage as the dataset grows. On the other hand,
probabilistic methods like Naive Bayes classifiers and Bayesian networks model the
generative process of the data, allowing for the incorporation of prior knowledge
and uncertainty quantification.

In recent years, artificial neural networks (ANNs) and deep learning have gained
substantial traction for supervised learning tasks involving high-dimensional, un-

5.1 Machine Learning Paradigms for Network Intelligence
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Fig. 5.2.: Popular algorithms used in supervised learning categorized by type.

structured data. Deep neural networks (DNNs), which consist of multiple layers of
interconnected neurons, are capable of learning hierarchical feature representations
through backpropagation. Activation functions such as ReLU, sigmoid, and tanh
introduce non-linearities that enable the approximation of complex functions. Spe-
cialized architectures, including Convolutional Neural Networks (CNNs) for spatial
data and Recurrent Neural Networks (RNNs) for sequential data, have further ex-
tended the applicability of supervised learning in domains such as audio processing,
anomaly detection, and user behavior modeling [85, 86].

Despite its broad applicability and strong empirical performance, supervised learning
has several limitations. One of the principal challenges is the reliance on large
volumes of labeled data. In many real-world scenarios, obtaining labeled examples
is time-consuming, expensive, or impractical. This issue motivates the development
of semi-supervised, weakly-supervised, and active learning methods. Moreover,
supervised models are often sensitive to distribution shifts between training and
deployment environments, a phenomenon known as dataset shift or concept drift
[87].

To mitigate these issues, recent advances have focused on techniques such as trans-
fer learning, where models pre-trained on large generic datasets are fine-tuned on
task-specific data, and data augmentation, which artificially inflates training data
diversity. Automated Machine Learning (AutoML) tools have also gained popularity
by automating feature selection, hyperparameter tuning, and model ensembling,
thus lowering the barrier to entry for non-experts [88, 89]. Explainability and inter-
pretability remain ongoing research concerns, particularly in regulated industries.
Tools like SHAP and LIME are increasingly used to make complex models more
transparent and auditable [90].

Figure 5.2 summarizes common supervised learning algorithms and their categoriza-
tion based on learning strategy and model assumptions. Selecting the appropriate
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model often requires a careful balance of accuracy, robustness, interpretability, and
computational cost.

In conclusion, supervised learning remains a cornerstone of ML-driven network
intelligence. Its ability to model complex relationships from labeled data makes
it highly effective for a range of prediction and classification tasks. However, its
reliance on labeled data and vulnerability to non-stationary environments underscore
the importance of model validation, drift detection, and lifecycle management when
deployed in operational settings.

Unsupervised Learning

Unsupervised learning represents a core paradigm in the ML landscape, wherein
the objective is to uncover latent patterns, relationships, or structures in input data
without the guidance of labeled outputs. This learning setup is particularly valuable
in domains where manual annotation is costly, infeasible, or inherently ambiguous,
and it facilitates the analysis of large-scale, heterogeneous datasets for tasks such as
clustering, dimensionality reduction, anomaly detection, and density estimation.

As illustrated in Figure 5.3, the general unsupervised learning pipeline begins with
raw, unlabeled inputs and typically produces high-level representations, groupings,
or probabilistic models. Unlike supervised learning, which optimizes predictive
accuracy with respect to ground truth labels, unsupervised algorithms operate by op-
timizing intrinsic properties of the data, such as similarity, variance, or reconstruction

fidelity.

One of the most prominent objectives in unsupervised learning is clustering, where
the aim is to partition data into groups such that intra-cluster similarity is maximized
and inter-cluster similarity is minimized. Algorithms such as k-means, hierarchical
agglomerative clustering, DBSCAN (Density-Based Spatial Clustering of Applications
with Noise), and Gaussian Mixture Models (GMMs) provide different inductive
biases and assumptions about the data distribution. For instance, k-means assumes
isotropic cluster shapes and minimizes within-cluster variance, whereas DBSCAN
can detect non-convex clusters and isolate noise without requiring the number of
clusters a priori [91].

Dimensionality reduction constitutes another major branch of unsupervised learning.
The goal is to transform high-dimensional data into a lower-dimensional represen-
tation that preserves essential information. Principal Component Analysis (PCA),
a linear projection method, identifies orthogonal directions of maximum variance,

5.1 Machine Learning Paradigms for Network Intelligence
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Fig. 5.3.: General framework of unsupervised learning

while nonlinear techniques like t-distributed Stochastic Neighbor Embedding (t-SNE)
and Uniform Manifold Approximation and Projection (UMAP) aim to preserve local
neighborhoods or global topological structures in the projected space. These tech-
niques are widely used for visualization, noise filtering, and feature compression in
domains with multivariate measurements [92, 93].

Density estimation methods model the underlying probability distribution of the data.
Approaches such as Kernel Density Estimation (KDE) or GMMs are particularly useful
for identifying regions of high probability mass and for detecting outliers—samples
that deviate significantly from the expected distribution. Such capabilities are crucial
for early warning systems, anomaly detection, and probabilistic decision-making.

Recent advances in neural networks have introduced powerful unsupervised archi-
tectures such as autoencoders, which learn compressed latent representations by
reconstructing inputs from a lower-dimensional encoding. Variants such as sparse
autoencoders, denoising autoencoders, and Variational Autoencoders (VAEs) further
enhance representation learning by introducing regularization terms or probabilistic
assumptions over the latent space [94, 95]. These models have proven effective
for tasks ranging from feature extraction and anomaly detection to generative

modeling.
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Fig. 5.4.: Popular algorithms used in unsupervised learning categorized by type

A particularly impactful direction in unsupervised learning is the emergence of
self-supervised learning (SSL), which bridges the gap between supervised and un-
supervised paradigms. In SSL, pretext tasks are designed to generate supervisory
signals from the data itself, such as predicting missing parts of input, solving con-
trastive tasks, or reordering sequences. Methods like SimCLR, MoCo, and BYOL
have demonstrated strong performance on representation learning benchmarks by
leveraging contrastive objectives to maximize similarity between differently aug-
mented views of the same instance while minimizing similarity across instances [96,
97, 98].

Figure 5.4 categorizes prominent unsupervised learning methods based on their
functional characteristics. Clustering, dimensionality reduction, density modeling,
and representation learning serve as the foundational pillars of this paradigm.

The application of unsupervised learning in real-world systems offers several ad-
vantages. It enables the discovery of intrinsic data structure without the need
for annotated datasets, allows for more exploratory and adaptive analytics, and
can serve as a pre-processing step to improve the performance of downstream
supervised or reinforcement learning models. It is particularly advantageous in
high-dimensional data regimes, where redundant or irrelevant features may obscure
meaningful patterns.

Nonetheless, unsupervised learning also presents significant challenges. The absence
of ground truth makes it difficult to evaluate and compare model performance
quantitatively. Model selection, hyperparameter tuning, and interpretability often

5.1 Machine Learning Paradigms for Network Intelligence
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rely on heuristic criteria or domain expertise. Furthermore, many unsupervised
algorithms are sensitive to initialization, metric choice, or scale normalization, which
can significantly influence their output [99].

As the volume and complexity of unlabeled data continue to grow, unsupervised
learning plays an increasingly critical role in building scalable, autonomous, and
intelligent systems. In fields such as cybersecurity, telecommunications, and bioin-
formatics, it supports applications including traffic segmentation, anomaly detection,
behavior profiling, and latent feature discovery. With ongoing advancements in deep
representation learning and scalable optimization techniques, unsupervised learning
is poised to remain a cornerstone of data-driven intelligence.

Reinforcement Learning

Reinforcement Learning (RL) is a foundational ML paradigm aimed at solving
sequential decision-making problems where the optimal strategy must be learned
through interaction with a dynamic environment. Unlike supervised learning, which
relies on labeled datasets, or unsupervised learning, which infers structure from
unannotated data, RL operates through an agent—environment feedback loop. At
each time step, the agent observes the current state of the environment, selects an
action, transitions to a new state, and receives a scalar reward signal. The core
objective is to learn a policy that maximizes the cumulative reward over time, often
under uncertainty or partial observability.

Mathematically, RL problems are typically modeled using a Markov Decision Process
(MDP), defined by the tuple (S, A, P, R,~), where S and A denote the state and
action spaces, P(s'|s,a) represents the state transition probabilities, R(s,a) is the
reward function, and v € [0, 1] is a discount factor that prioritizes immediate or
future rewards. The goal is to identify an optimal policy 7*(a|s) that maximizes
the expected discounted return over trajectories induced by agent-environment
interactions.

Figure 5.5 provides a conceptual illustration of the RL loop, where the agent it-
eratively improves its behavior based on observed rewards and updated value
estimates.

Various algorithmic strategies have been developed to solve MDPs, with the principal
families being value-based, policy-based, and actor-critic methods.

Value-based methods, such as Q-learning and SARSA, operate by learning an es-
timate of the action-value function (s, a), which encodes the expected return
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Fig. 5.5.: Standard reinforcement learning loop: an agent interacts with an environment to
maximize cumulative rewards.

of performing action « in state s and subsequently following the optimal policy.
Q-learning, an off-policy algorithm, iteratively updates Q(s, a) using the Bellman
optimality equation. These methods are conceptually simple and sample-efficient
in small or tabular environments. However, they struggle with generalization and
scalability in high-dimensional or continuous spaces, as value function estimation
becomes unstable or intractable.

Policy-based methods, on the other hand, directly optimize the policy 7y(a|s) via
gradient ascent on the expected return. Algorithms such as REINFORCE use Monte
Carlo estimates of the policy gradient but suffer from high variance, especially
in sparse-reward or long-horizon tasks. Despite this, policy-gradient methods are
naturally suited for environments with continuous action spaces and allow for
stochastic policies, which can aid exploration and robustness.

Actor-critic algorithms combine the strengths of both approaches by maintaining two
separate models: an actor that proposes actions according to a policy, and a critic
that evaluates the action using a learned value function. This hybrid strategy reduces
the variance of gradient estimates and stabilizes training. Advantage Actor-Critic
(A2C) introduces the advantage function A(s,a) = Q(s,a) — V(s) to quantify the
relative value of an action compared to the average expected return from state s.
Asynchronous variants such as A3C leverage parallel environments to accelerate
learning and improve exploration diversity.

5.1 Machine Learning Paradigms for Network Intelligence

69



70

The advent of deep neural networks has given rise to Deep Reinforcement Learning
(DRL), where neural architectures are used to approximate value functions, policies,
or both. One of the seminal contributions in this domain is the Deep Q-Network
(DON) [100], which demonstrated that convolutional neural networks (CNNs) could
be trained end-to-end to perform control from high-dimensional visual input. DQN
introduced key stabilization techniques, including experience replay and target
networks, that remain central to DRL algorithms today.

Policy-optimization algorithms have also evolved to address stability and efficiency
concerns. Proximal Policy Optimization (PPO) [101] is a widely adopted DRL
algorithm that constrains policy updates using a clipped surrogate objective. This
prevents large, destabilizing updates to the policy parameters and enables stable
training across a wide range of environments. PPO strikes a balance between sample
efficiency and implementation simplicity, making it the algorithm of choice in many
applied DRL scenarios, including robotics [102], recommendation systems [103],
and intelligent traffic control [104].

Another important axis of RL research is the distinction between single-agent and
multi-agent reinforcement learning (MARL). Traditional RL assumes a single agent
interacting with a stationary environment. This formulation is well-understood and
supported by convergence guarantees under specific conditions. However, many
practical systems involve multiple agents acting concurrently, either collaboratively
or competitively. In MARL settings, each agent optimizes its policy based on local
observations and rewards, while the environment evolves due to the actions of all
agents, thus violating the stationarity assumption.

To cope with the non-stationarity and coordination challenges of MARL, several al-
gorithmic frameworks have been proposed. Centralized Training with Decentralized
Execution (CTDE) offers a paradigm where agents are trained with global informa-
tion (e.g., joint states or actions) but operate independently during deployment.
Algorithms such as Multi-Agent Deep Deterministic Policy Gradient (MADDPG)
[105] extend deterministic policy gradient methods to multi-agent systems by incor-
porating opponent modeling and shared critics. Similarly, QMIX [106] employs a
monotonic mixing network to combine individual agent value functions into a global
value function, allowing for tractable learning in cooperative scenarios.

Figure 5.6 depicts the architecture of a typical MARL system, emphasizing the need
for communication, synchronization, and shared objectives across agents.

Despite its demonstrated potential, RL remains a challenging methodology to apply
in real-world settings. One of the main limitations is the high sample complexity:
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Fig. 5.6.: MARL diagram where agents exchange observations and learn coordinated poli-
cies to maximize long-term rewards.

learning optimal policies often requires millions of interactions with the environment,
which is impractical or unsafe in many critical domains. Additionally, RL algorithms
are sensitive to hyperparameters, reward shaping, and exploration strategies. Train-
ing instabilities, policy oscillations, and catastrophic forgetting are common pitfalls,
particularly in sparse-reward or partially observable environments.

To address these limitations, a number of emerging research directions are being
explored. Safe RL focuses on ensuring that learned policies respect predefined
safety constraints during training and deployment. Offline RL leverages historical
interaction data to learn policies without direct environment interaction, while
sim-to-real transfer techniques attempt to bridge the reality gap between simulated
and physical environments. Moreover, the use of high-fidelity digital twins and
emulators facilitates controlled training and evaluation of RL models in complex
systems.

Reinforcement learning offers a principled framework for autonomous control, plan-
ning, and decision-making under uncertainty. As advances in model architectures,
training protocols, and safety mechanisms continue to evolve, RL is becoming increas-
ingly viable for real-time, adaptive systems in domains such as telecommunications,
robotics, finance, and beyond.

Integrating Machine Learning Approaches for Network
Intelligence

This section has presented a comprehensive exposition of the fundamental paradigms
underpinning machine learning, namely supervised learning, unsupervised learning,

5.1 Machine Learning Paradigms for Network Intelligence
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and reinforcement learning. Each of these categories addresses distinct problem for-
mulations and leverages specific algorithmic frameworks to extract knowledge from
data. Supervised learning excels in scenarios where labeled datasets are available,
enabling predictive models to approximate complex input-output relationships. Un-
supervised learning, conversely, focuses on discovering latent structures and patterns
in unlabeled data, playing a critical role in dimensionality reduction, clustering, and
anomaly detection. Reinforcement learning represents a third paradigm wherein
agents interact with dynamic environments to learn optimal policies through delayed
reward signals, supporting sequential decision-making under uncertainty.

Across all paradigms, advances in algorithmic strategies—ranging from decision
trees and support vector machines to deep neural networks and policy gradient
methods—have significantly enhanced the representational power and generaliza-
tion capabilities of learning systems. The rise of deep learning has further enabled
the integration of machine learning into high-dimensional and temporally complex
domains, while self-supervised and hybrid approaches have begun to bridge the gap
between purely supervised and unsupervised learning regimes. However, challenges
persist in terms of data efficiency, interpretability, robustness, and scalability, espe-
cially in operational contexts where real-time decision-making and limited ground
truth are common.

As such, the development and deployment of machine learning systems require
careful consideration of the underlying assumptions, computational constraints,
and domain-specific requirements. Methodologies such as transfer learning, active
learning, and continual learning are increasingly relevant for adapting models to
evolving environments with minimal supervision. Additionally, the use of model-
agnostic interpretability techniques and uncertainty estimation has become essential
for ensuring trustworthy and accountable Al systems in critical infrastructures.

The exponential growth in bandwidth demand, the densification of network archi-
tectures, and the transition toward open and disaggregated optical infrastructures
have significantly increased the operational complexity of transport networks. In this
evolving landscape, the limitations of traditional algorithmic and rule-based man-
agement approaches are becoming increasingly apparent. These legacy techniques
often fail to scale with the dynamic and multi-dimensional characteristics of modern
optical systems, where decisions must be taken in real-time under uncertainty and
across heterogeneous layers and technologies.

ML offers a compelling approach to addressing these challenges by enabling data-
driven, adaptive, and predictive control in optical networks. Leveraging historical
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data and real-time telemetry, ML algorithms can uncover latent patterns, model
complex nonlinear relationships, and support high-dimensional decision-making
with minimal human intervention. These capabilities are especially advantageous
in optical environments, where physical-layer impairments, constrained resources,
and heterogeneous topologies demand context-aware and fine-grained optimization
strategies.

The application of ML to optical networks spans multiple functional domains and
architectural layers. At the physical layer, ML is used to predict signal quality and
diagnose impairments based on channel characteristics and hardware parameters.
At the service and control layers, ML supports functions such as traffic forecasting,
dynamic resource allocation, failure detection, and routing optimization. Techniques
from supervised, unsupervised, and reinforcement learning are each applied de-
pending on the availability of labels, the nature of the problem, and the operational
constraints of the network.

The next section presents a comprehensive and in-depth analysis of how Machine
Learning is being leveraged to enhance optical network control and management.
It begins by reviewing the principal ML models and methodologies applied across
the optical stack, identifying the core problem formulations and associated learning
paradigms.

Taxonomy of ML Applications Across Optical
Network Layers

ML has emerged as a critical technology for advancing the intelligence and autonomy
of optical transport networks. The growing complexity of multi-layer, dynamic,
and open optical infrastructures—combined with the increasing heterogeneity of
transponders, modulation formats, and transmission channels—poses significant
challenges for traditional rule-based or heuristic control schemes. In contrast to static
models or vendor-specific algorithms, ML offers a data-driven approach capable of
learning from the network’s own operational telemetry, enabling adaptive, real-time
optimization and management. This section provides a structured and technical
overview of the principal use cases of ML in optical networks, focusing on both
physical-layer and network-layer applications. Each task is described in terms of its
operational context, traditional solutions, and recent ML-driven advances.

5.2 Taxonomy of ML Applications Across Optical Network Layers
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ML Applications at the Physical Layer

The physical layer of optical networks encompasses the transmission system, includ-
ing optical transponders, amplifiers, and links. ML has shown strong potential in
enhancing the visibility, control, and performance of these components.

Quality of Transmission Estimation

QoT Estimation is a critical task in the operation of transparent optical networks, as
it enables the assessment of whether a LightPath (LP) can satisfy the physical-layer
performance requirements—typically expressed in terms of Bit Error Rate (BER),
Optical Signal-to-Noise Ratio (OSNR), or Q-factor—without the need for interme-
diate regeneration. These QoT metrics are inherently influenced by a multitude of
transmission parameters, including but not limited to the modulation format, baud
rate, coding rate, channel spacing, and the total propagation length of the LP. The
highly nonlinear interplay among these factors renders the manual configuration
and validation of LPs impractical in large-scale or dynamic networks.

Conventional QoT estimation methodologies may be broadly categorized into two
principal classes. The first class leverages analytical modeling approaches, which
utilize vendor-specified static parameters of optical components—such as amplifier
gain, noise figure, fiber attenuation, and connector losses—to analytically approxi-
mate the QoT of a candidate LP. Although these models, such as the Gaussian Noise
(GN) model, offer initial deployment insights, their accuracy is often compromised
over time due to device aging, unmodeled impairments, or deployment deviations in
disaggregated network environments. The second class of methods incorporates real-
time telemetry collected from the operational network, such as signal power, OSNR,
and noise figures measured via Erbium-Doped Fiber Amplifiers (EDFAs) and optical
channel monitors. These telemetry-driven approaches offer greater adaptability to
dynamic network conditions; however, they remain susceptible to uncertainties intro-
duced by varying spectral load conditions and cross-channel interference, especially
in elastic or open optical systems.

ML techniques offer a robust and scalable alternative, enabling the development
of data-driven models that capture complex, nonlinear relationships between ob-
servable network features and QoT indicators. These features typically include
topological attributes (e.g., hop count, path length), physical-layer parameters (e.g.,
baud rate, launch power, modulation format), and traffic descriptors (e.g., spectral
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occupancy, co-propagating channel characteristics). Unlike traditional analytical ap-
proaches, ML-based QoT estimators do not rely on rigid vendor-specific assumptions,
making them particularly well-suited for deployment in open and disaggregated
optical transport networks.

A wide array of ML algorithms has been explored for this task. Support Vector
Machines (SVMs) have been successfully employed for binary QoT feasibility classifi-
cation, demonstrating high predictive accuracy across different network conditions
[107]. Ensemble learning methods such as Random Forests provide improved gener-
alization and robustness by aggregating multiple decision trees trained on distinct
feature subsets [108]. Probabilistic models, notably Gaussian Process Regression
(GPR), offer the added advantage of predictive uncertainty quantification, facili-
tating confidence-aware decision-making in QoT estimation [109]. Deep learning
approaches, including fully-connected Deep Neural Networks (DNNs), have further
advanced the field by capturing complex hierarchical relationships among input
features, achieving superior performance when trained on sufficiently large and
diverse datasets [110].

In addition to these techniques, Case-Based Reasoning (CBR) frameworks have been
proposed. These models infer the QoT of a new LP by retrieving the most similar
historical LP instance—based on normalized Euclidean distance across feature
vectors—and extrapolating its QoT outcome. This form of cognitive modeling allows
for interpretable and adaptive decision-making and has been particularly effective
in early ML-driven network control architectures.

Several comparative studies have examined the efficacy of different ML classifiers for
QoT-E. Results indicate that while SVMs may yield the highest classification accuracy,
they often incur higher computational complexity compared to simpler models like
Random Forests or K-Nearest Neighbors (KNN). Moreover, GPR has been shown
to generalize well across heterogeneous optical network configurations, with input
features including signal power, symbol rate, channel spacing, and link length.

The applicability of ML-based QoT estimators has been validated not only in simula-
tion studies but also through integration into experimental testbeds and field trials.
These real-world validations highlight their capacity to enable fully automated QoT
prediction, thereby facilitating agile LP provisioning, reducing operational costs, and
improving network reliability in highly dynamic environments.

In summary, the integration of ML into QoT estimation frameworks represents a
significant step forward in achieving intelligent, autonomous optical networking.
The ability of ML models to generalize across heterogeneous infrastructures, adapt

5.2 Taxonomy of ML Applications Across Optical Network Layers
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to real-time conditions, and support high-frequency decision-making underscores
their essential role in the evolution of open and disaggregated optical networks.

Optical Amplifier Control

Optical Amplifier Control is a fundamental task in the management of dynamic op-
tical transport systems. As internet traffic patterns grow increasingly heterogeneous
and elastic—driven by fluctuations in service demands and the proliferation of cloud
applications—the ability to dynamically configure and reconfigure LPs becomes
essential. Such reconfigurations, however, directly affect the power levels within
optical spans, particularly in systems comprising multiple cascaded EDFAs. Since
EDFAs amplify signals based on the total spectral load they experience, the activation
or deactivation of LPs often introduces power transients, which can degrade signal
quality, lead to bit errors, or in extreme cases, cause complete LP failure.

Traditionally, EDFA settings such as gain, tilt, and output power are either statically
preconfigured based on worst-case assumptions or adjusted via slow-acting control
loops. These conventional methods lack the agility required in modern reconfig-
urable optical networks, especially those supporting Colorless, Directionless, and
Contentionless (CDC) architectures and Wavelength Selective Switches (WSS). To
overcome these limitations, recent research has focused on leveraging ML models
for real-time amplifier control, enabling more accurate and adaptive configuration
of EDFA operating points.

ML-based optical amplifier control techniques aim to model and predict the EDFA
behavior as a function of input signal characteristics and network state variables.
Several cognitive approaches have been proposed. For instance, the work in [111],
introduced a cognitive gain control scheme based on CBR, wherein a historical
database of EDFA gain settings, path lengths, and OSNR readings is used to retrieve
and adapt prior amplifier profiles for new LP requests. This method enables fast
configuration by selecting and perturbing similar known cases, with the updated
OSNR values estimated and stored for future reuse.

In parallel, data-driven approaches using neural networks have demonstrated promis-
ing results in capturing the nonlinear and multivariate dependencies that character-
ize amplifier operation. [112] proposed an Artificial Neural Network (ANN)-based
controller trained on experimentally collected EDFA response data. The model
was capable of predicting appropriate gain settings with interpolation errors below
0.5 dB, achieving fast adaptation to load changes without the need for exhaustive
look-up tables or slow convergence.
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Further experimental validation has been carried out in [113], who demonstrated
a hybrid control architecture combining ML-based estimators with feedback-based
error correction loops. Their testbed implementation showed significant reduction
in power fluctuations during LP activation and deactivation events in multi-span
transmission systems, underscoring the practical viability of ML-enhanced amplifier
control.

More broadly, these ML-based strategies differ in their modeling granularity. Regres-
sion models—linear or nonlinear—are used to emulate the EDFA transfer function,
predicting output power or gain tilt given a set of input signals. Ensemble methods,
such as gradient boosting or random forests, have also been explored for their
robustness in generalizing to unseen load configurations.

The integration of intelligent amplifier control mechanisms into Software-Defined
Networking (SDN) environments further expands their utility. By exposing EDFA
control interfaces to centralized controllers, ML models can be used not only for local
optimization but also for network-wide power equalization and impairment-aware
routing.

In summary, ML-driven EDFA control represents a paradigm shift from reactive,
hardware-specific tuning to proactive, context-aware configuration. These ap-
proaches significantly enhance the stability of optical channels, mitigate signal
degradation due to dynamic reconfigurations, and reduce operational complex-
ity—key requirements for the next generation of fully automated and disaggregated
optical networks.

Optical Performance Monitoring

Optical Performance Monitoring (OPM) is a fundamental task in modern optical
transport systems, enabling real-time tracking of transmission quality and early
detection of physical-layer impairments. It provides the foundation for numerous
adaptive network functions such as dynamic signal power equalization, modulation
format adjustment, spectrum reallocation, and fault localization. Within SDN
frameworks, OPM plays a pivotal role by continuously feeding controllers with
accurate physical-layer state information.

Traditionally, OPM relied on dedicated monitoring hardware devices—such as OSNR
meters, dispersion analyzers, or BER testers—deployed at strategic network points to
individually assess transmission impairments such as chromatic dispersion, polariza-
tion mode dispersion, polarization-dependent loss, and nonlinear distortions. These
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tools, however, suffer from several limitations: they are expensive, difficult to deploy
at scale, require careful calibration, and often provide limited temporal or spatial
granularity. Moreover, the independent measurement of each impairment type is
analytically challenging due to the nonlinear interaction of signal degradations
across optical spans.

To address these challenges, recent research has proposed leveraging ML techniques
for generalized, data-driven OPM. The key insight is that complex signal degra-
dations manifest as observable patterns in sampled waveform data—such as eye
diagrams, constellation plots, or power histograms—which can be used as feature
inputs to cognitive engines that learn to infer the underlying physical impairments.
This approach enables scalable, cost-effective, and multipurpose monitoring using
fewer physical probes.

Most ML-based OPM systems rely on supervised learning models, trained to estimate
specific transmission parameters (e.g., OSNR, chromatic dispersion, BER) or classify
signal quality levels. [114] and [110] reviewed several architectures where features
extracted from asynchronous eye diagrams (e.g., eye opening, jitter, crossing ampli-
tude) or from sampled amplitude histograms are fed into neural networks, SVMs,
or decision trees for impairment identification. These methods reduce the need for
intrusive taps or expensive instrumentation, while maintaining high accuracy in
realistic network conditions.

Deep learning models have also been proposed to remove the feature engineering
step by learning directly from raw waveform data. Convolutional Neural Networks
(CNNs) and autoencoders have been trained on time-domain signals or digitized
eye diagrams to simultaneously predict multiple impairments or detect anomalies.
Although this approach increases computational complexity and demands larger
datasets, it offers the advantage of model generalization and end-to-end learning.

Unsupervised learning techniques, including clustering and Self-Organizing Maps
(SOMs), have been applied for anomaly detection and impairment grouping without
requiring labeled datasets. These models are particularly valuable in open and
disaggregated optical networks, where device behavior is less predictable, and
labeled impairment data is difficult to obtain.

The growing interest in ML-based OPM also aligns with the integration of coher-
ent detection and Digital Signal Processing (DSP) in optical transponders, which
facilitates access to rich signal statistics in real-time. When combined with in-line
telemetry and network-wide data aggregation, ML models can offer centralized or
distributed performance monitoring with sub-second latency.
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In summary, ML-enhanced OPM systems present a scalable and hardware-agnostic
alternative to conventional techniques. They enable accurate monitoring of multiple
physical-layer impairments using low-cost measurements and data-driven inference,
unlocking new capabilities for proactive control, fault diagnosis, and autonomous
network operation in evolving optical infrastructures.

ML Applications at the Network Layer

At the network layer, ML is leveraged to address dynamic resource management,
failure mitigation, and service assurance tasks. These problems are typically combi-
natorial and non-convex, and ML provides effective heuristics learned from data.

Traffic and Optical Resource Prediction

Traffic prediction is a fundamental enabler for proactive provisioning, virtual topol-
ogy reconfiguration, and dynamic bandwidth allocation in optical networks. Accu-
rate forecasting of traffic demand allows network operators to adapt infrastructure
resources efficiently, reducing over-provisioning while ensuring Service-Level Agree-
ment (SLA) compliance. ML models are particularly well-suited for traffic prediction
tasks due to their ability to learn complex temporal and spatial correlations from
historical data.

Traditional time-series forecasting techniques such as Auto-Regressive Integrated
Moving Average (ARIMA) and Kalman filters have been applied for traffic predic-
tion during the planning phase of Virtual Network Topologies (VNTs) [115, 116].
However, their applicability is constrained by their inherent linear assumptions and
limited adaptability to highly non-stationary traffic trends observed in real-world
optical networks. In contrast, supervised ML models such as Feedforward Neural
Networks (FNNs), Support Vector Regression (SVR), and more recently deep learn-
ing models, including Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks, have demonstrated superior performance for learning
non-linear and long-range temporal dependencies in traffic matrices [117, 118].

In particular, LSTM networks are widely used due to their memory cell architecture,
which allows capturing both short- and long-term trends in source-destination traffic
demand. These models support predictive reconfiguration strategies by feeding
forecasted traffic into decision-making modules that trigger VNT adaptation and
resource reassignment. Some studies extend the use of deep learning techniques to
CNNs and attention mechanisms for spatiotemporal traffic learning [119].
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Beyond node-to-node traffic demand, optical resource prediction focuses on estimat-
ing the state of the spectrum within the network. This includes predicting spectrum
utilization levels, available contiguous slot ranges, and fragmentation metrics, which
are critical for efficient Routing, Modulation and Spectrum Assignment (RMSA)
[120, 121]. Since the spectrum resource in Elastic Optical Networks (EONs) is
fine-granular and dynamically allocated, real-time prediction of spectrum state aids
in reducing fragmentation and blocking probabilities.

ML-based models for optical resource prediction typically leverage features such
as spectrum occupancy histograms, path history, modulation formats, and demand
characteristics. For instance, in [122], random forests and gradient boosting ma-
chines are trained to estimate spectrum availability for candidate paths, helping
accelerate the decision-making in dynamic RMSA. Another study [123] proposes
a DRL agent that learns to predict future spectrum states and proactively reserves
contiguous slots for upcoming demands.

Clustering and matrix factorization techniques have also been applied to analyze
historical traffic matrices and estimate likely spectrum usage across the network.
Collective non-Negative Matrix Factorization (C-NMF), for example, allows decom-
posing multiple traffic snapshots into shared basis components that characterize
underlying spectrum usage patterns [124].

Furthermore, optical resource prediction has been extended to support spectrum
defragmentation strategies. Predictive models anticipate when fragmentation is
likely to impair resource allocation efficiency and trigger re-optimization routines
accordingly. In [125], supervised learning is applied to detect high fragmentation
scenarios based on real-time spectrum allocation data.

Overall, ML-driven traffic and optical resource prediction represents a pivotal com-
ponent in the intelligent control loop of modern optical networks. These methods
support efficient planning, allocation, and adaptation of spectral resources, enhanc-
ing overall network utilization and resilience to traffic volatility.

Failure Prediction and Localization

Failure prediction and localization play a pivotal role in ensuring the robustness and
availability of optical networks. As optical infrastructures grow in scale and com-
plexity, network operators are increasingly adopting ML techniques to anticipate and
mitigate potential disruptions. Predictive models enable timely fault identification,
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reduce Mean Time To Repair (MTTR), and support dynamic reconfiguration, thus
maintaining high Quality of Service (QoS) and meeting SLAs.

ML-based approaches to failure prediction typically rely on large volumes of teleme-
try data, such as BER, received signal power, amplifier current, and component
temperature. These inputs are used to detect abnormal conditions or performance
degradations indicative of incipient failures. Classification models such as SVMs, de-
cision trees, and Bayesian classifiers have been successfully deployed for identifying
early signs of degradation and categorizing different fault types [126, 127].

One notable example is the FEELING framework [128], which utilizes a combination
of SVMs and decision trees to diagnose failures based on spectral power readings
and BER signatures. Similarly, the TISSUE system [128] analyzes the slopes of
BER deviations across network nodes, comparing observed trends to theoretical
expectations. If deviations surpass defined thresholds, a failure alert is triggered.
These systems operate in near real-time, facilitating proactive rerouting and resource
reallocation.

Advanced techniques integrate probabilistic reasoning to address uncertainty in the
presence of incomplete data. Bayesian networks, often combined with Expectation-
Maximization (EM) algorithms, are employed to estimate failure probabilities when
some telemetry measurements are unavailable [127]. These methods have been
demonstrated to yield accurate fault localization across multi-layer optical topolo-

gies.

Regression-based approaches have also gained traction for continuous fault predic-
tion. For instance, neural network-based regression models are trained to predict
deviations in BER, signal gain, or power readings as functions of environmental
variables or equipment aging. In [129], a statistical neural regression model was
applied to predict failure events using features such as amplifier current and module
temperature, achieving high predictive accuracy across various operating condi-
tions.

Ensemble learning methods further enhance fault classification robustness. Random
forests and gradient boosting machines leverage multiple decision trees to model
diverse failure modes and improve generalization on unseen fault scenarios [127].
These models are particularly effective in handling heterogeneous datasets with
high-dimensional features.

In addition, unsupervised learning methods such as clustering and autoencoders are
used to detect novel or previously unseen failure patterns. Deep autoencoders can
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reconstruct healthy signal profiles and identify anomalies through reconstruction er-
ror thresholds. Such models are particularly valuable in disaggregated environments
where component behavior may deviate from vendor-defined baselines [127].

Finally, spatial statistical models like Kriging have been adapted for fault localization,
leveraging historical failure data to estimate the likelihood of failure at different
network segments. By modeling spatial correlations, Kriging-based predictors can
pinpoint failure origins even in sparse monitoring scenarios [127].

Collectively, these ML-driven techniques enable a paradigm shift from reactive to
proactive fault management in optical networks. By continuously learning from
operational data and adapting to evolving network conditions, ML models improve
resilience, reduce downtime, and support autonomous optical network control.

Routing Modulation and Spectrum Assignment

The RMSA problem represents one of the most computationally intensive and strate-
gically significant tasks in the operation of elastic optical networks (EONs). The goal
of RMSA is to jointly determine the optimal path through the network and allocate
the appropriate spectrum resources (i.e., frequency slots) to lightpath requests,
while minimizing the blocking probability and avoiding spectrum fragmentation.
As optical networks evolve to support higher bandwidth demands and dynamic
service provisioning, traditional routing algorithms are no longer sufficient to ensure
efficient and flexible spectrum utilization.

The RMSA problem is known to be NP-hard due to the combinatorial nature of
its constraints. Specifically, any valid solution must satisfy the following three key
spectrum constraints:

* Spectrum continuity: The same set of frequency slots must be available along
the entire route.

* Spectrum contiguity: Allocated slots for a lightpath must be adjacent in the
spectrum.

* Non-overlapping: Allocated slots must not conflict with those of existing
lightpaths.

These constraints are depicted in Figure 5.7, where a connection request is evaluated
against the current spectrum occupancy at two distinct time instances. At time T1,
sufficient contiguous and continuous spectrum is available along the path between
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nodes N1 and N4, making the request feasible. In contrast, at time T2, fragmentation

and existing allocations render the request unsatisfiable.

Connection Request
(N1, N4, 2)

()

Spectrum contiguity in individual link
Spectrum slices 5 and 6

Link | 2 3 4 5 6 7 8

Spectrum continuity
Spectrum slices 5 and 6
on each link of the path

“ ; No overlapping with
existing connection

Spectrum Availability
Status of Path at T1

(b)

Link ! 2 )
A Unoccupied or
Available Slices
B
C .Occupied Slices

Spectrum Availability
Status of Path at T2

No two Contiguous and Continuous spectrum
slots/slices available on path

(c)

Fig. 5.7.: RMSA constraint illustration. (a) A connection request from node N1 to node N4
requiring two contiguous FS; (b) Spectrum allocation scenario at time T1, where
the selected path satisfies the RMSA constraints, including spectrum continuity,
contiguity, and non-overlapping allocation; (c) Spectrum state at time T2, where
no available contiguous and continuous spectrum slices exist along the path to
accommodate the connection request. Figure reproduced from [130].
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Conventional solutions to RMSA, such as heuristic approaches and Integer Linear
Programming (ILP), struggle to scale with network size and dynamicity. Heuristics
often rely on pre-defined cost functions or static rules, which may lead to suboptimal
spectrum allocation, especially in highly variable traffic scenarios. ILP-based ap-
proaches, while optimal for small topologies, suffer from prohibitive computational
complexity in large-scale networks or real-time environments.

To address these limitations, ML techniques have been widely adopted. Super-
vised learning models, including Decision Trees, SVMs, and Deep Neural Networks
(DNNs), are trained on historical RMSA instances to predict feasible routes and
slot assignments. These models reduce computation time at runtime by replacing
exhaustive search with inference from trained policies [131]. Unsupervised learning
techniques such as clustering and NMF have been used to extract traffic patterns
and spectrum usage trends, aiding in proactive spectrum allocation decisions [132,
133].

However, RL has emerged as one of the most promising frameworks for solving the
RMSA problem in dynamic optical networks. By formulating RMSA as a Markov
Decision Process (MDP), RL agents are trained to learn optimal routing and spectrum
allocation policies by interacting with the environment. The state space typically
encodes network topology, spectrum usage, and fragmentation levels, while actions
correspond to selecting paths and spectrum blocks.

In particular, DRL techniques such as Deep Q-Network (DQN) [134], Proximal
Policy Optimization (PPO) [101], and Advantage Actor-Critic (A2C) [135] have
been successfully applied to learn RMSA policies in high-dimensional, continuous
state-action spaces. These methods leverage deep neural networks to approximate
Q-values or policy gradients, enabling generalization across a wide range of network
scenarios.

Multi-Agent Reinforcement Learning (MARL) schemes further extend this paradigm
by enabling distributed decision-making among autonomous agents. Each agent
may be responsible for a subset of the network (e.g., specific nodes or domains)
and cooperatively learns policies through shared experiences or limited message
passing. MARL techniques have demonstrated improved scalability and robustness
in decentralized environments [136].

ML and RL-based RMSA strategies are increasingly critical for managing spectrum
resources efficiently in EONs. They enable real-time adaptability to traffic variability,
reduce blocking and fragmentation, and facilitate scalable orchestration across
disaggregated infrastructures. As optical networks become more dynamic and
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heterogeneous, intelligent RMSA solutions will remain a cornerstone of efficient
network operation and automated service provisioning.

Practical Challenges for Deploying Machine
Learning in Optical Networks

While ML and DRL techniques have demonstrated significant potential for improving
control and management in optical networks, their deployment in carrier-grade
environments remains subject to several critical operational constraints. Beyond
algorithmic performance, practical considerations such as computational overhead,
scalability, integration with existing control planes, and robustness under real-world
conditions play a decisive role in determining their applicability.

One of the primary challenges is the computational complexity associated with
advanced ML models, particularly DRL agents. These models often rely on deep
neural networks with large parameter spaces, requiring substantial computational
resources for both training and inference. While training is typically performed
offline using high-performance computing infrastructure, inference must often be
executed within the control loop of the network. In carrier-grade environments,
where decisions may need to be taken within strict time constraints, the latency
introduced by model inference can become a limiting factor. For example, in dynamic
resource allocation or path computation scenarios, delays of even a few seconds
may lead to suboptimal decisions or service degradation. This is particularly critical
when DRL agents are embedded in centralized controllers that already process large
volumes of network state information.

In addition to latency, the scalability of ML-based solutions adds significant chal-
lenges. Optical networks at realistic scale involve thousands of nodes, links, and
channels, each contributing to a high-dimensional state space. DRL algorithms, in
particular, are known to struggle with scalability due to the exponential growth
of the state-action space. Techniques such as state abstraction, dimensionality re-
duction, or hierarchical learning can mitigate this issue, but they often introduce
trade-offs between model accuracy and computational efficiency. Moreover, the
training of such models requires large datasets that accurately represent network
conditions, which are not always readily available in operational environments.

Another important obstacle is the generalization capability of ML models when
transitioning from simulated or laboratory environments to real-world optical net-

5.3 Practical Challenges for Deploying Machine Learning in Optical
Networks

85



86

works. Many proposed solutions are validated using simplified network topologies
or synthetic traffic patterns, which do not fully capture the complexity and vari-
ability of production networks. In practice, optical networks exhibit heterogeneous
equipment, vendor-specific behaviors, and dynamic traffic patterns that may differ
significantly from training data. This domain shift can lead to degraded performance
or even incorrect decisions when models are deployed in live networks. Ensuring
robust generalization therefore requires careful dataset design, continuous model
validation, and mechanisms for online adaptation.

Integration with existing control and management systems also represents a non-
trivial challenge. Carrier-grade optical networks rely on established protocols,
standardized data models, and strict operational procedures to ensure reliability and
interoperability. Embedding ML models into this ecosystem requires well-defined
interfaces and compatibility with existing control loops. In particular, ML-driven
decisions must be explainable and verifiable to meet operational requirements,
especially in scenarios where incorrect actions could impact service-level agreements
(SLAs). This raises additional challenges related to model interpretability and
trustworthiness.

Reliability and fault tolerance are further critical considerations. Unlike traditional
rule-based systems, ML models may exhibit unpredictable behavior when encounter-
ing unseen conditions. In a carrier-grade context, where availability requirements
are extremely stringent, it is essential to incorporate safeguards such as fallback
mechanisms, confidence thresholds, and hybrid control strategies combining ML-
based and deterministic approaches. These mechanisms, however, add complexity to
the overall system design and may limit the autonomy of ML-driven control loops.

Finally, operational deployment requires alignment with DevOps and MLOps prac-
tices. Managing the lifecycle of ML models—including data collection, training,
validation, deployment, and monitoring—introduces additional overhead compared
to traditional network functions. Continuous integration and deployment pipelines
must be extended to handle model versioning, performance tracking, and retraining
processes. This is particularly important in optical networks, where environmen-
tal conditions and traffic patterns evolve over time, necessitating periodic model
updates to maintain performance.

In summary, while ML and DRL offer powerful tools for enhancing optical net-
work control and management, their deployment in carrier-grade environments
is constrained by challenges related to computational overhead, scalability, gen-
eralization, integration, and operational reliability. Addressing these challenges
requires a holistic approach that combines algorithmic innovation with system-level
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design considerations, paving the way for practical and robust ML-driven network
automation.

These operational constraints provide essential context for understanding both the
opportunities and the limitations of data-driven approaches in optical networks.
The integration of ML into optical network control and management—as detailed
through its applications in QoT estimation, optical amplifier control, performance
monitoring, traffic forecasting, failure prediction, and RMSA—demonstrates the
growing role of data-driven intelligence in enabling scalable, autonomous, and adap-
tive infrastructures. At the same time, the aforementioned challenges highlight the
need for carefully designed models that balance accuracy, computational efficiency,
and deployability in real-world environments.

These foundational concepts and technical challenges have directly motivated the
research contributions developed throughout this PhD work. In particular, we in-
vestigate supervised learning for QoT estimation using Gaussian Process Regression
with physical impairment awareness; deep reinforcement learning frameworks for
solving the RMSA problem through both single-agent and multi-agent paradigms;
and a novel Drift-Adaptive Ensemble-based QoT classifier capable of responding
to non-stationary traffic and network dynamics. The following chapter presents a
comprehensive account of these contributions, highlighting their design, implemen-
tation, and performance evaluation across synthetic and real-world optical network
scenarios.

5.3 Practical Challenges for Deploying Machine Learning in Optical
Networks
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Contribution 2. Design and
Evaluation of ML Models for
Optical Network Control

This section presents the practical implementation and evaluation of ML techniques
applied to the management and optimization of optical networks. Building upon
the foundational concepts introduced in the previous chapters, we focus on the
development, integration, and performance analysis of ML models tailored to key op-
erational tasks within both the physical and network layers. These tasks include QoT
estimation, optical transponder configuration, and dynamic resource orchestration
via RL-based RMSA.

The section is structured around a series of research contributions conducted during
the course of this Ph.D. Each contribution is presented in the form of an indepen-
dent experiment or case study, corresponding to peer-reviewed publications. For
each work, we detail the ML models employed, the dataset characteristics, train-
ing methodology, and performance metrics used for evaluation. Where applicable,
results are derived from emulated testbeds, real network telemetry, or simulation en-
vironments that mimic the conditions of open and disaggregated optical networks.

By examining these contributions, we aim to provide a comprehensive assessment
of how ML models can be effectively deployed to enhance network automation,
adaptability, and fault tolerance. The results support the hypothesis that data-driven
approaches not only reduce the operational complexity associated with manual
configuration but also yield measurable gains in spectral efficiency, failure mitigation,
and service availability.
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Contribution 2.1. Impairment-aware Path
Computation and ML-aided Transponder
Configuration Optimization

In this work, we demonstrated an online impairment-aware path computation engine
by leveraging a machine learning model to recommend the most appropriate path
and optical parameters combination for a connectivity service request in a fully
disaggregated multi-vendor optical transport network.

As transponders have a rapid innovation cycle, network operators consider the
partially disaggregated network as a pragmatic approach, which decouples this
equipment from the Open Line System (OLS) to eliminate the vendor lock-in issue.
The choice of transponder providers is open to which could meet the service re-
quirements (e.g., capacity, transmission range). However, it is still obliged to use
vendor-proprietary solutions such as network planning tools, PCE, power optimiza-
tion, etc., within the OLS; due to the complexity of optical transmission with physical
impairments, the lack of standardization at layer O.

Besides, the evolution towards multi-vendor fully disaggregated network architecture
requires a vendor-agnostic mechanism to act as a path computation element, as
well as estimate the QoT of an optical path traversing different network elements
from various vendors. The Gaussian Noise Python (GNPy) has the potential to
perform such multi-vendor optical network planning tasks. However, GNPy has
some limitations:

* optical parameters (e.g., transceiver operational mode, transmit power, etc.)
must be specified in the path request, which does not ensure an optimal QoT;

* the use of non-standardized data models (i.e., network topology, path com-
putation, equipment configuration) restricts its association with other SDN
applications. If the transmit power is not set properly, the computed path from
GNPy may not have a good OSNR value at the receiver. Thus, this requires a
power control loop optimization mechanism. In traditional single-vendor sys-
tems, each vendor has a proprietary mechanism to adjust the power. However,
this proprietary solution is no longer applicable in the multi-vendor scenario.

In [137], a telemetry-based automated solution is proposed to enhance the opera-
tional mode selection of transponders in the partially disaggregated network. The
study in [138] experiments with various ML models on the retrieved data from a
running network to predict the QoT of an unestablished optical path in another
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Fig. 6.1.: LO Impairment-aware Path Computation Sequence Diagram

agnostic network. Nevertheless, the question of provisioning online layer 0 services
with optimal settings in the multi-vendor fully disaggregated scenario has not been
resolved.

For this reason, we propose a ML model to recommend the most favorable optical
configurations and paths to reduce the time complexity in the multi-vendor power
control loop optimization procedure. This ML model can cover all equipment param-
eters in the network topology thanks to the centralized SDN paradigm. We make use
of the container-based microservice SDN control platform from 3 to demonstrate
the capability to perform online impairment-aware layer O path computations.

The implementation of GNPy for path computation in optical networks relies on
custom data models for network topology, equipment configuration, and path request
processing. However, these proprietary models necessitate a translation layer to
integrate with standardized NorthBound Interface (NBI) models within an SDN
Controller (SDNC). The TransportAPI (T-API) serves as the most suitable NBI due
to its extensive adoption and demonstrated interoperability across various use
cases. Consequently, a mapping is performed between GNPy’s data models and
corresponding T-API interfaces, including T-API topology, T-API equipment, and
T-API path computation. As T-API was not originally designed for impairment-aware
networking, an extension is introduced to enhance its interface for this functionality.
Later, this extension was adopted by the standard and introduced in a later release.

In a dynamic optical network, resources such as transponder types, central frequency,
slot width, and Optical Multiplex Section (OMS) links must be dynamically allocated
and released based on service demands. Additionally, operators must be able to
reserve bandwidth in advance, securing network resources for upcoming service
requests. The online LO impairment-aware path computation procedure is described
in Figure 6.1.

6.1 Contribution 2.1. Impairment-aware Path Computation and
ML-aided Transponder Configuration Optimization
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GNPy requires detailed optical parameters in the path request to perform path com-
putation and validation. While user-defined parameters such as source, destination,
and capacity are straightforward, other critical parameters—including transpon-
der type, operational mode, and transmit power—are more complex due to the
vast range of optical configurations and the network state’s variability. A service is
deemed feasible only if its estimated Generalized OSNR (GOSNR) surpasses the sum
of the OSNR threshold and system margin at the receiver.

Traditionally, a conservative approach has been employed, where predefined optical
parameters with high margins are used for all services sharing similar characteris-
tics. This, however, results in extended optimization periods due to unnecessary
monitoring adjustments and inefficient resource utilization. A brute-force search of
all possible configurations is impractical given the extensive operational range of
network elements and the real-time constraints of service provisioning.

To address these challenges, an ML-based application is developed to recommend
optimal optical parameter settings and routing paths, leveraging real-time network
states and service request information. The core of this application is an ML model
that interacts with the SDNC via the T-API interface, facilitating autonomous and
intelligent path selection.

The training data for this ML model is gathered from a multi-vendor optical network
testbed. During each service request, optical parameters are fine-tuned, and corre-
sponding monitored values are recorded. To enrich the dataset, randomized service
requests are generated with varying optical parameter configurations, and GNPy
is used to compute the GSNR values. The input feature set (X) comprises optical
parameters and network state metrics such as spectrum occupancy, while the output
label (Y) is the GOSNR value as shown in Figure 6.2a.

Finding an explicit function to model this relationship is highly complex. Instead,
the ML model constructs a surrogate function to approximate the optimal parameter-
to-GOSNR mapping, as shown in Figure 6.2b. Gaussian Process Regression (GPR) is
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chosen as the foundational technique for modeling the complex relationship between
input optical parameters and the resulting GOSNR values. GPR is a non-parametric,
probabilistic model that defines a distribution over functions, making it particularly
suited for scenarios where the underlying data relationships are highly nonlinear
and uncertain. The key advantage of GPR is its ability to provide not only point
predictions but also uncertainty estimates, allowing network operators to gauge
the confidence in each prediction. Given a set of training data, GPR models the
distribution of functions that could fit the data while maintaining a measure of
confidence. The covariance function (or kernel) plays a crucial role in defining
the smoothness and shape of the learned function. A Radial Basis Function (RBF)
kernel is typically employed to capture fine-grained variations in optical transmission
impairments.

Despite its advantages, GPR suffers from scalability issues when applied to large
datasets due to its cubic complexity in the number of data points. To mitigate this,
Bayesian Optimization (BO) is utilized as an enhancement mechanism. BO is an
iterative optimization strategy that efficiently searches for the best hyperparameters
or configurations by constructing a probabilistic surrogate model of the objective
function. It employs an acquisition function to determine the next best sample point,
balancing exploration (sampling in regions of high uncertainty) and exploitation
(sampling in regions predicted to yield optimal performance).

The integration of BO into GPR fine-tunes the predictive model by adaptively select-
ing the most informative training samples. Initially, the model has a wide confidence
interval, reflecting high uncertainty. As more data points are sampled and incor-
porated, BO systematically refines the surrogate function, converging towards an
optimal representation of the system’s behavior. This enables faster convergence in
determining optimal optical configurations, significantly reducing the computational
overhead compared to exhaustive search methods.

The ML model is implemented using TensorFlow and scikit-learn 0.23.2, enabling
efficient training and inference. The surrogate function allows for rapid optical
parameter selection and path computation, significantly reducing the time com-
plexity associated with conventional trial-and-error methods. Additionally, power
adjustments occur faster, leading to enhanced network performance. The ML-driven
application can function independently of traditional network planning tools, with
GNPy serving as a path validator to confirm the feasibility of recommended routes
and configurations.

6.1 Contribution 2.1. Impairment-aware Path Computation and
ML-aided Transponder Configuration Optimization
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The demonstration focuses on the difference in the power adjustment of two layer 0
services. One uses the default optical parameter settings, and the other applies the
recommended settings from the ML application. Details are specified as follows:

e Step 1: LO T-API Connectivity Service Request - from the GUI, we show the
T-API topology context, current network state as well as detailed optical pa-
rameters descriptions of equipment from the database. Two T-API connectivity
service requests are generated with the same Source, Destination, and Capacity
inputs. For other required fields, one uses the default optical parameters; like-
wise, the other invokes the ML application for a more appropriate suggestion.

* Step 2: ML-aided Optical Parameters and Paths Recommendation - Given the
Source, Destination, Capacity, and current network state inputs, the ML appli-
cation returns the most suitable optical parameters (such as the transponder
type, operational mode, transmit power) and their corresponding path for the
second request.

* Step 3: Service Provisioning - After composing two requests, SDNC sends to
GNPy for path computation (request 1) and validation (request 2). If paths
are validated, network elements are configured accordingly.

* Step 4: Power Control Loop Observation - SDNC performs power adjustment
based on a simple centralized power optimization algorithm. We observe from
the monitored data that (see Figure 6.3), with the recommendation from the
ML application, the transmit power is close to the optimal value. On the other
hand, the initial configuration is implemented with a high margin to avoid
service disruption. Thus, SDNC monitors the transmission performance to
regulate the transmit power to reach the optimal value with regards to OSNR
and BER.

This work introduces an ML-assisted impairment-aware path computation frame-
work for fully disaggregated optical networks, enabling intelligent selection of
transponder parameters and routing paths based on real-time network states. By
employing GPR with Bayesian BO, the system approximates the complex mapping
between optical configurations and GOSNR, offering predictive capabilities with
quantified uncertainty. This data-driven surrogate modeling approach significantly
improves decision-making efficiency, reduces provisioning latency, and optimizes
power control loops without resorting to exhaustive search or conservative over-
provisioning.

The integration of the ML model with the standardized T-API northbound interface
enables seamless interaction with SDN control platforms. This compatibility ensures
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Fig. 6.3.: Power adjustment over time using power loop control
that the solution can be embedded within the microservice-based control frame-

work introduced in the previous chapters, supporting modular and vendor-agnostic
orchestration in open optical environments.

While the results demonstrate substantial improvements in provisioning speed and
configuration accuracy, the approach remains constrained by the scalability limits
of GPR and its dependence on comprehensive training data. Future work should
explore sparse or online variants of GPR and dynamic retraining strategies to ensure
adaptability in evolving network scenarios.

Contribution 2.2. Deep Reinforcement Learning
aided Routing, Modulation format, and Spectrum
Allocation

This work presents the design and implementation of DeepSF-PCE, a single-agent
DRL-based Spectrum Fragmentation (SF) aware PCE developed to intelligently

6.2 Contribution 2.2. Deep Reinforcement Learning aided Routing,
Modulation format, and Spectrum Allocation
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Fig. 6.4.: DeepSF-PCE state representation

solve the RMSa problem in EONs. The system addresses the pressing need for
autonomous and scalable decision-making frameworks in optical transport networks,
where dynamic traffic conditions, spectrum fragmentation, and QoT constraints
make real-time resource allocation increasingly complex.

By training a DRL agent to operate over a representation of the network state—including
current spectrum occupancy and fragmentation metrics—DeepSF-PCE learns to se-
lect paths, modulation formats, and contiguous spectrum slots that not only meet
connectivity constraints (i.e., continuity, contiguity, and non-overlapping rules), but
also minimize long-term spectrum fragmentation. Unlike heuristic or rule-based
RMSA methods, this agent develops a policy that generalizes to unseen network
states and adapts to the evolving network context through reinforcement learning.

To ensure practical integration within a disaggregated optical control architecture,
DeepSF-PCE is encapsulated as a modular network function and exposed through
REST APIs that conform to the T-API standard, enabling direct interaction with
software-defined controllers introduced in earlier chapters. This work thus con-
tributes an intelligent, modular, and standards-aligned decision-making engine
capable of autonomously improving network performance under dynamic opera-
tional conditions.

The objective of DeepSF-PCE is to learn optimal RMSA policies maximizing the
number of served requests. It involves three components: the network state (i.e.,
the observation vector), the set of actions that can be performed by the DRL-agent
(i.e., action space), and the reward function that gives feedback to the agent.
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* The action space, A is a set of discrete actions of size k x J + 1, where k is
the number of candidate paths for each source-destination pair in the network
and J determines the number of candidate Frequency Slot (FS) blocks in each
path. The additional action represents the possibility of rejecting a request.

* The observation vector, o; contains the source-destination pair in 1-hot
encoding (s, d), a normalized value of the service capacity requirement (c in
Gbps), the service duration (7) and the spectrum utilization of & shortest paths
(SP) between source and destination. For each path, we compute the starting
indices :):’f ;> the size of the FS block x’g 7, the resulting fragmentation state
xlg ; in case of selecting that particular FS block, the number of FS needed
x% and the average FS block size x¥. For calculating the fragmentation state,
we use the Shannon entropy (H,.,) at two different levels: link-based and
path-based, as proposed in [139]. The objective is to provide to the agent the
resulting spectrum fragmentation measure after allocating the service request.
Higher level of SF lead to large values of Hy,,,, therefore we normalize
Hy,q4, between [0-1]: (e Hsrag). Thus, a common scale is preserved for every
parameter in the observation vector. Fig. 6.4 shows an example of the state
representation using the path-based fragmentation approach.

* The reward function considers the resource allocation capability of the agent
for a given request and the resulting fragmentation caused by the allocation.
If the agent can accommodate the service request, it will get a positive reward
+1 plus an additional fragmentation-aware metric. If not, it will receive a
negative reward —1. For that reason, we introduce the difference in fragmen-
tation (AHy,q4) between ¢ and ¢t —1. The reward function is defined as follows:

(6.1)

1 + e 2Hprag  successfully allocated
Tt =
-1 otherwise

The DRL agent was trained using two algorithms: Advantage Actor-Critic (A2C)
and Proximal Policy Optimization (PPO) provided by the stable-baselines library.
Both agents are modeled with two fully-connected Deep Neural Networks (DNNs):
Actor and Critic. The input layer size is equal to the length of s;. 5 hidden layers,
each one of 128 neurons, and the output layer consisting of k£ x J neurons for the
Actor-network and 1 neuron for the Critic network. The difference between A2C and
PPO lies in the learning phase. PPO estimates the policy gradients using the ratio
between the new and old policy instead of using the logarithm of the new policy as
in A2C [101]. We selected a discounted factor v = 0.96 and a learning rate o = 10~
as they produced the best results. The simulations consider an extended dynamic

6.2 Contribution 2.2. Deep Reinforcement Learning aided Routing,
Modulation format, and Spectrum Allocation
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network environment from [140], where service requests arrive following a Poisson
process with arrival rate A = 10 and a mean service duration of 25 units of time.
The source-destination pair is randomly selected, and the capacity demand follows
a uniform distribution between [10-200] Gbps. The C-band is considered for each
link of the network topology (384 FSs of 12.5GHz). The distance-adaptive based
impairment aware model explained in [141] is used to select the modulation format
and, subsequently, determine the number of FS needed to accommodate the service
request. The agents were trained for 1000 episodes, where each episode consisted
of 1000 service requests. An episode begins with a fully available spectrum and ends
when all service requests have been processed i.e., provisioned or rejected, by the
agent. The objective is to prove the benefit of including spectrum fragmentation-
related information when quantifying the service-blocking probability.

Performance Evaluation

The performance of the proposed DeepSF-PCE framework was assessed using the
widely adopted NSENET topology, composed of 14 nodes and 22 bidirectional fiber
links. Each fiber supports the full C-band spectrum, discretized into 384 FSs of
12.5 GHz granularity. The evaluation is conducted using a dynamic traffic scenario,
where connection requests arrive following a Poisson process and have exponentially
distributed holding times, simulating realistic network conditions under time-varying
traffic demands.

The learning environment is parametrized with & = 5 candidate shortest paths
per source-destination (s-d) pair. For each path, the agent evaluates a discrete set
of J € {2,3,5} spectrum block options, leading to an action space of cardinality
|A| = k- J + 1. The additional action accounts for the rejection of unsatisfiable
requests. This design allows the agent to explore multiple allocation options while
preserving computational tractability.

Figure 6.5 reports the request blocking probability as a function of training episodes
for three distinct configurations of the spectrum allocation parameter J. As J
increases, the agent is exposed to a broader decision space, improving its ability to
explore alternative allocations that reduce contention and fragmentation. However,
this comes at the cost of increased observation and action space dimensionality,
which directly impacts convergence time and learning stability.

The observed trends confirm that DeepSF-PCE consistently and significantly outper-
forms baseline methods, including DeepRMSA [134], SP-FF (Shortest Path - First Fit),
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Fig. 6.5.: Blocking probability over training episodes for different values of .J.

and kSP-FF (k-Shortest Paths - First Fit). Specifically, the proposed model achieves
a relative blocking probability reduction of 28.5% for J = 2, 50% for J = 3, and
80.7% for J = 5 compared to DeepRMSA. These performance gains are attributed
to two core innovations in DeepSF-PCE:

1. Fragmentation-aware Observation Design: By embedding the expected
fragmentation variation e~z into the observation vector for each candi-
date allocation, the agent learns to avoid spectrum allocations that lead to
spectrum fragmentation, a major contributor to future blocking events. This
proactive consideration of global spectrum health enables the agent to make
decisions that optimize long-term spectrum utilization, rather than short-term
acceptance rates.

6.2 Contribution 2.2. Deep Reinforcement Learning aided Routing,
Modulation format, and Spectrum Allocation

99



100

2. Reward Shaping with Entropy Variation: The reward function penalizes al-
locations that increase entropy in the FS distribution, thus biasing the learning
process toward spectrum-preserving decisions. This is particularly impactful in
elastic optical networks, where fragmentation leads to stranded resources, i.e.,
small contiguous blocks of FS that cannot accommodate new demands despite
sufficient total capacity.

Furthermore, the experiments reveal important insights into model behavior as a
function of J:

* For smaller values of J (e.g., J = 2), the agent converges rapidly due to the
limited action space and lower-dimensional observation vectors (see Fig. 6.5a).
However, the constrained number of allocation options limits the agent’s
capacity to find spectrum-efficient configurations under high-load scenarios.

* For intermediate values (J = 3), DeepSF-PCE demonstrates a strong balance
between learning complexity and allocation flexibility (Fig. 6.5b). It achieves
significant reductions in blocking with relatively fast convergence, making it a
suitable configuration for many operational scenarios.

* For larger values (J = 5), the agent achieves the lowest blocking probability
overall (Fig. 6.5c). However, the expanded state-action space requires longer
training duration and more stable policy updates. This configuration is ideal
for offline training environments or networks requiring highly optimized
provisioning under heavy load.

The comparison between link-based and path-based entropy estimation further re-
veals the effectiveness of localized fragmentation awareness. While path-based mea-
sures provide a holistic view of contiguous spectrum availability across a full path,
they fail to capture per-link bottlenecks that often constrain end-to-end provisioning.
LB-based fragmentation metrics enable more granular and accurate estimation of
spectrum health, leading to better policy learning and decision-making—especially
in high J configurations where nuanced spectrum dynamics emerge.

Additionally, PPO consistently outperforms the Advantage Actor-Critic (A2C) al-
gorithm across all test scenarios. PPO’s clipped objective function and adaptive
step-size control mechanisms result in more stable training dynamics, improved
sample efficiency, and reduced sensitivity to hyperparameter tuning. This confirms
PPO’s suitability for complex environments such as RMSA in EONs, where noisy
and high-dimensional observations pose significant challenges for traditional policy
gradient methods.

Chapter 6 Contribution 2. Design and Evaluation of ML Models for Optical
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While the previous results have demonstrated the effectiveness of the DRL-based
RMSA approach in terms of blocking probability and resource utilization, it is also
important to analyze the learning dynamics of the agent to better understand its
behavior during training.

In reinforcement learning, the evolution of the reward signal provides key insights
into the convergence properties of the agent. In our case, the reward function is
designed to capture both successful service provisioning and efficient spectrum usage.
During training, the reward typically exhibits an initial phase of high variability,
corresponding to exploration of the state-action space. This phase is followed by
a progressive stabilization as the agent converges towards a policy that balances
acceptance ratio and spectral efficiency.

Although a full convergence analysis is beyond the scope of this work, observations
from the training process indicate that the agent reaches a stable performance
regime after a sufficient number of episodes, with diminishing improvements in
cumulative reward. This suggests convergence towards a locally optimal policy,
which is consistent with the stochastic nature of DRL algorithms and the complexity
of the RMSA problem.

It is important to note that convergence speed and stability are strongly influenced
by hyperparameters such as learning rate, exploration strategy, and reward shaping.
In large-scale optical network scenarios, the size of the state-action space can
significantly slow down convergence, requiring careful tuning.

Conclusion

The proposed DeepSF-PCE framework introduces a deep reinforcement learning-
based Path Computation Element capable of effectively reducing the blocking proba-
bility in dynamic RMSA scenarios. Through the integration of fragmentation-aware
state features and reward functions, the agent learns to internalize the long-term
effects of spectral fragmentation, resulting in significantly improved spectrum al-
location decisions. Empirical evaluations across multiple configurations confirm
that DeepSF-PCE outperforms traditional heuristics and baseline DRL models—such
as SP-FF, kSP-FF, and DeepRMSA—achieving up to 80.7% reduction in blocking
probability in high-complexity settings.

These improvements have several strategic implications. First, DeepSF-PCE enables
greater service provisioning reliability under bursty or high-load traffic conditions,

6.2 Contribution 2.2. Deep Reinforcement Learning aided Routing,
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thereby enhancing overall throughput. Second, its ability to minimize fragmenta-
tion leads to improved spectrum efficiency and reduces the operational overhead
associated with spectrum defragmentation procedures. Third, by embedding frag-
mentation metrics directly into both the observation vector and reward structure,
the framework introduces a form of anticipatory control that supports sustainable
and long-term resource management. Finally, the agent’s implementation as a T-API
compliant PCE supports interoperability and real-world deployment within open,
multi-vendor SDN-enabled optical infrastructures.

Despite these advantages, the single-agent reinforcement learning approach adopted
in DeepSF-PCE presents inherent scalability limitations. As the optical network
grows in size and complexity, the expansion of the state and action spaces increases
the computational burden during training and slows convergence. Moreover, a
centralized agent may struggle to capture distributed and localized network state
variations, leading to suboptimal decisions in scenarios that require fine-grained
control granularity. These limitations highlight the need for future extensions toward
scalable multi-agent architectures that preserve the intelligent behavior of DeepSF-
PCE while enhancing its adaptability in large-scale, heterogeneous environments.

Contribution 2.3. Multi-Agent Graph Convolutional
Reinforcement Learning for RSA

As mentioned previously, the single-agent DRL approach may lead to a long training
period. Moreover, relational features, such as non-fragmented spectrum blocks
between links in a path, need to be extracted by manually applying an equivalent
kernel.

In this work, we propose the multi-agent Graph Convolutional Reinforcement Learn-
ing approach, called MAGC-RSA, to solve the Routing and Spectrum Assignment
(RSA) problem in a distributed manner. Leveraging the similarity of network topol-
ogy and graph structure, GCN models each DRL agent as a network node in the
topology. Based on the global view provided by SDNC and the observation of its
neighbors, the DRL agent, which corresponds to the source node of the request,
decides to select the optimal path and spectrum resources. Moreover, we adopt
the Attention mechanism [142] as the kernel in the convolutional layer to extract
latent features for faster convergence even in a large observation space of many
nodes. Additionally, DRL agents are trained with a fragmentation-aware reward
function, which leads to better spectrum utilization. To the best of our knowledge,
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this centralized training and distributed execution method is applied for the first
time to solve the RSA problem in EONs. Our approach achieves a lower blocking
probability as compared to the heuristic K-Shortest Path First-Fit and another MADRL
(Multi-Agent DRL) solution.

We model the MAGC-RSA algorithm as a graph G = (N, E'), where agents represent
network nodes and edges express the connection between them. For every service
request, the agent that corresponds to the source node is in charge of finding the
optimal path and spectrum resources. Fig. 6.6 describes the operation principle of
our proposed solution.

MAGC-RSA architecture consists of three main components: the Encoder, the Convo-
lutional Layer, and the Q Network. They are illustrated in Fig. 6.7 and described as
follows:

* 1) Observation Encoder: The local observation of agent a; at time step ¢ is
denoted as vector o;(t). Each observation vector o;(t) contains the one-hot
encoding of the source and destination of the request, the number of requested
frequency slots, the spectrum utilization of k& candidate shortest paths between
the source and destination, the spectrum utilization of d links originating from

6.3 Contribution 2.3. Multi-Agent Graph Convolutional Reinforcement
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K neighbors of a;. The value of d, K may vary between environments. In this
paper, we choose d = 3, K = 4. Once constructed, each observation vector
will be encoded by the Multi Layer Perceptron (MLP) to create the feature
vector f; of agent a;.

The feature vector f; is defined by multiplying two matrices M aq; X F'(t). M a4
isa N x N matrix, where m; ; = 1 if agent a; has a connection towards a;,
m;; = 0 otherwise. F(t) is the feature matrix that aggregates all feature

vectors of all agents at time ¢.

2) Convolutional layers: These layers take as input the feature vector f;, which
is the output of MLP, and an adjacency matrix M 44; of the agent.

The convolutional layer, namely the Kernel relation, is responsible for gen-
erating the latent features. In this context, the convolutional kernel uses
multi-head dot-product attention to compute interactions between agents.
Considering an agent a; and the set &; of its K neighbors, an input feature
is expressed in a query, key and value representation by each independent
attention head [142].

In order to model the relationship between each agent and its neighboring
agents (i.e., between i and j € &;) for an attention head m, we use the
following formula:

exp(d . Wit fi . (W,g”fj)T)
= 6.2
TS e eap(d . Wi fi - (W )T (6-2)

where: for each agent a;, there are a set of entities £; (K neighbors and the
node n; itself) in the local region, and ¢ is a scaling factor.

For each attention head, the value representations of all the input features are
weighted by the relation and summed together. Subsequently, for agent i the
outputs of the M attention heads are concatenated and fed into the o-function
(a MLP with ReLU non-linearities) in order to produce the convolutional layer
output. Therefore, the latent feature vector /; is formulated as follows:

li = a(concatenate[z i Wi f,¥Ym € M]) (6.3)
JjEE:

3) Q-Network: For each agent, the Q-network is applied on the concatenated
features of the previous layers, allowing to take into consideration the cooper-
ation at different scopes.
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Fig. 6.7.: MAGC-RSA architecture.

The Q-network aims here to set the actions by calculating the Q-values. There-
fore, during the training phase, the tuple (O, A, O, R, M 44;) is stored into the
buffer B at each time step ¢; where: O= (o1, ... on) is the set of observations,
A= (ay, ... ay) is the set of actions, O'= (¢}, ... 0/y) is the set of next observa-
tions, R= (ry, ... rn) is the set of rewards, and Ma4i= (Magj,, -.- Magjy) is
the set of adjacency matrix. Next, a random mini-batch of size S is sampled
from B and hence, we minimize the following loss:

N
Lossq(8) = & 32 1 D 2((ri + ymazw @0}, als ) — Q(Ona5:6))  (6.4)
S

=1

0| =

With: ~ is the discount factor, and 6 is the parametrization of the ) function.
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It is worth noting that during the computation of Q-loss in the learning phase,
the underlying graph can change over time, which prevents the convergence
of Q and leads to some learning instabilities. To deal with the latter issue,
M 445 is kept unchanged in two successive time steps. Therefore, in order to
update the parameters of the latter scheme, the Q-loss gradients of all agents
are accumulated. Each agent minimizes not only its own Q-loss but also the
Q-loss of the other agents it collaborates with. Each agent communicates only
with its K neighbors which makes the scheme easily applicable to large-scale
GC-MARL systems.

Deep-Q-learning (DQL) is implemented to train our model where the future
value estimation is used as the target for the current estimation. In multi-
agent environments, the decision-making of actions is complicated, especially
when the environment is highly dynamic. Therefore, the temporal relations
regularization facilitates action-taking by adopting a cooperative behavior
providing coherent actions in the long term to maximize the final reward. Thus,
the relation representation (i.e., the attention weight distribution over the
neighboring agents produced by the relation kernel) should also be consistent
and stable for a short period.

To make the learned attention weight distribution stable over time-steps,
we propose temporal relation regularization. Inspired by temporal difference
learning, we use the attention weight distribution in the next state as the target
for the current attention weight distribution. We adopt the Kullback-Leibler
(KL) divergence to measure how the current attention weight distribution is
different from the target attention weight distribution. Minimizing the KL
divergence as a regularization will encourage the agent to form a consistent
relation representation and hence consistent cooperation.

It is worth noting that we only use the target network to produce the target
Q-value. For the calculation of KL divergence between relation representations
in two time-steps, we apply the current network to the next state to produce
the target relation representation. This is because relation representation is
highly correlated with the weights of feature extraction. However, the update
of such weights in the target network always lags behind that of the current
network, making the relation representation produced by the target network
not consistent with that produced by the current network.

Given the observation vector and the adjacency matrix described previously, a MAGC-
RSA agent takes an action based on the output of the Q-Network. It selects the path
and the first index of the contiguous frequency slots block among k x J actions in

Chapter 6 Contribution 2. Design and Evaluation of ML Models for Optical
Network Control



6.3.1

Tab. 6.1.: Hyperparameters

Parameters Values
Learning rate 1074
Batch size 64

# neighbors

# attention head

# hidden layers 2
Hidden layers dimension 64
Discount factor ~y 0.96

the discrete action space; where k is the number of candidate shortest paths, and J
is the number of sufficient frequency slots blocks.

As in DeepSF-PCE, the reward function considers not only the resource allocation
capability of the agent for a given request but also provides useful information
concerning the impact of this assignment concerning the effect of fragmentation:

(6.5)

{ 1 + e 2Msrag successfully allocated
Ty =

-1 otherwise

Performance evaluation

We conducted the experiments by extending the environment in [140]. In our
implementation, all agents cooperate and interact with one single environment.
Thus, after performing an action, all agents update their observations and adja-
cency matrix, based on the network information provided by SDNC. The simulation
considers the dynamic scenario where requests arrive following a Poisson process
with an arrival rate of 10 and have a mean service duration of 25 units of time,
which follows the exponential distribution. Each request’s source-destination pair is
randomly selected and its bandwidth demand is evenly distributed between [2-4]
frequency slots. The agents were trained in 1000 episodes. Each episode consists of
10000 services. The hyperparameters are specified in Table 6.1.

The performance of MAGC-RSA is experimented on the 14-node NSFNET topology
for small-scale problems and the 28-node Pan-European topology for larger-scale
problems.

Figures 6.8a and 6.8b illustrate the evolution of the request blocking probability over
the training episodes. MAGC-RSA consistently outperforms baseline approaches
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such as kSP-FF, SP-FF, and DeepRMSA. Notably, the blocking probability is reduced
by 16.62% in NSFNET and by 58.33% in Pan-European networks compared to
DeepRMSA, confirming the superior generalization capability of our multi-agent
architecture in diverse network conditions. These results affirm the efficacy of
MAGC-RSA in managing spectral resources and adapting to fluctuating demand.

Compared to DeepSF-PCE, which adopts a single-agent paradigm, MAGC-RSA
demonstrates multiple advantages. First, by distributing decision-making across
network nodes, it alleviates the scalability bottlenecks observed in DeepSF-PCE
where a central agent must learn a policy over a large action and observation space.
In MAGC-RSA, agents exploit their local view and neighborhood observations to
make decentralized yet coordinated decisions, significantly accelerating convergence
and improving policy specialization. This results in a more scalable architecture
suitable for future large-scale elastic optical networks.

Moreover, the incorporation of GCNs with multi-head attention mechanisms in
MAGC-RSA enables relational inductive biases that traditional feedforward DRL
models cannot capture. GCNs allow agents to learn latent topological embeddings
by leveraging the network’s adjacency structure, effectively modeling the interde-
pendencies between neighboring nodes. This capability is crucial for capturing path
continuity and spectral contiguity constraints across the network. The multi-head at-
tention kernel, acting as a dynamic and adaptive filter, further enhances the model’s
expressiveness by enabling context-sensitive feature aggregation. This facilitates
robust representation learning and empowers agents to focus on spectrum blocks
that maximize long-term utility while minimizing fragmentation.

In addition, MAGC-RSA integrates a fragmentation-aware reward function, similar
to DeepSF-PCE, yet improves upon it by enabling agents to collaboratively minimize
fragmentation across distributed decision points. This results in enhanced spectrum
compactness and defers the need for expensive defragmentation operations. Fur-
thermore, temporal relation regularization stabilizes inter-agent cooperation over
time, promoting consistent and interpretable policies in dynamic environments.

Conclusion

The proposed multi-agent graph convolutional reinforcement learning framework
leverages distributed decision-making to address the scalability limitations of cen-
tralized approaches. However, this paradigm introduces additional considerations
related to inter-agent cooperation and communication overhead.

Chapter 6 Contribution 2. Design and Evaluation of ML Models for Optical
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In the proposed architecture, agents implicitly cooperate through the exchange of
information embedded in graph representations, enabling each agent to capture
both local and global network state features. This distributed perception allows
agents to make coordinated decisions without requiring a fully centralized controller.
Nevertheless, the degree of coordination depends on the frequency and richness of
information exchange.

From an operational perspective, inter-agent communication introduces overhead
in terms of bandwidth consumption, synchronization requirements, and processing
latency. In large-scale optical networks, where the number of agents may grow
proportionally with the number of nodes or domains, the cumulative communication
cost can become significant. This creates a trade-off between the level of coordination
and system scalability.

Compared to centralized approaches, the multi-agent framework reduces the com-
putational burden on a single entity and improves fault tolerance, as decisions are
distributed across agents. However, it may also lead to suboptimal global decisions
if agents operate with partial or outdated information. Ensuring consistency across
agents therefore requires mechanisms for synchronization or consensus, which may

further increase communication complexity.

Additionally, training multi-agent systems introduces challenges such as non-stationarity,
where the environment perceived by each agent changes as other agents update
their policies. This can impact convergence stability and requires careful design
of training strategies, such as centralized training with decentralized execution or

parameter sharing.

Overall, the multi-agent approach provides improved scalability and flexibility com-
pared to centralized solutions, but at the cost of increased communication overhead
and coordination complexity. The choice between centralized and distributed con-
trol therefore depends on the specific requirements of the network, including size,
latency constraints, and reliability considerations.

In conclusion, RL holds immense promise for advancing the automation and in-
telligence of optical networks. However, despite these advancements, significant
challenges remain in deploying RL-based solutions in real-world optical networks.
One of the primary barriers is the requirement for vast amounts of high-quality train-
ing data. Optical networks do not naturally generate sufficient labeled datasets, and
obtaining such data from real deployments is both expensive and time-consuming.
Furthermore, RL models require extensive exploration to learn optimal policies,
which is infeasible in operational networks where errors can lead to severe service
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disruptions. Unlike simulated environments, real-world optical networks must priori-
tize reliability and service continuity, making it difficult to deploy RL models without
extensive safety mechanisms.

To bridge the gap between RL research and real-world deployment, hybrid ap-
proaches combining RL with traditional optimization techniques and heuristic-based
fallback mechanisms should be explored. Moreover, integrating offline learning with
transfer learning strategies may allow RL models to generalize better across diverse
network conditions, minimizing the risks of real-time learning failures.

Contribution 2.4. Dynamic Drift-Adaptive
Ensemble-based QoT Classification

Quality of Transmission (QoT) classification using ML models has become a hot topic
since it shows more effective and accurate than numerical and analytical approaches
(i.e., the split-step Fourier method, the Gaussian Noise model). We consider the
requirement to verify the feasibility of a new lightpath before the provisioning phase.
The QoT violation assurance imposes extra complexity because there might be many
active connections that need QoT value verification. Most QoT ML models are
implemented with the assumption that the training and testing datasets follow the
same pattern. However, this is no longer the case in the dynamic Optical Transport
Network (OTN) scenario, where data distribution in the target environment may
differ from the learning one. Thus, QoT ML models could experience performance
degradation or drift. In addition, the lack of a drift adaptation mechanism prevents
the model from dynamically improving its performance, which causes a complete
update on new samples. Model retraining requires an advanced scheme to organize
new online data, tune hyperparameters, and record and serve various versions of
the model.

Model drift occurs when the performance of an ML model degrades over time.
There are various causes, such as data distribution shift, model objective change,
etc. There are two main categories: data drift and concept drift. Data drift occurs
when the distribution of the features in prediction is different from the training
phase. For example, the traffic matrix of connectivity requests could be shifted
from a high number of low-capacity demands (i.e., 100Gbps, 200 Gbps) to more
high-capacity ones (i.e., 300Gbps, 400Gbps) due to the bandwidth requirement of
5G and Beyond 5G services. Concept drift indicates that there is a change in the
underlying relationships between features and outcomes. Particularly, a defective

6.4 Contribution 2.4. Dynamic Drift-Adaptive Ensemble-based QoT
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optical receiver would report a failure, although the receiving Optical Signal-to-Noise
ratio (OSNR) is well above the threshold. Hence, labels are reported incorrectly,
which leads to the degradation of the ML model’s performance

There are two main methods to detect drift: data monitoring (or statistical method)
and performance monitoring (or learner-based method). Statistical or hypothesis
tests are used to detect actual changes in data distribution. There are popular meth-
ods such as the Population Stability Index (PSI), Kullback-Leibler (KL) divergence,
Jensen-Shannon (JS), Kolmogorov-Smirnov (KS) test, etc. Particularly, PSI measures
how much a population has shifted over time. In addition, the KS test quantifies a
distance between the empirical distribution function of the sample and the cumu-
lative distribution function of the reference distribution, or between the empirical
distribution functions of two samples. Monitoring model performance metrics is the
most fundamental approach for drift detection. There are common metrics to moni-
tor such as confusion matrix, accuracy, recall, F1 score, etc. Some approaches focus
on the error rate and use the error rate-based drift detection method. For example,
the Drift Detection Method (DDM) algorithm can be used to detect any significant
increase in error rates. We adopt the Early Drift Detection Method (EDDM) [143] as
the performance-based drift detection algorithm that determines the occurrence of
model drift by monitoring the degree of model performance degradation to improve
the detection in the presence of gradual drift; while keeping a good performance
with abrupt drift. EDDM examines the average distance between two prediction
errors (p;) and its standard deviation (s;) instead of the number of errors. We obtain
Pmax and Smax when p; + 25, reaches its maximum. The algorithm considers two
parameters « and  as the warning and drift threshold, respectively. Particularly,
EDDM will signal a Warning if:
Dt + 25;
ﬁmax + 2§max

<a, (6.6)

or will signal a Drift if:
Pt + 25

]5 max + 2§max

< B. (6.7)

This method enables enhanced detection of performance degradation and facilitates
timely responses to drift scenarios in dynamic systems.

The drift adaptation procedure is referred to as automated model updates in the
network data analytics automation process, as its main purpose is to improve model
performance by updating the learning model. After identifying a concept drift,
learning models should be able to adapt to new concepts and enhance model
performance. Existing drift-adaptive learning techniques fall into two primary
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categories: incremental learning and ensemble learning techniques. Incremental
learning is the process of learning each incoming data sample in chronological
order and partially updating the learner. Hoeffding Tree is a basic incremental
learning method that employs the Hoeffding inequality to determine the minimum
number of data samples necessary for each split node, thus updating nodes to adapt
to new samples. Ensemble online learning models are advanced drift-adaptive
learning methods that integrate the output of multiple base learners for performance
improvement.

In this work, we introduce the Dynamic Drift-Adaptive Ensemble-based Quality of
Transmission Classification Framework (DAEQoT) to overcome this problem. DAE-
QoT allows the use of a state-of-the-art batch-learning ML model while combining
other online methods to form an ensemble, which enhances the prediction accuracy
in the event of potential drift. This approach uses the Early Drift Detection Method to
monitor the performance of the models. Evaluations show significant improvement
in prediction accuracy, as compared to both online and offline techniques. Moreover,
it can avoid severe drift events without the need for a complete retraining of the
model.

The framework has two main components: a set of QoT Classifiers and a drift
detection mechanism. There are two phases involved in this framework: offline
training and online inference. In the training phase, both Offline and Online ML
models are considered and trained with the same learning set. We choose CatBoost,
which is an ML framework based on gradient-boosted decision trees, as the Master
QoT Classifier. In addition, online ML models such as Adaptive Random Forest
(ARF), Aggregated Mondrian Forest (AMF), Stream Random Patches (SRP), and
Leverage Bagging (LB) are considered Supportive QoT Classifiers for the Master.
While CatBoost is an offline model, which can only be trained in batch, those online

6.4 Contribution 2.4. Dynamic Drift-Adaptive Ensemble-based QoT
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models allow incremental learning along the data stream. We select EDDM presented
previously as the drift detection mechanism in the online phase since it can provide
no drift, warning, and drift detected information. The architecture is presented in
Figure 6.9.

Moreover, Algorithm 1 describes the operation of DAEQOT in the online phase. The
system begins at the “No drift” phase (Signal = 0), and EDDM is initiated with
the warning threshold « and drift threshold 5. DAEQoT uses only the Master QoT
Classifier M to predict the QoT 7 of each sample s; from the data stream, based
on the feature vector z;. Next, the true label y; and the predicted one ¢ are fed
to EDDM to compute the average distance between two prediction errors and its
standard deviation.

Assuming that the prediction accuracy of M degrades after a while; the system
transitions into the “Warning” phase, as signaled by EDDM. Since the performance
has decreased, DAEQoT combines M with other Supportive QoT Classifiers P. The

ensemble-predicted label gjiD AEQoT

is derived from the prediction of each classifier
in DAEQoT by conducting the Majority Voting mechanism. This output and the true
label are then fed to EDDM following the same process. Additionally, all samples in
the Warning phase are recorded in batch B as new learning data to retrain M at a

later phase.

On the other hand, since classifiers in the Supportive set P are online learners, they
can fit their models incrementally with each sample. If the performance of DAEQoT
continues to decay, a complete drift may occur. In this phase, M is retrained using
the recorded samples from B. The system is then reset to the initial “No drift”
phase.

Performance evaluation

The proposed framework was implemented by extending CatBoost and River Python
library. We used 20000 samples from the Lightpath Dataset 03 and split them into
the learning (20%) and testing (80%) sets. All ML models are trained offline with
the same learning set and can achieve an accuracy of more than 95%. Subsequently,
ML models are put in the online inference, where each sample in the testing set is
fed sequentially to the models. Since SRP and LB provide the best accuracy during
the offline training phase, we choose them as two Supportive models, together with
the Master, to form DAEQoT.

Chapter 6 Contribution 2. Design and Evaluation of ML Models for Optical
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Algorithm 1 Drift-Adaptive Ensemble-based QoT Classification

Input:
S: data stream
Signal: the output of EDDM (Signal € {0,1,2})
M : Master QoT Classifier
P: set of k Supportive QoT Classifiers
B: Batch to store samples in Warning zone
Output:
DAEQoT: Drift-Adaptive Ensemble-based QoT Classifier
procedure DAEQOT OPERATION
/* Initialize */

DAEQoT <+ M > Let DAEQoT contain only M
Initialize EDDM, 3

B«

Signal < 0 > No drift

for each s; € S do

if Signal == 0 then
g M ()
Signal < EDDM (y;, jM)

else if Signal == 1 then > In Warning zone
DAEQoT + MUP
{577} « {Pj(x:)} where j € {1,...,k}
U; EQoT . MajorityVoting(jM g gl
Signal < EDDM (y;, g~ #9°T)
B+ BU (xi, yz)
{P;} « {Pj(x;,y;)} where j € {1,... ,k}

else > Drift detected
M «+ M(B) > Retrain M on collected batch B
B+
Reset EDDM, g
Signal < 0

return: DAEQoT

6.4 Contribution 2.4. Dynamic Drift-Adaptive Ensemble-based QoT
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Figure 6.10a and 6.10b depict the performance of the Master QoT Classifier without
Ensemble learning and model retraining (Offline Master) and our DAEQoT approach.
DAEQoT outperforms the Master QoT Classifier in accuracy and the capability
to avoid severe drift. Without any drift adaptation method, the Offline Master
encounters drift three times. On the other hand, DAEQoT never reaches the drift
threshold thanks to the Drift-Adaptive Ensemble-based mechanism, which enhances
its performance and mitigates drift. Figure 4 shows the performance comparison of
the proposed framework with other approaches namely ARF, AMF, SRP, LB, Offline,
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and Online Master. The Online Master follows the same principle as the offline one;
however, it is retrained in batch mode at every drift point. According to Table 6.2,
DAEQOT clearly shows the best performance (98.56%) among approaches, while
having a reasonable execution time. The average accuracy of Leverage Bagging
(98.47%) is slightly smaller than DAEQoT. However, it takes nearly double the
time for Leverage Bagging (3m51), as compared to DAEQoT (1m49), to reach such
accuracy. Both Online and Offline Master achieve a reliable prediction of 97.93%
and 97.83%, respectively. Since Online Master is updated with new samples during
the online operation, it can adapt to the change in the data stream, which leads to
higher accuracy. Moreover, both methods are based on an offline ML model, so they
can execute within a short amount of time (under 11s). Other online ML models
such as ARF, AMF, SRP are not as good as the offline ones in both accuracy and time
measurements.

While the proposed drift-adaptive ensemble-based QoT classifier demonstrates im-
proved robustness under non-stationary conditions, several limitations must be
considered when evaluating its applicability in real-world optical networks.

A first important aspect is the sensitivity to drift detection thresholds. The perfor-
mance of the system depends on the ability to accurately detect changes in the
underlying data distribution. If the threshold is set too low, the system may trig-
ger frequent and unnecessary model updates, leading to increased computational
overhead and potential instability. On the other hand, if the threshold is too high,
significant performance degradation may occur before adaptation is triggered. This
highlights the need for careful calibration of drift detection mechanisms based on
network characteristics.

Another limitation relates to update latency. The adaptation process, which involves
retraining or updating ensemble components, introduces a delay between drift
detection and model adaptation. In highly dynamic environments, this latency may

Tab. 6.2.: Performance of Drift Adaptation methods

Model Accuracy | Execution Time
ARF 95.22% 16.7s
AMF 96.26% 14.6s

SRP 96.95% 13.9s
Master QoT Classifier (Offline) | 97.83% 7.7s
Master QoT Classifier (Online) | 97.93% 10.8s

LB 98.47% 3min 51 s
DAEQoT 98.56% 1 min 49 s

6.4 Contribution 2.4. Dynamic Drift-Adaptive Ensemble-based QoT
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result in temporary degradation of QoT prediction accuracy, potentially impacting
network decisions. Reducing this latency requires efficient retraining strategies and
possibly incremental learning techniques.

Transferability across different network topologies and configurations also remains a
challenge. Models trained on a specific network scenario may not generalize well to
other topologies with different physical characteristics, traffic patterns, or equipment
configurations. This limits the direct portability of the approach and may require
retraining or fine-tuning when applied to new environments.

The ensemble nature of the model increases computational and operational complex-
ity compared to single-model approaches. Managing multiple models, monitoring
their performance, and coordinating updates introduces additional overhead that
must be considered in deployment.

Despite these limitations, the proposed approach provides a flexible framework
for handling non-stationarity in optical networks, highlighting the importance of
adaptive learning mechanisms in dynamic environments.

Conclusion

The introduction of the Dynamic Drift-Adaptive Ensemble-based QoT Classification
(DAEQOoT) framework represents a significant advancement in the application of
machine learning techniques to support QoT assurance in dynamic and heteroge-
neous optical transport networks. Unlike traditional static classifiers that assume
a stationary data distribution, DAEQOT is specifically designed to operate in en-
vironments characterized by evolving traffic demands, topology variations, and
non-deterministic physical layer impairments. By leveraging a hybrid architecture
that integrates a high-performance offline master model (CatBoost) with a pool of
adaptive online learners (e.g., SRP, LB), the system maintains a high prediction
accuracy while dynamically reacting to performance degradation via a robust drift
detection mechanism based on the EDDM.

Nevertheless, the deployment of DAEQOT in production-grade optical environments
presents several non-trivial challenges. One of the primary limitations lies in the
sensitivity of drift detection thresholds, which must be carefully tuned to avoid false
positives or delayed responses under varying network loads. In highly dynamic
environments, sudden and overlapping drift events may occur, and existing sta-
tistical indicators may be insufficient to capture complex drift patterns involving
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both label noise (e.g., faulty receivers) and distributional shifts (e.g., bursty high-
bandwidth services). Furthermore, while the ensemble approach mitigates accuracy
loss during transition phases, it does not completely eliminate the latency introduced
by the retraining of the offline model once a full drift is detected. Maintaining a
balance between responsiveness and stability requires careful orchestration of model
synchronization, especially in SDN controllers orchestrating services in real-time.

Moreover, the reliance on labeled QoT data for drift detection and retraining poses
an additional challenge in real deployments, where continuous supervision is im-
practical. This limitation highlights the need for future integration with automated
telemetry pipelines capable of streaming and labeling optical performance metrics
in near real-time. Finally, although the framework demonstrates excellent per-
formance under synthetic datasets, additional research is required to evaluate its
robustness and transferability across varying topologies, equipment vendors, and
noise regimes.

In conclusion, DAEQOoT offers a technically sound and highly promising approach for
resilient QoT estimation in the context of dynamic optical networks. It bridges the
gap between offline prediction accuracy and online adaptability by incorporating
drift-aware intelligence into the ML pipeline. While further enhancements are
required to fully address issues of scalability, real-time integration, and generalization
under mixed drift scenarios, DAEQoT lays a strong foundation for the next generation
of autonomous QoT assurance mechanisms in SDN-controlled, multi-vendor optical
infrastructures.

6.4 Contribution 2.4. Dynamic Drift-Adaptive Ensemble-based QoT
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Conclusion

Part II has explored the integration of ML techniques in the context of optical trans-
port networks, presenting a series of practical, data-driven solutions that address key
challenges in control, management, and performance assurance. Through a combina-
tion of supervised learning, ensemble modeling, and reinforcement learning—both
single-agent and multi-agent—the chapter has demonstrated the effectiveness of
ML-based approaches in optimizing critical tasks such as RMSA, QoT estimation,
and transponder configuration under the constraints of disaggregated, dynamic, and

multi-vendor environments.

By leveraging ML, we have shown how optical networks can transition from static,
heuristic-based operations to intelligent, adaptive systems capable of making real-
time decisions based on continuously evolving network conditions. Notable contri-
butions include:

* ML-aided Optical Transponder Configuration Optimizer: A Gaussian Pro-
cess Regression-based surrogate model to estimate GOSNR and optimize
transponder configuration in disaggregated infrastructures, significantly reduc-
ing setup delays and power optimization overhead.

* DeepSF-PCE: A fragmentation-aware DRL agent for RMSA that reduces block-
ing probability and improves spectrum efficiency by incorporating fragmenta-
tion metrics into both state and reward functions.

* MAGC-RSA: A scalable, multi-agent graph convolutional reinforcement learn-
ing model that enables distributed RSA decisions through local observations
and cooperative learning across network nodes.

* DAEQOT: A drift-adaptive ensemble-based QoT classification framework that
maintains high prediction accuracy over time by combining robust offline
models with online learners and real-time drift detection mechanisms.

These innovations represent a significant leap forward in the field of intelligent
optical networks. The ability to seamlessly integrate ML models into live SDN
control loops, execute autonomous optimization tasks, and maintain performance
over time despite data drift or evolving network conditions marks a clear step
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beyond traditional rule-based automation. Each solution presented contributes not
only a specialized function but also demonstrates how learning-based systems can
collaborate within a broader Al-native control architecture.

Importantly, this work establishes the first unified demonstration of how heteroge-
neous ML models—ranging from time-series forecasters to DRL agents and drift-
adaptive classifiers—can operate cohesively across the optical control plane. This
level of modularity, scalability, and data-driven intelligence has not been achieved in
prior work and showcases a novel methodology for managing the growing complex-
ity of dynamic optical transport systems.

From an operational perspective, the proposed solutions elevate the control archi-
tecture of optical networks to Level 4 of the TM Forum Autonomous Networks
framework. At this level, networks exhibit self-optimizing behavior, where ML
models—trained on live telemetry and historical patterns—continuously analyze,
predict, and adapt system behavior in real time without operator intervention. This
degree of autonomy enables closed-loop decision-making, resource optimization,
and resilience in the face of environmental or traffic variability, significantly reducing
manual effort while improving quality of service and operational efficiency.

Nevertheless, the results also reveal the challenges that remain to be addressed in
order to transition from cutting-edge research to robust, large-scale deployments.
Issues such as data scarcity, model generalization, interpretability, and coordina-
tion in multi-agent systems must be systematically addressed. Furthermore, the
performance and reliability of these systems depend on well-engineered ML lifecycle
management—a dimension still underdeveloped in many optical control environ-
ments.

As we move toward highly automated, intelligent transport infrastructures, ML
lifecycle management will become indispensable for scaling innovation sustainably.
The next chapter addresses this critical requirement by introducing a cloud-native
architectural framework for managing ML workflows in optical networks, ensuring
consistency, reproducibility, and operational resilience in ML-assisted transport
control planes.

In conclusion, the research and implementations presented in this part represent a
pioneering and methodologically rigorous contribution to the field. By embedding
intelligence directly into the control plane and demonstrating modular, learning-
driven solutions across diverse network functions, this work lays the technical
foundation for the next generation of autonomous, ML-native optical transport
networks.

Chapter 7 Conclusion
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The preceding parts of this dissertation have explored the transformative role of
Machine Learning (ML) in the evolution of optical transport networks, ranging from
the architectural shift towards open and disaggregated systems to the integration
of intelligent decision-making mechanisms across various control and management
layers. In particular, we have examined the impact of ML on key operational
challenges, including routing and spectrum assignment, transponder configuration,
impairment-aware path computation, and Quality of Transmission (QoT) estimation.
Through the development of targeted ML-based components—such as DeepSF-PCE,
MAGC-RSA, and DAEQoT—we have demonstrated that data-driven intelligence can
significantly improve network performance, resilience, and adaptability in dynamic
and heterogeneous optical environments.

However, as these individual ML solutions mature and proliferate, several practical
challenges emerge with respect to their deployment, lifecycle management, and
orchestration in real-world systems. Firstly, ML models are not static entities: they
require continuous retraining, monitoring, and validation to remain effective in the
presence of evolving traffic patterns, network topologies, and operational conditions.
Secondly, the integration of multiple ML applications—each developed for a specific
task—raises questions about composability, interoperability, and governance of
their interaction. Finally, the absence of standardized, scalable mechanisms for
automating ML operations (MLOps) poses a barrier to transitioning from prototype-
level deployments to production-grade Al-native network control planes.

To address these challenges, this part introduces a cloud-native, automated Composi-
tional Machine Learning Framework (CMLF) that unifies the lifecycle management
and orchestration of ML models deployed in optical transport networks. CMLF builds
upon the architectural principles established in earlier chapters—specifically, the
disaggregated control framework and microservice-based deployment model—and
extends them with dedicated MLOps pipelines to manage the end-to-end workflow
of ML applications. These include stages such as data ingestion, feature extraction,
model training and validation, drift detection, versioning, serving, and rollback.

Central to CMLF is the notion of compositionality: the ability to dynamically com-
bine multiple ML models into higher-level composite services based on contextual
requirements and evolving network states. Instead of monolithic, siloed ML agents,
CMLF enables the flexible chaining of reusable model components—such as clas-
sifiers, regressors, decision policies, and optimization modules—into coordinated
workflows that adapt to specific control and management tasks. This capability
is particularly beneficial in disaggregated optical domains, where diverse vendors,

125



126

telemetry formats, and functional scopes demand modular and interoperable intelli-
gent components.

The framework also embraces the MLOps paradigm, integrating continuous inte-
gration and deployment (CI/CD) principles with domain-specific control logic to
automate the deployment, monitoring, and evolution of ML services. By leverag-
ing containerized services, event-driven orchestration, and configuration-as-code
approaches, CMLF ensures that ML applications remain robust, maintainable, and
responsive to operational feedback. This not only reduces the overhead for operators
but also increases trust in the automation layer by providing transparent auditability
and rollback mechanisms.

In this part, we begin by presenting the architectural design of the CMLF and its
integration into the existing microservice-based control plane introduced previously.
We then describe a set of implemented ML applications—originating from the
previous chapters—and how they are registered, composed, and orchestrated within
the framework. These applications include drift-aware QoT classifiers, reinforcement
learning agents for spectrum assignment, and impairment-aware path computation
modules. Finally, we demonstrate the deployment and operation of CMLF in a
simulated disaggregated optical network, showcasing its capability to coordinate
heterogeneous ML services in real time.

Through this final contribution, we aim to bridge the gap between isolated ML
functionalities and scalable Artifitial Inteligence (AI)-native network automation
by providing a modular, extensible, and lifecycle-aware framework for intelligent
optical transport control. The CMLF not only addresses the technical and operational
challenges discussed in earlier chapters but also lays the groundwork for future work
in composable Al services for programmable networks.



Introduction

The emergence of 6G networks marks a transformative shift toward truly Al-native in-
frastructures, characterized by their capacity for autonomous operation and minimal
reliance on human intervention. As these networks become increasingly complex,
distributed, and service-driven, the integration of Artificial Intelligence (AI) and
Machine Learning (ML) into network control and orchestration becomes not only
beneficial but indispensable. These technologies are instrumental in enabling au-
tonomous lifecycle management tasks such as anomaly detection, fault prediction,
traffic forecasting, dynamic network optimization, root cause analysis, and alarm
storm mitigation. Given this wide spectrum of use cases, the number of ML models
deployed within operational network environments is expected to grow exponen-
tially—from dozens to potentially thousands—each supporting distinct inference
tasks or decision-making logic.

The incorporation of AI/ML, including Deep Neural Networks (DNNs), Large Lan-
guage Models (LLMs), and Generative Al (GenAl), into network operations is envi-
sioned to accelerate service delivery and increase system resilience. In particular,
intelligent applications embedded within network management planes can sub-
stantially reduce provisioning latency, enhance fault response times, and automate
repetitive operational tasks—thereby improving Quality of Experience (QoE) for end
users and reducing operational expenditures for network operators.

Despite this growing maturity, most existing ML deployments are limited in scope
and design, typically involving a single-task model integrated into an MLOps pipeline.
As the complexity of ML models and workflows increases, so too do the demands
on computational infrastructure, data pipelines, and lifecycle management tools.
Figure 8.1 depicts the envisioned Al/ML deployment and service architecture, high-
lighting the integration of multi-cloud MLOps platforms and edge-cloud continuum
to support distributed intelligence across heterogeneous environments.

To manage this complexity at scale, MLOps has emerged as a crucial discipline
encompassing end-to-end practices for managing the ML lifecycle—from data ac-
quisition and feature engineering to model training, validation, deployment, and
performance monitoring. Depending on the deployment requirements, MLOps
platforms can be instantiated over public cloud infrastructures (e.g., Google Cloud
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Platform, AWS SageMaker, Microsoft Azure ML), private clouds, or hybrid/multi-
cloud environments. These deployments often involve heterogeneous toolchains
and lack standardized interfaces, posing significant interoperability challenges for
multi-vendor environments.

In this context, the paradigm of Compositional Machine Learning (CML) offers
a promising architectural approach. CML allows for the modular assembly of
ML services into structured workflows or pipelines—termed ML Service Chains
(MLSC)—that can be executed either sequentially or in parallel. These chains enable
the decomposition of complex tasks into simpler subtasks, fostering reusability and
reducing model development time. For example, a failure prediction model can be
seamlessly chained with a traffic forecasting model to anticipate both the occurrence
and potential impact of failures, enabling proactive traffic rerouting and enhanced

service continuity.

However, enabling such compositional intelligence in operational networks intro-
duces a new set of architectural and orchestration challenges, especially when ML
services are distributed across a federated, multi-domain infrastructure. These in-
clude: (i) dynamic discovery and versioning of ML services across heterogeneous
MLOps environments, (ii) intelligent and automated orchestration of ML service
chains, (iii) lifecycle management and runtime adaptation of MLSCs under changing
conditions, and (iv) exposure of programmable APIs for integration with higher-level
control and orchestration systems.

Chapter 8 Introduction



This contribution addresses these challenges by introducing a modular, programmable,
and standards-compliant Compositional Machine Learning Framework (CMLF) for

next-generation optical network intelligence. The primary goal of the framework is

to facilitate the development, deployment, and runtime management of ML work-

flows that combine multiple inference models into cohesive services. In particular,

the framework addresses the following open research problems:

* Service Discovery and Registry: How can ML services be dynamically discovered,
updated, and indexed in large-scale, heterogeneous environments spanning
distributed MLOps platforms?

* Autonomous Composition: How can the composition and chaining of ML
services be intelligently automated, avoiding the inefficiencies and risks of
manual orchestration?

* Runtime Execution and Coordination: How can large-scale MLSCs be executed,
monitored, and coordinated across geo-distributed infrastructures to ensure
correctness, scalability, and low latency?

* Programmability and Extensibility: How can such ML chains be exposed to
external consumers via programmable interfaces while maintaining abstraction,
security, and portability?

These challenges are compounded by the diversity of MLOps platforms and deploy-
ment strategies currently in use. Broadly, ML operating environments may be built
in-house (custom operator solutions), procured from third-party vendors and de-
ployed on private infrastructure, or fully managed by public cloud providers. Each of
these options typically exposes non-standard APIs for model packaging, deployment,
and monitoring, resulting in significant interoperability gaps.

Accordingly, the proposed CMLF not only provides an orchestration layer for ML
service chains but also serves as a mediation interface across heterogeneous MLOps
environments. By abstracting deployment complexity and enabling dynamic ML
pipeline composition, the CMLF lays the foundation for scalable, intelligent, and
reusable ML-driven control and automation services in future Al-native network
architectures.
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Contribution 3. Conceptual
Foundations of the CML
Framework

This contribution introduces a novel Compositional Machine Learning Framework
(CMLF) designed around a modular microservice-based architecture. The proposed
system incorporates several key components, including the Compositional Machine
Learning Framework Manager (CMLFM), the Stitch Engine (SE), the Workflow
Execution Engine (WFEE), the MLOps Adapter (MLOA), and a dedicated Graphical
User Interface (GUI). Each of these modules plays a distinct role in supporting the
automation and management of Machine Learning Service Chains (MLSCs) within
heterogeneous and widely distributed infrastructure environments.

Building on the challenges identified in previous sections regarding the dynamic
composition and orchestration of ML workflows, the proposed framework intro-
duces several architectural innovations. Chief among these is the integration of a
workflow-based orchestration mechanism, which enhances scalability and flexibility
in coordinating distributed ML services across different runtime environments. Fur-
thermore, the framework incorporates a dynamic stitching mechanism, supported
by the Stitch Engine, which enables the on-demand composition of MLSCs using a
dedicated stitching algorithm.

The operational model of the framework is structured into three distinct phases:
discovery, design, and run-time. This phased approach facilitates continuous dis-
covery of available ML services, the composition of service chains at design time,
and the autonomous execution and lifecycle management of these chains at run-
time. To ensure interoperability across diverse deployment platforms, the framework
adopts a plug-and-play abstraction model, facilitated by the MLOps Adapter. This
allows seamless integration with various MLOps systems, regardless of vendor or
infrastructure type.

The high-level architecture of the framework is depicted in Figure 9.1, which illus-
trates the interplay between the individual components.
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CMLF Architecture

The architecture of the proposed Compositional Machine Learning Framework
(CMLF) is designed to address the operational and integration challenges inherent
in compositional machine learning, while also serving as a foundational enabler for
intent-based ML operations. As illustrated in Figure 9.1, the framework comprises
five key components, each contributing to the end-to-end orchestration, execution,
and management of Machine Learning Service Chains (MLSCs).

At the core of the system is the Compositional Machine Learning Framework Manager
(CMLFM), which orchestrates the complete lifecycle of MLSCs. An MLSC is defined
as an ordered set of interdependent ML services that are logically chained to solve a
specific, often multi-faceted, problem. The CMLFM includes a dedicated execution
management module that generates workflow execution templates from the designed
service chains and oversees their execution during runtime. A crucial feature of the
CMLFM is its continuous discovery mechanism, which monitors the availability and
state of registered ML services. This process also constructs unidirectional graphs
representing service dependencies and compatibility relationships—these graphs
serve as the foundational structure for the Stitch Engine. Furthermore, the CMLFM
exposes a comprehensive set of REST APIs, allowing external entities such as SDN

Chapter 9 Contribution 3. Conceptual Foundations of the CML Framework



controllers, orchestration layers, and higher-level network management applications
to interact with and consume the functionalities offered by the CMLF. Additionally,
the CMLFM integrates a specialized module for managing the underlying MLOps
platforms and their corresponding drivers.

The Stitch Engine (SE) plays a pivotal role in the design phase by guiding the compo-
sition of ML services into coherent MLSCs. Relying on the service dependency graphs
constructed during discovery and using a dedicated stitching algorithm, the SE
validates and recommends feasible sequences of ML models to be composed into an
operational chain. This ensures that model interoperability, data format compatibility,
and functional correctness are preserved throughout the service chain.

During runtime, the Workflow Execution Engine (WFEE) is responsible for executing
the MLSC workflows that were synthesized during the design phase. This engine
manages the orchestration logic of chained ML services, invoking each ML compo-
nent in the correct order and coordinating data exchange and execution control
between them.

To ensure seamless integration with heterogeneous MLOps environments, the ar-
chitecture includes an MLOps Adapter (MLOA). The MLOA serves as an execution
mediation layer and hosts a set of MLOps drivers, each responsible for interfacing
with a specific MLOps platform. These drivers abstract the heterogeneity of public,
private, or hybrid deployment infrastructures by translating high-level CMLF oper-
ations into platform-specific MLOps API calls. The lifecycle of each MLOps driver,
including registration, monitoring, and retirement, is managed by the CMLFM to
maintain system consistency and modularity.

Finally, the framework incorporates a dedicated Graphical User Interface (GUI), which
offers a unified portal for managing the entire compositional ML workflow. The
GUI is designed to simplify user interactions by supporting visual model stitching,
monitoring pipeline status, and triggering operations across the ML service chain.
By abstracting underlying complexity, it enables domain experts to leverage ML
capabilities without deep knowledge of MLOps internals.

The CMLF operates on top of existing MLOps platforms to exploit their capabilities in
enhancing the reliability, scalability, and efficiency of ML pipelines. These capabilities
include but are not limited to version control, CI/CD, automated model testing, and
continuous monitoring. In particular, the framework leverages MLOps telemetry
to track the inference accuracy of individual models, enabling the detection of
performance drift and triggering model adaptation workflows when necessary. Full
lifecycle management of ML models—covering training, deployment, revalidation,

9.1 CMLF Architecture
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and deprecation—is executed within the MLOps layer, which acts as the operational
substrate for the entire compositional framework.

CMLF Operational Processes

The Compositional Machine Learning Framework (CMLF) is designed around three
principal operational phases—discovery, design, and runtime—as illustrated in
Fig. 9.2. In addition to these core processes, an external operational component is
required to interface with the underlying MLOps platforms.

ML Service Continuous Discovery (Preparation Phase)

The continuous discovery process enables CMLF to automatically detect and monitor
the availability of ML services deployed across registered MLOps platforms. As
depicted in Fig. 9.3, following successful registration of an MLOps platform, its end-
point is added to an internal registry managed by CMLF. The continuous discovery
module initiates by constructing a unidirectional ML service graph, representing
service dependencies based on metadata (input/output parameters). This graph
is stored in the system’s graph database and regularly updated through polling
mechanisms.

Each polling cycle ensures that newly deployed ML models or updates to existing
services are reflected in the graph structure. Fig. 9.4 illustrates how this graph is
constructed and incrementally updated during each polling iteration.

Chapter 9 Contribution 3. Conceptual Foundations of the CML Framework
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9.2.2 Machine Learning Service Chain (MLSC) Composition
(Design Phase)

During the design phase, the CMLF enables the construction of Machine Learning
Service Chains (MLSCs), which represent ordered sequences of ML services col-
laboratively solving a complex task. The process begins with an MLSC stitching
request—comprising an unordered list of ML services—sent to the CMLF Manager.
This request is then forwarded to the Stitching Engine, which consults the previously
discovered service graph and invokes the internal stitching algorithm to identify all
valid compositions (i.e., stitchable MLSC candidates).
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The resulting ordered service chains are returned to the user for validation and selec-
tion. Upon selection, the MLSC is committed to the system and translated into a con-
crete workflow execution template, following predefined execution blueprints. This
workflow is subsequently deployed to the Workflow Execution Engine (WFEE) for
run-time invocation. The end-to-end composition process is illustrated in Fig. 9.5.

Dynamic ML Service Stitching Algorithm

The dynamic stitching algorithm serves as the core logic behind the composition
process (Fig. 9.6). Upon receiving a list of candidate ML services, the system verifies
any changes in service metadata and constructs updated graphs reflecting the input-
output compatibility among services. The algorithm partitions services into subsets
based on the graphs in which they appear, then searches for all directed paths within
each graph that consist of at least two valid ML services.

Each path is evaluated as a candidate MLSC, and only chains that meet the composi-
tion criteria—e.g., input-output parameter consistency—are retained. The algorithm
produces a set of valid MLSCs, which can then be selectively instantiated depending
on the use case or execution strategy.

MLSC Workflow Execution (Runtime Phase)

At runtime, external systems initiate service execution by submitting an MLSC
invocation request to the CMLF Manager through an asynchronous API. In response,
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the CMLF assigns a unique execution identifier and marks the execution status as
“pending”. The Workflow Execution Engine (WFEE) then launches the corresponding
MLSC workflow as defined in the execution template.

The WFEE sequentially dispatches prediction requests to the MLOps Adapter, which
translates them into platform-specific API calls. These are routed to the appropriate
MLOps endpoints for inference. Upon completion of all stages in the service chain,
the CMLF updates the execution status to “completed” and stores the resulting
outputs. External systems can monitor progress by polling the execution endpoint
using the assigned identifier. The full runtime orchestration is shown in Fig. 9.7.

MLOps Management Processes

MLOps platforms, while external to the CMLF, are essential for hosting and exe-
cuting the ML models that power each service. To integrate with the CMLF, each
MLOps platform must undergo a registration process (see Fig. 9.8). During regis-
tration, platform metadata and API endpoints are extracted and associated with
a corresponding MLOps driver—a software component that maps CMLF’s generic
operations to platform-specific implementations.

MLOps drivers are modular and dynamically managed by the CMLF Manager, sup-
porting registration, update, and removal through dedicated APIs. This architectural

9.2 CMLF Operational Processes
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modularity ensures compatibility with a diverse range of MLOps platforms and allows

seamless interaction with public, private, or hybrid cloud-based ML infrastructure.
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Contribution 4. Application of
CMLF in Open and
Disaggregated Optical
Networks

As the demand for ultra-high capacity and low-latency communication continues
to intensify in B5G and 6G systems, optical transport networks are undergoing a
profound transformation toward disaggregated, software-defined, and intent-driven
architectures. This shift enables increased flexibility and vendor-neutral interop-
erability, but it also introduces substantial operational complexity, especially in
dynamic multi-domain environments. AIl/ML techniques have thus become essential
to facilitate autonomous control, enabling use cases such as QoT estimation, traffic
forecasting, fault prediction, anomaly detection, alarm correlation, and dynamic re-
source allocation, as discussed in [144]. However, most of these AI/ML applications
rely on narrowly scoped models tailored for specific tasks, typically deployed in iso-
lation within an MLOps framework [145]. While effective for localized optimization,
such siloed deployment models are inherently limited when addressing end-to-end,
cross-domain scenarios that require cooperative decision-making across multiple
layers and subsystems.

To address this limitation, the paradigm of Compositional Machine Learning (CML)
has been proposed as a strategy for modularly assembling pre-trained ML models
or services into composite Al/ML workflows capable of solving complex, multi-
faceted problems [146]. In the context of optical networks, such a paradigm
holds particular promise for enabling adaptive, intent-driven control across tasks
that exhibit temporal and spatial interdependencies. However, several challenges
currently hinder the practical adoption of CML in real-world network environments.
These include the need to automate the decomposition and distribution of ML models
across heterogeneous MLOps infrastructures; the absence of dynamic orchestration
mechanisms for stitching ML models into executable service chains; the lack of
mechanisms to detect and respond to model drift at runtime; and the absence of
programmable interfaces to enable fine-grained reconfiguration of ML pipelines in
response to changing control objectives.
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Motivated by these gaps, we introduce the first implementation of a Composi-
tional Machine Learning Framework (CMLF) that enables dynamic stitching, drift
awareness, and runtime programmability of ML service chains in the control of
open and disaggregated optical networks. The proposed framework provides a
unified environment where ML models, exposed as services through heterogeneous
MLOps platforms, can be continuously discovered and organized into metadata-
based graphs. These graphs are then used by a dedicated Stitch Engine to construct
valid Machine Learning Service Chains (MLSCs) that fulfill user-specified intents.
The Workflow Execution Engine (WFEE) manages the orchestration and execution
of these MLSCs at runtime, while the MLOps Adapter layer ensures interoperability
across different cloud-native ML infrastructures. Importantly, CMLF also moni-
tors the performance of each ML component during runtime, enabling automated
handling of drift through retraining, fallback models, or pipeline reconfiguration.

The applicability of CMLF is demonstrated through its integration in a dynamic
Routing, Modulation, and Spectrum Allocation (RMSA) use case for Elastic Op-
tical Networks (EONs), where a forecasting model is chained with a DRL-based
RMSA agent to enable future-aware and fragmentation-sensitive resource allocation.
This end-to-end ML pipeline is composed, deployed, and executed entirely through
CMLF’s orchestration mechanisms, highlighting its ability to operationalize complex
ML-driven control logic with minimal manual intervention. Empirical results show
measurable improvements in blocking probability, fragmentation levels, and adapt-
ability under concept drift, thereby validating the feasibility and effectiveness of
the proposed architecture. To the best of our knowledge, this is the first realization
of a programmable, drift-adaptive, and compositional ML control plane for optical
networks, offering a scalable foundation for realizing ML-native network automation
in next-generation disaggregated infrastructures.

CMLF-Based RMSA: Architecture, Models, and
Workflow

The Compositional Machine Learning-based RMSA Framework (see Figure 10.1)
is a flexible system made up of distinct sequential modules: a training module, a
time-series predictor, a DRL-based RMSA, and a CML-RMSA manager. The training
module handles offline training and retraining of Link Utilization and Fragmentation
(LUF) prediction. At its core, the CML-RMSA manager controls, orchestrates, and
stitches the ML models. During runtime, when receiving an RMSA request from the

Chapter 10 Contribution 4. Application of CMLF in Open and Disaggregated
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optical controller, the CML-RMSA manager sends a prediction request to the LUF
forecaster for future link utilization and fragmentation. It assesses the prediction’s
quality based on model performance metrics. If the model’s performance metrics
consistently cross thresholds, the CML-RMSA manager initiates retraining for drifted
models. Otherwise, the CML-RMSA Manager processes the predicted LUF together
with topology information gathered from the optical controller to create the request
for the DRL-based RMSA model. The functionality and applicability of Compositional
Learning were demonstrated for the first time in [147]. The design of each ML
model is presented as follows.

10.1.1 Link Features Time-series Forecasting for Enhanced Network
State Awareness

Problem Definition

Link features forecast is a time-series prediction problem where we intend to foresee
the future link features (i.e., link utilization, link defragmentation, etc.) by leverag-
ing historical data. The relation of links can be considered as a graph G; = (V, E). V
is a set of vertices, where each vertex represents a link of the optical network. Each
link is characterized by a set of features (i.e., spectrum utilization, spectrum frag-
mentation, length, nonlinear impairments...). E is a set of edges, where each edge
represents the connection between two links of the optical network (optical network
node). In addition, we can construct a fixed adjacency matrix A € RIVI*IVI,

Given the sequence of observed features of all links X;_,,,, X¢ a1, -, X¢—1 (mis
the number of historical time steps), we can predict the link features Xy, Xy 1, -, X¢yp
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of the next period of p time steps (horizon). The problem of multi-step link features
prediction can be described as follows:

[therl) e aXt7 Gl} ﬂ_)_) [Xt+17 e aXt+p] (101)

where f(-) is the time-series forecasting model to be constructed and X is the input
link features matrix.

Spatial-Temporal Link Features Forecasting

Graph Convolutional Networks (GCNs) and Long Short-Term Memory (LSTM) Net-
works are two different types of neural network architectures that can be applied
to time-series forecasting on graph-structured data. GCN is a convolutional neural

network with a non-Euclidean structure as the research object, which was proposed
by [148].

GCN-LSTM model can capture complex spatial and temporal dependencies and
can achieve better forecasting performance than traditional approaches in various
scenarios such as traffic prediction [149].

The formal expression of the Graph Convolutional layer is depicted in 10.2:
H'"' = ReLU(D 2 AD 2 H'WY) (10.2)

with A = A + I where I is the identity matrix and D is the diagonal node degree
matrix of A. H' and W' are the graph-level outputs and the weight matrix for the
[-th neural layer, respectively.

GCN takes as inputs the adjacency matrix, A, and the features matrix of links, X, in
(1. In this work, we consider the link utilization and link fragmentation metrics as
features. Feature messages are aggregated between correlated links based on the
encoded representation of inputs. We apply the ReLU activation function to output
the GCN-encoded feature matrix, which serves as the input of the LSTM block.

Several LSTM layers are stacked to derive the temporal dependencies of link features.
LSTMs use three gates that control how the information in a sequence of data comes
into, is stored in, and leaves the network: the forget gate, the input gate, and the
output gate (denoted as f;, it, o, respectively). Each gate operation is described as
follows:

<fa i O>t = U(W<f,i,0> ’ [htfla xt] + b(f,i,o}) (10.3)
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Fig. 10.2.: (a) Sample GG; and adjacency matrix; (b) LSTM cell; (¢) GCN-LSTM model
architecture

where Wy, W;, W, and by, b;, b, are the weights and biases of the corresponding
gates.

Hidden state h;:
hi = o4 X tanh(c) (10.4)

Cell state ¢;:
Ct = ft X i1+ 1 X tanh(Wc[ht_l,xt] + bc) (105)

A detailed explanation of LSTM can be found in [150].

Finally, a fully connected layer, a.k.a dense layer, outputs the computed tensor; then,
it is transposed into appropriate shapes to feed to the DRL agent.

In this work, the input is formed as a series of m timesteps, defined as a window, to
forecast the values in p timesteps ahead, called horizon. Depending on the network
scenario, the CML-RMSA manager can adjust those parameters to accurately estimate
the DRL agent’s link features to enrich its network state information. Figure 10.2(c)
illustrates the proposed architecture of our GCN-LSTM model.

DeepLUF-RMSA

DRL LUF-aware RMSA (DeepLUF-RMSA) is modeled as a Graph G2 = (N, L, F),
where N and L represent the set of nodes and links, and F' = {F} f|Vi € L,Vf € F}
contains the state of each Frequency Slot (FS) f on each link /. DeepLUF-RMSA
learns optimal RMSA policies based on its perception of the current network state
(i.e., topology, spectrum state and in-service lightpaths), the forecast link features
(i.e., link utilization and fragmentation), and the feedback from the environment
(i.e., network operations). At timestep ¢, we model lightpath requests from source,
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Symbol Description Symbol Description
Gy Time-Series fore- Go DRL environment graph
caster graph
1% set of vertices in G, set of vertices in G»
E set of edges in G L set of edges in G4
A adjacency matrix in G set of Frequency
Slots of G
X feature matrix F set of Frequency Slots
of links in G in each link [ of G5
L number of link features | F}; i-th Frequency
Slot of link [ in Go
m historical time steps Fovail number of available Fre-
used for prediction quency Slots in link [ of G2
p horizon dgd® diameter of Go
LP, lightpath request at time ¢ | LP;, number of hops of the
selected path for LP;
BPSKc | datarate that a Frequency | LP;,,. number of Frequency
Slot of a BPSK signal Slots of the selected
can support in Gbps candidate Frequency
Slot block for LP;
k number of pre- P q path between s and d
computed path be-
tween any pair of nodes
J number of computed brmaz /min maximum/minimum
candidate Frequency capacity demand of any
Slot blocks per path L P throughout simulation
Rgoa reward contribution RNetFrag reward contribution
from the quality of the from network spectrum
allocation selected fragmentation state
by the DRL agent
Hpog Shannon entropy RNetAvail reward contribution
fragmentation metric from network spec-
trum availability

Tab. 10.1.: List of notations and symbols
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s, to destination, d, as LP,(s,d,b,a,h), with capacity demand of b Gb/s and a, h
denoting the request arrival time and holding time, respectively. To provision LF;,
we need to find a path P; 4, determine a proper modulation format A/, and allocate
a number of contiguous and continuous FS’s on each link along P; ;. DeepLUF-RMSA
aims to minimize the long-term blocking probability for a given set of lightpath
requests L P. The modeling of DeepLUF-RMSA is described as:

1. Observation: The observation €2, of DeepLUF-RMSA is an 1-D array of (2| V| +
24 (2J +5) x k elements. It contains the information of LP; and the spectrum
state of J candidate FS’s on k paths. The first 2| N| 4+ 2 elements represent the
s and d of LP,; in one-hot encoding, b and h. For each path, it computes J
candidate free FS blocks, the required number of FS’s, the average size of all
available FS-blocks, the total number of available FS’s, the forecast average
link utilization at ¢ + p of path k& and the forecast average link fragmentation at
t + p of path k. Each candidate block is characterized by the FS starting index
and its length. From this observation, DeepLUF-RMSA can sense the global
current EON state plus an accurate forecast of the future EON state.

2. Action: The action space A includes k x J + 1 actions. DeepLUF-RMSA selects
for each LP, to provision one of the J candidate FS blocks on one of the &
paths or directly reject it. The number of FS in a block is computed, following
the impairment-aware model described in [141], as:

b

LPy,,, = e
fstots = M - BPSKc

(10.6)

where M € [1,2,3,4,5,6] corresponds to BPSK, QPSK, 8-QAM, 16-QAM, 32-
QAM and 64-QAM modulation shcemes, respectively and BPSKc = 37.5Gbps.

3. Reward: To provide detailed information for training our agent efficiently,
the DeepLUF-RMSA reward function (ComplexR;) combines three different
metrics: network fragmentation metric, network availability metric, and L P;
quality of allocation metric.

RNetFrag + BNetAvai + Rgoa  served
Complex Ry = NetFrag NetA QoA (10.7)
-1 rejected
L _HfTag
Z.€
RNetFrag = Z:l_l—l (10.8)

L
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bmaz . gmazx LPthops -LP,

RQOA — BPSKimax G2 T_nax bmln slots (10'9)
BPSK¢c dG ~ BPSKc
I )
< Fsavaz
Ryvenuns = S 000 (10.10)

The fragmentation metric Ryetrrqg Uses the Path-based Shannon Entropy
used in [139] to quantify the level of fragmentation in the network. The
network availability metric Ry 4vq; cOmputes the total number of free FS in
L. The quality of allocation metric Rp,4 evaluates the impact that the selected
allocation policy has on the path spectrum, by normalizing the total number of
slots used by LP;. The combination of these three metrics in Complex R results
in a detailed evaluation of the spectrum status. For evaluation purposes, we
also considered a simpler reward function (SimpleR;) that returns +1 reward
if LP; is served and -1 otherwise.

4. Deep Neural Networks (DNNs): DeepLUF-RMSA uses a policy DNN fy_(€2;) for
creating the RMSA policy and a value DNN fp, (92;) for estimating the dis-
counted cumulative reward of ;. These DNNs share the same fully connected
DNN architecture with an input layer of size({2;) neurons, five hidden layers of
128 neurons but different output layers. The output layer of fy_(2;) consists
of k x J neurons, while fp, (£2;) has a single output neuron.

Architectural Design and Workflow of the CMLF for RMSA

This work introduces a novel architectural design that implements Compositional
Machine Learning through seamless interaction among three key components: (i)
the CML Framework, (ii) the Cloud-native Optical Transport Control Platform, and
(iii) the MLOps platform.

This innovative architecture enables ML model stitching, orchestration, and auto-
mated life-cycle management to control the optical network. Additionally, these
tools will become an inevitable part of the development journey towards Al-native
solutions for the realization of optical network automation, as they bring significant
benefits for ML model designers, vendors, telcos, and cloud operators.

To streamline the development and execution of CML-related applications within
the control and management plane, a modular workflow-based Compositional
Machine Learning Framework (CMLF) has been created based on the micro-service
architecture. This framework is designed to address the challenges associated with
CML and serves as a foundation for intent-based CML operations.
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As shown in Fig.10.1, the framework consists of a CML and ML Pipeline Manager
(CPM), a CML Stitching Engine, a CML Workflow Execution Engine, an MLOps
Adapter, and a CML Graphical User Interface (GUI). The CPM is responsible for
coordinating the entire lifecycle of ML model chains, exposing CML features to be
consumed by external entities such as the SDN controller and its applications. The
CML Stitching Engine guides and validates the stitching of multiple ML models at
design time. The CML Workflow Execution Engine is the run-time engine responsible
for executing the CML workflows generated during design time. The CPM manages
the distribution of ML pipelines on various MLOps platforms. The MLOps adapter
is a mediation component that translates common ML APIs into specific MLOps
APIs. Finally, a CML GUI is designed to enhance the user experience and simplify
CML stitching and management. The CML GUI provides a unified portal to enhance
the user experience and simplify the CML stitching and management. The CMLF
is running on top of the MLOps platforms to enhance the efficiency, reliability, and
scalability of ML pipelines; while encompassing version control, continuous integra-
tion and deployment, model testing, and constant monitoring and maintenance. In
addition, the CMLF relies on MLOps to automatically monitor, evaluate, and detect
drifts in the performance of each model in the chain through the execution of ML
pipelines.

The operational workflow of the CMLF is shown in Fig. 10.3. First, we have the
Upload Trained Model stage, which involves uploading an onboarding package to
the CPM. This onboarding package consists of the model, a set of artifacts supporting
the model, a manifest containing the model metadata such as versioning information,
required libraries, candidate models to be combined with the onboarded model, etc.,
and a set of input and output parameter types. The onboarding preparation step
does not require prior domain-specific knowledge, e.g., optical network systems or
MLOps; thus, simplifying significantly the user experience. Second, the CML Design
and Onboarding stage is executed during the design time to construct an ML model
chain for a particular use case. Finally, we enter the Runtime Execution Stage to use
the inference ML services to serve the use-case.

We demonstrate and validate the key features of the Compositional Machine Learning
Framework through its implementation for the drift-aware CML-based Dynamic
Resource Allocation use-case.
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Fig. 10.3.: Compositional Machine Learning-based RMSA workflow

CMLF Experimental Setup and Performance
Evaluation

The Time-series Forecaster and DeepLUF-RMSA are trained on the CONUS topology
(75 nodes and 99 bidirectional links). Each link in both G; and G5 accommodates
96 frequency slots (FS) of 37.5GHz slot width. The hardware configuration is a
server with 20 cores and 64 GB of RAM.

We consider the dataset04 from [151] for the training and evaluation of the Time-
series Forecaster. Our GCN-LSTM model is implemented using Tensorflow 2.14 and
CUDA 11.1. The Time-series Forecaster consists of one GCN layer, two LSTM layers,
and a Dense layer. The model takes a 3-dimensional tensor (m, |V, 1) as input.
The GCN layer has 64 output features. Each LSTM layer has 128 units. The output
of the model is a tensor of (p, |V|, [1,). The datasetO4 was split into 50%, 20%, and
30% of training, validation, and test sets, respectively. We trained the model with
100 epochs and a batch size of 64. After hyperparameter tuning, a window of size
m = 5 and a forecast horizon of p = 5 were selected for the predictor.

In our RMSA environment, we set k = 9 and J = 2 to prevent our agent from
learning a First-Fit (FF) spectrum allocation policy. Hence, the impact of spectrum
fragmentation is increased as demonstrated in [152]. To enhance the network’s
reliability and avoid bottlenecks in higher-degree nodes, we compute k-disjoint
paths for each s — d pair. We generate dynamic lightpath requests according to the
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Poisson process with an arrival rate of 0.5 and a mean lightpath duration of 150
units, which follows the exponential distribution. The s and d randomly selected
and b uniformly distributed between [50-300] Gb/s. The DeepLUF-RMSA agent is
based on the Proximal Policy Optimization (PPO) framework [101]. Each DNN is
updated at the end of an episode using Mean Square Error loss between old and new
values of the clipped surrogate loss. The learning rate and discounted factor of PPO
were set to 10~° and 0.95, respectively. The simulation was run for 100 episodes.
An episode of DeepLUF-RMSA terminates when 5000 requests are handled.

Figure 10.4(a) shows the evolution of the training and validation process of the
GCN-LSTM model. The accuracy converges, indicating the good fitting of the model.
Figures 10.4(b) and 10.4(c) illustrate the multistep-ahead Mean Squared Error
(MSE) of link utilization and link fragmentation, respectively, for each link in G;.
The dashed lines correspond to the average MSE of the Baseline and GCN-LSTM
models. The Baseline uses the last timestep as the input to forecast the 5-step ahead
link features, while the GCN-LSTM uses a window with the 5 last timesteps. Results
show that GCN-LSTM reduces the average link utilization and link fragmentation
MSE by 25% and 42%, respectively, as compared to the Baseline. Additionally, we
observe that the average prediction error of the link fragmentation is higher than the
one of link utilization. This is due to the exponential factor of the Shannon entropy
formula, which is used to compute the link fragmentation metric.

Once the GCN-LSTM is trained, it is stitched with DeepLUF-RMSA to form GCN-
LSTM+DeepLUF-RMSA. Figure 10.4(d) shows the evolution of lightpath block-
ing probability (BP) during the simulation using kSP-FF, DeepRMSA and GCN-
LSTM+DeepLUF-RMSA. GCN-LSTM +DeepLUF-RMSA outperforms kSP-FF and Deep-
RMSA by reducing the BP by 51.1% and 17.7%, respectively. We evaluate the impact
of using the GCN-LSTM predictor. By integrating the time-series prediction, we
outperform DeepRMSA by 12.45% in ComplexR and by 13.8% in SimpleR. This
proves that the composition of the time-series predictor with the DRL model is
more efficient, as the agent is provided with accurate knowledge about the future,
producing better RMSA policies. In addition, we examine the effect of using a more
sophisticated reward function to guide the agent toward learning LUF-aware RMSA
policies. By using the proposed ComplexR, the agent is able to improve the BP by
6.1% in DeepRMSA and by 4.5% in GCN-LSTM +DeepLUF-RMSA, corroborating that
our reward function correctly evaluates the status of the spectrum and the quality
of allocation. Finally, we evaluate the impact of applying CML as compared to a
complex single ML model. GCN-LSTM +DeepLUF-RMSA-SimpleR reduces the BP
by 8.3% with respect to DeepRMSA-ComplexR. Also, our approach achieves lower
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BP with less number of training episodes. These results demonstrate the benefit of
applying CML to decompose complex ML tasks.

Beyond improvements in blocking probability, our compositional machine learning
approach also leads to a substantial reduction in training time. By decoupling
temporal forecasting from decision-making, the GCN-LSTM +DeepLUF-RMSA ar-
chitecture allows the reinforcement learning agent to start from a more informed
state, avoiding the need to implicitly learn traffic trends through exploration. As a
result, the agent reaches the same level of blocking probability performance achieved
by the baseline DRL model (DeepRMSA) at episode 100 in just 65 episodes. This
represents a 35% reduction in training episodes required to attain equivalent service
performance. This gain in sample efficiency not only reduces computational cost and
energy consumption during training, but also accelerates the design and deployment
cycles of ML-based control agents in dynamic networking environments.
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10.8 CMLF RMSA Demo Scenario Description

In addition, this work has been demonstrated using real optical hardware, in order
to showcase the validity of all the benchmarking and experimental results.

The demonstration was performed live on our remote physical workbench. We use
the Cloud-native Optical Transport Control Platform in [153] to manage a network
of four Nokia 1830PSS-32 [78] nodes (see Fig. 10.5a). Furthermore, the platform
is extended with the CMLF and two MLOps platforms. Each ML model has been
trained, served, and monitored in its dedicated ML pipeline prior to the demo. The
ML Pipeline Placement Engine in CMLF orchestrates those pipelines on MLOps
platforms.

The demo is described as follows:

Step 1: Design and Onboarding phase - The user navigates through the ML model
catalog on the CML GUI. In this demonstration, the user selects the RMSA Deep
Reinforcement Learning (DRL) model as the main actor to solve the RMSA problem.
The DRL agent performs online learning with the network state provided by the
SDN Controller (SDNC) using RLOps principles [154].

Furthermore, to enhance overall performance, the CPM recommends combining the
selected model with others already introduced and validated in previous sections
or chapters, thus promoting model reuse and modular integration. Specifically,
the Link Utilization and Fragmentation (LUF) Forecaster and the DeepLUF-RMSA
agent—developed in Section 10.1.1 of this chapter—are proposed to be composed
with the Quality of Transmission (QoT) Classifier, which was presented in Chap-
ter 6.4. Together, these models form a composite ML service chain that enhances
the RMSA decision-making process by incorporating both forecasted link conditions
and QoT estimation into the control loop. The user selects the desired components,
defines their composition, and submits the configuration to the CPM. Once received,
the CPM triggers the corresponding ML pipelines on each MLOps platform and
orchestrates the deployment of the resulting inference services into the Cloud-native
Optical Control Platform.

Step 2: Inference phase - The user creates a T-API connectivity service request via the
portal of the SDNC. The request is forwarded to the CPM along with other network
state information. The CPM invokes the LUF forecaster to predict the future link
utilization and fragmentation of the network. The output of the LUF forecaster
is processed with the set of candidate paths and current topology details to form
the observation for the agent in DeepLUF-RMSA. The CPM receives the selection of
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DeepLUF-RMSA and combines it with monitoring data from the network to serve as
the input to the QoT Classifier, which checks the feasibility of the selected lightpath.
The CPM sends the result of the composite RMSA task to the SDNC. Finally, the
SDNC provisions the service on corresponding network elements and collects the
performance monitoring (PM) data. The PMs are sent back to the CPM to assess
the performance of the models based on their prediction accuracy. This complete
workflow is shown in Fig. 10.5c, where a task or sub-task can correspond to a ML
model chain inference service.

Step 3: Monitoring phase - We continue to serve more requests and monitor models’
performance. All monitoring data of models is shown on a dedicated dashboard.
Over time, we simulate a drift event in the QoT Classifier where its prediction accu-
racy falls below a given threshold. The CPM triggers a drift adaptation mechanism
to execute a complete ML pipeline as in [155]. In the meantime, the CPM updates
the composite ML service chain to let the SDNC use GNPy [156] as an alternative
solution for QoT validation.

Step 4: Recovery phase - The ML pipeline, to recover the QoT Classifier performance,
executes the following main steps: (i) processing on newly collected data; (ii)
retraining of the model; (iii) evaluating model performance; (iv) serving the model
(see Fig. 10.5b). Once the performance of the QoT Classifier surpasses the threshold,
the CPM rolls back to the initial ML service chain automatically. The Optical Control
Platform can continue serving the service requests seamlessly.
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The implementation of the proposed Compositional Machine Learning Framework
(CMLF) on a real optical testbed using Nokia 1830 PSS-32 equipment validates its
practical feasibility in live network conditions. The framework successfully managed
end-to-end ML service chains deployed across distributed MLOps platforms, enabling
real-time automation of RMSA and QoT estimation tasks within a cloud-native SDN-
controlled environment. Throughout the demonstration, all service provisioning and
equipment configuration operations were executed reliably, with no observed failures
or disruptions. This reinforces the operational robustness of the proposed solution.
Nevertheless, further validation at larger network scales is necessary to fully assess
its scalability, generalizability, and long-term resilience under production-grade
traffic and control workloads.
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Conclusion 1 1

Part III has introduced a novel Compositional Machine Learning (CML) frame-
work for elastic optical networks, specifically addressing the challenges of dynamic
Routing, Modulation, and Spectrum Assignment (RMSA) through the intelligent
orchestration of modular ML models. Building upon prior chapters that established
the foundations of disaggregated, cloud-native, and microservice-based optical net-
work control, this work advances the integration of ML by proposing an architecture
that supports the design, deployment, and lifecycle management of chained ML
models to form composite inference services. By leveraging forecasted network
conditions via time-series prediction and coupling them with deep reinforcement
learning agents, the proposed system enables more informed and future-aware
decision-making, outperforming conventional solutions both in terms of blocking
probability and training efficiency.

The key contribution of this chapter lies in the introduction of a fully modular and
reusable ML architecture specifically tailored for optical transport networks. For the
first time in the literature, complex control tasks are decomposed into semantically
meaningful ML components that can be independently trained, monitored, reused,
and composed into inference pipelines. The implementation of a GCN-LSTM-based
predictor for link utilization and fragmentation, stitched with a DRL-based RMSA
agent (DeepLUF-RMSA), illustrates the value of this compositional approach: it
internalizes both current and future network states, significantly improving decision
quality and reducing learning time. The result is a 51.1% and 17.7% reduction in
blocking probability compared to kSP-FF and DeepRMSA, respectively, while also
achieving faster convergence in training. This evidences the operational superiority
of modular ML architectures over monolithic learning systems.

The architectural framework underpinning this contribution—the Compositional
Machine Learning Framework (CMLF)—integrates SDN-based optical controllers,
containerized microservices, and MLOps platforms into a unified deployment and
management environment. CMLF enables version-controlled composition, lifecycle
automation, and seamless integration of heterogeneous models, making it the first
practical realization of Al-native orchestration in optical control planes. The valida-
tion of this architecture in a real-world testbed using commercial equipment and
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cross-platform MLOps integration attests to its technical maturity and deployment
feasibility.

Beyond RMSA, the extensibility of CMLF supports future integration of ML models for
a broad spectrum of tasks, including QoT estimation, fault localization, transponder
optimization, and energy-aware service routing. This modularity paves the way
toward an open ecosystem of interoperable ML services that can be dynamically
assembled and adapted to evolving network conditions. It positions CML as a
scalable design paradigm, not limited to one use case, but foundational to the
broader shift toward intelligent, closed-loop control in open optical environments.

Crucially, this research elevates optical control systems toward Level 4/5 auton-
omy as defined by the TM Forum Autonomous Networks framework. By enabling
predictive, self-optimizing, and context-aware orchestration of ML modules—with
minimal human oversight—CMLF represents a key milestone toward the realization
of fully autonomous optical networks. Its support for dynamic composition, intent
realization, and service-level adaptation marks a departure from static or offline ML
approaches toward truly operational, Al-native infrastructure.

Nevertheless, several challenges must be addressed to further this line of work:
model interoperability, error propagation across chained inference tasks, synchro-
nization of real-time data streams, and the need for more advanced orchestration
strategies to govern multi-model pipelines. These areas remain open for future
investigation, particularly as compositional ML systems are scaled in production
environments.

In conclusion, this part presents the first end-to-end architectural and algorithmic
realization of compositional learning in optical networks. It bridges the gap between
ML research and operational SDN control, offering a concrete, extensible, and intel-
ligent framework capable of adapting to the complexity and dynamism of modern
transport infrastructures. As such, it constitutes a foundational contribution to the
advancement of Al-native optical control and paves the way for scalable, modular,
and autonomous network management in future programmable infrastructures.
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11.1

Synthesis and Final Remarks

This thesis has followed a systematic approach to reconsider the architecture, re-
source control, service management and operational logic of optical network do-
mains by proposing, integrating and evaluating software-defined networking (SDN),
cloud-native orchestration, and machine learning-based decision-making. The core
contributions of this breakthrough research have spanned across network func-
tion disaggregation and composition, automation pipelines, predictive intelligence,
and composable machine learning-native control loops, all underpinned by the
operational principles of GitOps and Network Management as Code (NMaC).

At the heart of this work is the concept of disaggregation—not yet fully adopted in
operational environments, but increasingly seen as a future-proof design principle.
Today’s optical network systems are built around vendor-specific platforms where
control logic, telemetry, configuration, and service lifecycle management remain
vertically integrated. This monolithic model limits the potential for interoperability,
service agility, and Al-driven optimization. By leveraging open, standard data
models such as OpenConfig and T-API, and interoperable control interfaces like
NETCONF, RESTCONF, and gRPC, my research demonstrates how network functions
can be exposed as programmable components. This exposes new opportunities for
abstracting the physical topology and defining a unified operational state that
supports any optical system orchestration and model-driven automation across

domains.

To operationalize such programmable environments, this thesis introduces a GitOps-
based NMaC pipeline that treats infrastructure as declarative code. Configuration ar-
tifacts, service policies, and control applications are maintained in version-controlled
repositories and automatically synchronized with the live network state through con-
tinuous deployment mechanisms, using tools such as ArgoCD and Kubernetes-native
orchestrators. This approach enables reproducibility, traceability, and error-resilient
rollouts of optical control services. Microservice decomposition, containerized
packaging, and composable Helm charts form the building blocks of a scalable
deployment strategy that supports the dynamic instantiation and management of
optical network functions.

Building on this programmable infrastructure, the research explores the integration
of machine learning (ML) to augment traditional control loops with adaptive and
predictive capabilities. While optical transport networks are relatively static, they
operate under highly dynamic service demands, varying signal impairments, and
evolving resource utilization. These conditions require control mechanisms that can
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learn from historical patterns, forecast future states, and respond to anomalies in
near real-time. My work integrates ML models—including time-series forecasting,
supervised classification, and deep reinforcement learning (DRL) class agents in the
control architecture.

These models serve to enhance the control plane’s ability to anticipate and act. Fore-
casting models are trained to predict traffic trends, link fragmentation, and capacity
bottlenecks. Supervised learning models enable real-time quality-of-transmission
(QoT) estimation, eliminating the need for exhaustive simulations or field trials.
DRL agents are trained to learn policies for resource allocation (e.g., routing, modu-
lation, and spectrum assignment) that adapt to both current and forecasted network
conditions. This thesis presents a coherent framework for integrating these models
into composable pipelines that interact with telemetry feeds, topology views, and
service orchestration interfaces.

A key innovation of this thesis lies in the lifecycle management and composability
of ML models. Rather than designing ML applications as monolithic and tightly
coupled, the proposed architecture modularizes them into reusable components
such as predictors, estimators, and policy learners. This modularity enables inde-
pendent training, replacement, and reuse across different use cases and topologies.
Standard interfaces and data schemas ensure compatibility and facilitate the inte-
gration of models in production workflows. The ML lifecycle—from training and
validation to deployment and inference monitoring—is managed using MLOps tools
such as MLflow and Kubeflow, integrated into the GitOps workflow for consistent
automation.

Despite these advances, several technical challenges persist. One of the most
pressing limitations is the scarcity of large-scale, labeled, and high-quality datasets
in optical networks. While synthetic data supports prototyping, it often lacks the
variability and physical-layer realism of real-world deployments. Additionally, critical
failure events or degradation patterns are rare, making supervised learning difficult
to scale. Another concern is model generalization and transferability. Models
trained on data from a particular network topology or hardware configuration often
struggle to generalize and may exhibit reduced performance when applied to other
environments with different structural or operational characteristics.

The trustworthiness and explainability of ML models are also critical. Decisions
involving lightpath establishment, transponder configurations, or failure recovery
require high levels of reliability. However, black-box models, particularly deep neural
networks, lack interpretability, making them difficult to validate or troubleshoot in
production. There is a growing need for eXplainable AI (XAI) methods adapted to the



optical network, capable of attributing model outputs to physical-layer conditions,
historical patterns, or service-level objectives.

From an architectural standpoint, inference latency and availability are fundamental
barriers. Some control decisions, especially those related to fault mitigation or
dynamic provisioning, require fast responses. Hosting ML inference engines as
centralized services may introduce delays and single points of failure. Exploring
edge inference strategies, model quantization, or even in-network ML processing
may help meet these constraints.

Finally, this work highlights the complexity of coordinating ML-driven decision-
making across multiple network layers and domains. While some abstraction
mechanisms exist—such as those offered by hierarchical SDN controllers—fully
coordinated policy learning and enforcement across IP and optical domains remains
an open problem. Conflicts in policy objectives, mismatch in telemetry granularity,
and lack of unified reward functions all contribute to the fragmentation of ML de-
ployment. Addressing these issues will be essential for building holistic, autonomous
control frameworks.

Through a set of proofs-of-concept, this thesis has demonstrated both the feasibil-
ity and the trade-offs of embedding ML-driven intelligence within an automated,
programmable optical network stack. By restructuring network management into
modular, composable, and declarative components and by enabling predictive learn-
ing agents to participate in decision-making loops, this research contributes toward
the long-term vision of fully autonomous, Al-native optical transport systems. How-
ever, realizing this vision at scale will require continued research in the areas of
data quality, model robustness, system interoperability, and end-to-end orchestration
across diverse technological domains.
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Paving the Way to Al-Native and Self-Driven Optical
Networks

While this thesis establishes a foundational framework for machine learning-native,
composable, and automated control of open and disaggregated optical networks,
several research directions remain open to fully realize the vision of autonomous, self-
managed, and energy-efficient optical infrastructures. These open challenges span
the domains of distributed systems, machine learning, and network engineering,
and call for continued advances in architectural design, algorithmic robustness,
interoperability across layers, and the development of trustworthy Al-driven control
mechanisms.

A major research challenge lies in the integration and coordination of traditionally
independent control planes—most notably, the IP and optical layers. While SDN-
based controllers and telemetry infrastructures have been widely adopted in both
domains, their deployment often remains siloed, with limited cross-layer visibility
or policy synchronization. As a result, IP and optical controllers operate based
on separate and incomplete views of the network state, which leads to globally
suboptimal routing decisions, delayed convergence during topology changes, and
inefficient resource utilization. Enabling unified, cross-layer control frameworks
that abstract and align state information between the IP and optical layers is seen
as a necessary evolution. However, this integration also raises significant concerns
regarding scalability and abstraction fidelity.

As multi-layer networks grow in size and heterogeneity—with increasing numbers of
devices, disaggregated functional roles, diverse technologies, and complex service-
level objectives—the volume and rate of control-plane information that must be
exchanged across layers increases significantly. This growth introduces serious chal-
lenges for real-time decision-making, synchronization, and control-loop stability.
Furthermore, the effort to coordinate decisions across layers is not always aligned
with the architectural goals of disaggregation. While disaggregation promotes mod-
ularity, openness, and the separation of concerns, multi-layer integration tends to
reintroduce tight coupling across protocol stacks. This creates a trade off between
operational abstraction and architectural decoupling. Although standardization
bodies have proposed models for cross-layer coordination, these abstractions are
still incomplete and are often insufficient to support granular, real-time orchestra-
tion in production-grade IP-over-optical systems. Future research should aim to
reconcile this trade-off by developing scalable, modular, and intent-aware control



architectures that enable cross-layer coordination without violating the principles of
disaggregation.

In this context, predictive intelligence offers a promising way to improve coordina-
tion without relying on constant control-plane signaling. Future transport network
architectures must support real-time, bidirectional feedback loops and shared intent
abstractions between routing and switching layers. IP routers, which continuously
monitor traffic entering the client interfaces of optical transponders, can act as
upstream sensors for traffic shifts. Historical analysis and time-series forecasting
applied at the IP layer can be used to infer forthcoming trends in traffic demand,
enabling proactive resource optimization at the optical layer. This thesis has ex-
plored one such mechanism for energy-aware control of Traffic Engineering Links
(TE-Links), where low-utilization optical Trails can be temporarily deactivated based
on predicted traffic patterns. While the implementation details remain confidential,
early results demonstrate significant potential for reducing power consumption by
minimizing the number of active line cards during off-peak periods.

In addition, the use of transfer learning across network layers shows promise in
addressing data sparsity and domain heterogeneity. Forecasting models trained
on the IP layer—which often provides more abundant and reliable data—can be
adapted to support decisions in the optical layer, where data is sparser. Altogether,
these advances contribute toward a longer-term vision of predictive, energy-aware,
and self-optimizing IP-over-WDM networks—capable of operating with minimal
human intervention while respecting both architectural modularity and operational
scalability.

In parallel, the ability to ensure resilience and recoverability is foundational to any
Al-native transport network infrastructure. A promising research direction in this
domain involves leveraging the State of Polarization (SoP) as a passive and contin-
uous signal for physical-layer integrity monitoring. Coherent optical receivers can
track SoP fluctuations at high frequency, which are often indicative of environmental
disturbances, fiber stress, or impending failures. When processed using advanced
signal analytic and deep anomaly detection models, SoP trajectories can reveal
early-warning signatures of events such as connector misalignment, micro-bending,
or fiber cuts—without the need for active probing or invasive instrumentation. Fu-
ture work should explore scalable representations for SoP dynamics (e.g., spectral
fingerprints or quaternion-based encodings), as well as methods for uncertainty
quantification and root cause localization. Importantly, to realize network-wide
failure prediction capabilities, SoP telemetry must be standardized across different
coherent transceiver technologies and made accessible through inter-operable APIs.
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These models could then be integrated into the compositional Machine-Learning
framework, dynamically stitched into failure mitigation pipelines that include actions
such as rerouting or proactive transponder reconfiguration.

Building upon telemetry and prediction mechanisms, the next step is to enable
self-healing network architectures in which faults are not only detected, but also
automatically diagnosed and mitigated without human intervention. Achieving this
vision requires the integration of anomaly detection, root cause analysis, impact
forecasting, and policy-driven mitigation models into closed-loop control workflows,
where each component can be dynamically discovered, orchestrated, and executed
as part of an end-to-end autonomous response. These capabilities can be embedded
in a Machine-Learning service marketplace, enabling context-specific compositions
based on the severity, location, and impact of the detected anomaly. For instance, a
composite pipeline could be invoked in response to a suspected amplifier degradation
to forecast its Quality-of-Transmission (QoT) impact, validate alternative paths, and
trigger an automated reconfiguration. However, designing such closed loops at scale
raises open challenges in multi-agent coordination, policy conflict resolution, and
stability under uncertainty—particularly in heterogeneous and multi-technology
environments.

The effective operation of these intelligent workflows relies on Machine-Learning
models that are both adaptive and trustworthy over time. Optical networks are
subject to various forms of concept drift due to aging hardware, environmental
changes, and evolving traffic dynamics. Future research must focus on robust drift
detection and adaptation mechanisms, such as online learning, active learning, and
real-time retraining. While this thesis introduced an MLOps-based approach to
manage the machine learning lifecycle—including model versioning, deployment,
and monitoring—further research is needed to support context-aware retraining,
continuous performance evaluation, and fine-grained telemetry-driven triggering
mechanisms. These capabilities are essential to ensure that deployed models re-
main accurate, interpretable, and robust over time, even when network conditions
evolve.

Moreover, as Al-native control expands into multi-domain and multi-operator en-
vironments, collaborative learning mechanisms become increasingly important.
Privacy requirements, regulatory constraints, and the need to preserve data locality
often prevent centralized aggregation of telemetry data. In this context, federated
learning emerges as a promising approach, allowing the training of shared models
across distributed datasets without transferring raw data. When combined with
domain adaptation techniques, such models can better accommodate variations in



network topology, device characteristics, and operational contexts. This enables
broader generalization while maintaining data ownership, thus supporting the
development of distributed and coordinated intelligence across diverse network
domains.

In this context, large language models (LLMs) and generative Al (Gen-Al) offer
a complementary pathway to enhance automation at the semantic level. Unlike
domain-specific models that operate on structured numerical inputs, LLMs can learn,
understand and generate unstructured textual and configuration data. Their poten-
tial applications in optical networking control include the automatic generation of
network configurations, translation of high-level intents into structured YANG de-
scriptors, and real-time assistance in failure diagnosis or root cause analysis. Further-
more, fine-tuned LLMs can act as explainability agents, generating natural-language
justifications for ML-driven control decisions or summarizing system behavior for
human operators. Future research may explore the safe delegation of control tasks
to generative agents, governed by execution policies and constraint-aware planning,
while ensuring auditability and compliance in mission-critical settings.

Finally, realizing a truly Al-native transport infrastructure requires extending in-
telligent control beyond the optical layer to span the entire network stack—from
access to metro and core domains, and from service provisioning to assurance. This
necessitates the evolution of compositional learning frameworks into cross-layer and
multi-domain control systems that manage not only machine learning inference, but
also associated data pipelines, policy enforcement mechanisms, and observability
functions. Designing such architectures presents several open challenges, including
distributed orchestration, multi-objective optimization, and system-wide fault tol-
erance. At the same time, it offers the opportunity to fundamentally rethink how
networks are operated and optimized. As the complexity and scale of modern net-
works continue to grow, integrating intelligence, programmability, and automation
into a unified control unit becomes not only technically feasible but essential for
sustaining future service demands and operational efficiency.
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