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Abstract

Modern optical transport networks must ensure error-free transmission under dy-
namic conditions and heterogeneous ROADM-based infrastructures. Maintaining
high quality of transmission (QoT) is challenging due to interdependent launch-
power settings across optical multiplex sections, where na ve adjustments may in-
duce transient signal-to-noise ratio (SNR) degradation. Increasing system com-
plexity further motivates the integration of physical-layer modeling with intelligent
automation.

This thesis presents proof-of-concept contributions toward autonomous optical
network control and management by combining digital twin (DT) technology with
Al-based approaches.

First, DT-enabled multi-step lookahead strategies are proposed for autonomous
power equalization. With monitoring data, the DT predicts QoT before apply-
ing con guration changes. By evaluating sequences of control actions with xed
and adaptive step sizes, DT-enabled closed-loop control mitigates QoT degradation
during intermediate steps and avoids suboptimal convergence, while DT-assisted
parallel con guration improves e ciency. Experiments on a commercial ROADM-
based optical network testbed demonstrate fast and safe network recon guration
without intermediate SNR margin degradation.

Second, an Al-agent-based framework is developed for intent-driven control and
management. A control agent translates high-level intents into APIs calls for au-
tomated con guration, while a management agent leverages retrieval-augmented
generation to analyze alarms and support root-cause analysis. Beyond task au-
tomation, the proposed agent architecture illustrates how Al agents can coordinate
decision-making, integrate domain knowledge, and support the evolution toward
autonomous optical network operation.

Overall, this work demonstrates the feasibility of combining DT-based closed-
loop control with Al-agent-based automation, providing a foundation for future
autonomous optical networks.



R@sum®@

Les r@seaux de transport optiques modernes doivent garantir une transmission sans
erreur dans des conditions dynamiques et des infrastructures ROADM h@tdrogtnes.
Le maintien d’une haute qualitd de transmission (QoT) est complexe en raison de
I'interd@pendance des puissances de lancement entre sections de multiplexage op-
tique, og des ajustements na fs peuvent ddgrader le rapport signal sur bruit (SNR).
La complexitd croissante des systtmes motive I'intdgration de modtles de couche
physique avec des m@canismes d’automatisation intelligents.

Cette thtse propose des contributions exploratoires pour le contr le et la ges-
tion autonomes des r@seaux optiques, en combinant jumeaux num@riques (DT) et
intelligence arti cielle (1A).

Premitrement, des stratfgies multi-gtapes avec anticipation, bas@es sur DT, sont
proposdes pour I’@galisation autonome des puissances.  partir des donndes de su-
pervision, le DT pr@dit la QoT avant application des con gurations. L’@valuation de
s@quences d’actions avec pas Xxes et adaptatifs permet un contr le en boucle fermde
limitant la ddgradation de la QoT aux @tapes interm@diaires et @vitant les conver-
gences sous-optimales, tandis que la con guration paralltle am@liore I'’e cacitd. Des
exp@riences sur une plateforme commerciale ddmontrent une recon guration rapide
et sf3re, sans ddgradation interm@diaire des marges de SNR.

Deuxitmement, un cadre bas@ sur des agents d’lA est propos@ pour un contr le
et une gestion pilotds par intentions. Un agent de contr le traduit les intentions
en appels d’API pour I'automatisation de la con guration, tandis qu’un agent de
gestion exploite la g@n@ration augmentde par r@cup@ration pour analyser les alarmes
et assister I'identi cation des causes racines. Cette architecture illustre le r le des
agents d’lA dans la coordination des ddcisions et I'intdgration des connaissances
mgtier.

Ces travaux d@montrent la faisabilitd d’'un contr le en boucle ferm@e bas@ sur
DT combind une automatisation par agents d’lA, et posent les bases des futurs
r@seaux optiques autonomes.
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Chapter 1

Introduction

1.1 Optical Communications and Optical Networks

Optical communication systems constitute the physical foundation of modern back-
bone, metro and data center networks, enabling high speed, long-reach, and highly
reliable data transport. In such networks, services are carried by light paths, i.e.,
modulated optical signals assigned to a speci ¢ physical route and a spectral slot
within the wavelength grid. The light signal propagates transparently from trans-
mitter to receiver through optical bers, ampli ers, Iters, and multiplexers, form-
ing the end-to-end optical channel (OCh) or service. Multiple optical channels are
transmitted in a common ber with wavelength division multiplexing (WDM) tech-
nique, sharing the same physical medium and therefore interacting through linear
and nonlinear e ects.

To ensure reliable service delivery, operators require that transmitted signals
remain error-free after forward error correction (FEC) decoding, typically targeting
post-FEC bit-error rate (BER) below 10 . However, as optical signals propa-
gate, they accumulate distortions and noise that degrade their physical-layer qual-
ity of transmission (QoT). The main impairments include: wavlength-dependent
loss (WDL); ampli ed spontaneous emission (ASE) noise generated by optical am-
pli ers; nonlinear Kerr e ects in optical bers; Itering penalties; polarization-
dependent loss (PDL); and receiver noise, including implementation penalties asso-
ciated with digital signal processing (DSP) blocks. In extended-band systems such
as 6 THz C-band operation or multi-band C+L systems stimulated Raman scat-
tering (SRS) introduces power transfer from shorter to longer wavelengths, further
a ecting channel performance.

Although most of these impairments are well understood and described by phys-
ical models, some components exhibit behavior that remains di cult to predict
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accurately. In particular, erbium-doped ber ampli ers (EDFAS), the dominant
ampli er technology in current optical networks, are known to exhibit input-load-
dependent and wavelength-dependent, i.e. spectrum hole burning (SHB) e ect.
These e ects lead to inaccuracies in predicting ampli er gain pro les and output
spectra using purely physics-based models. As a result, researchers have explored
machine learning (ML) techniques to improve model accuracy and compensate for
incomplete or imperfect parameter knowledge [1 6]. Similar challenges also arise
in other components whose behavior is only partially characterized or where the
model inputs (e.g., span loss, connector losses, or exact gain tilt) are uncertain.

To mitigate these inaccuracies, numerous monitoring-assisted or data-driven
techniques have been proposed [5, 7, 8]. In practice, model inaccuracies trans-
late into the need for larger design and operational margins to guarantee error-free
transmission under all conditions [9, 10]. These margins reduce spectral e ciency
and limit network throughput. Lowering margins is possible but generally increases
operational complexity: for example, during rapid service restoration following a
failure, operators may temporarily assume a reduced margin to accelerate light-path
provisioning, at the risk of temporarily sub-optimal QoT [11].

The increasing complexity of coherent transceivers, elastic spectrum allocation,
multi-band operation, and disaggregated optical networks has motivated the com-
munity toward autonomous optical networks, analogous to self-driving systems in
other engineering domains. Such systems leverage the rich telemetry made avail-
able by advanced optical performance monitors (OPMs) and coherent receivers,
using this real-time data to adaptively optimize the network. Autonomous optical
networks are expected to:

continuously re-optimize launch power, routing, and spectrum assignments
when excess margin is detected;

detect, classify, and mitigate physical-layer degradations before service out-
ages occur;

dynamically adjust modulation formats or symbol rates to maintain service
availability;

recon gure resources proactively to isolate failing components or circumvent

ber degradation.

1.2 Challenges

A central component of this vision is the digital twin (DT), a software representation
of the physical network that uses real-time monitoring data to estimate QoT, emu-
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late commissioning strategies, forecast performance under hypothetical actions, and
determine safe recon guration commands before applying them to the live network.
DTs have already been demonstrated for power equalization, capacity maximization,
and resilience improvement [12, 13]. Re-optimizing optical networks through per-
channel launch power adjustment, commonly referred to as power equalization has
received signi cant attention in both academia and industry [14 20].

However, existing approaches typically assume that only the nal target power
pro le matters: the DT computes the optimal per-channel launch power for each
OMS, and this con guration is subsequently pushed to the network in a single
shot. In reality, intermediate recon guration steps matter: changing the launch
power of one or more channels perturbs the QoT of all co-propagating channels via
nonlinear interference, power coupling, ampli er gain dynamics, and SRS [21 23].
As a result, sequentially adjusting channels without considering transient states
may temporarily degrade some light paths below their FEC threshold, potentially
causing outages.

In an autonomous operational setting, this behavior is unacceptable: all existing
services must remain above the FEC limit throughout the entire re-optimization
process. Therefore, one of the key challenges addressed in this thesis is how to
determine a safe sequence of recon guration steps possibly with restrictions on
step size and ordering that transitions the network from its current state to the
target optimized state, while keeping all services error-free at every intermediate
step?

DT inaccuracies must also be considered. Even with advanced modeling, a DT
may mismatch the physical network due to unknown parameters, partial monitor-
ing, or model limitations. Therefore, during recon guration, conservative margins
and step-by-step actuation are required to ensure robustness: if the DT detects
unexpected QoT degradation, it must update its internal representation and adjust
subsequent steps accordingly.

Once safety is guaranteed, a second major challenge concerns speed. A na ve
baseline applies one recon guration action at a time, fully sequentially. However,
many actions satisfy a form of independence: adjusting powers on two OMSs that
do not share services may be performed in parallel without a ecting each other.
More generally: Some power changes have minimal impact on other channels and
can be parallelized; Filter recon guration times scale sub-linearly with the number
of channels adjusted simultaneously; Ampli er settling times and WSS recon gu-
ration delays may di er and must be coordinated. This introduces a combinatorial
scheduling problem, where the goal is to minimize total recon guration time while
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respecting QoT safety constraints.

In addition to the physical-layer challenges discussed above, another fundamen-
tal challenge in the operation of optical networks arises from the increasing com-
plexity of network management tasks and the growing risk of human-induced er-
rors. Modern optical transport systems involve tens of OMSs, hundreds of services,
and thousands of parameters related to routing, spectrum allocation, ampli er set-
tings, alarms, and operational procedures. Even highly trained engineers inevitably
face di culties when dealing with repetitive con guration tasks, large volumes of
logs, time-critical restoration procedures, or non-standard network states. Human
mistakes such as miscon gured channels, incorrect power settings, improper wave-
length assignment, or delayed reaction to alarms remain one of the leading sources
of service disruption in operational networks. As networks continue to scale in ca-
pacity and heterogeneity, the cognitive load required to manually operate them
becomes increasingly unsustainable.

More recently, the rapid progress of arti cial intelligence (Al) has further ex-
panded the scope of data-driven approaches in optical networks. Beyond conven-
tional ML models, emerging techniques such as deep learning, large language mod-
els (LLMs), and Al agents o er new capabilities for handling complex, multi-layer
decision-making and network automation. In particular, Al agents can leverage do-
main knowledge, telemetry data, and high-level objectives to assist in network con-
trol and orchestration, complementing traditional model-based and optimization-
driven methods.

While DT-enabled power optimization focuses on maintaining QoT safety during
physical-layer recon guration, an LLM-based agent can automate a wide spectrum
of control-plane tasks: translating high-level operator intents into valid con gu-
ration commands, preventing syntactic or semantic errors in network operation,
analyzing complex multi-source alarm logs, and assisting during troubleshooting or
restoration. These tasks are traditionally prone to human error, especially when
performed under time pressure or in large-scale networks with heterogeneous equip-
ment and vendor-speci c interfaces. This motivates the use of Al, and in particular
LLM-based Al agents, as a complementary automation layer that addresses chal-
lenges beyond power equalization.

However, deploying LLM-based Al agents in optical networks introduces its own
challenges. The agent must reliably transform natural-language instructions into
correct API calls, respecting network topology constraints, resource availability,
and safety rules. Any misinterpretation can lead to miscon guration of services,
spectrum con icts, or accidental service interruption. Furthermore, the agent must



CHAPTER 1. INTRODUCTION

integrate seamlessly with the DT to validate the physical feasibility of any requested
action, ensuring that the LLM does not inadvertently propose recon gurations that
violate QoT constraints. Unlike power optimization, which is grounded in numerical
models, network automation tasks require combining symbolic reasoning (topology,
con guration, alarms) with physical awareness (QoT, FEC margins), making the
interaction between the LLM and the DT essential.

Therefore, while Al agents holds signi cant promise for reducing human mistakes
and enabling fully autonomous optical network operation, its integration requires
careful design of interfaces, ne-tuning with domain-speci ¢ data, strict validation
of generated commands, and coordination with DT simulations. Addressing these
challenges is a necessary step toward achieving safe, reliable, and operator-trusted
Al-driven optical network automation.

1.3 Research Questions and Contributions

The increasing complexity of optical transport networks, driven by WDM technolo-
gies, exible ROADMs, and even disaggregated network architectures, has made
network operation and optimization increasingly challenging. Optical networks in-
volve many interacting physical-layer e ects, such as nonlinear interference, am-
pli er dynamics, and Itering penalties, which make manual con guration and op-
timization di cult and error-prone. At the same time, the availability of large
volumes of monitoring data and the emergence of Al techniques open new oppor-
tunities for autonomous and intelligent network operation.

In this context, this thesis investigates how DT and Al can be used to enable safe,
e cient, and autonomous operation of optical networks. The work is structured
around the following research questions (RQ).

RQ1: How can autonomous launch-power equalization be safely per-
formed in operational optical networks without causing transient QoT
degradation during intermediate recon guration steps?

While power optimization or equalization has been widely studied, many ex-
isting approaches focus only on the nal optimized con guration. However, in
real operational networks, intermediate recon guration steps can temporarily de-
grade QoT due to nonlinear interference, power transfer, and ampli er dynamics.
Ensuring that all services remain above their FEC thresholds during the entire
recon guration process is therefore a critical challenge.

To address this problem, this thesis proposes autonomous power equalization
strategies based on multi-step lookahead prediction, dynamic step-size adjustment,
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and safe parallel con guration validated through DTs. These techniques enable the
network to transition safely from a non-optimized state to an optimized con gura-
tion while maintaining service continuity.

The proposed algorithms are experimentally validated on a heterogeneous op-
tical network testbed composed of commercial ROADMs, EDFAs, WSSs, and co-
herent transponders, demonstrating improvements in SNR margin and signi cant
reductions in commissioning time. This work is mainly presented in Chapter 4.

Publications related to RQ1:

1. C. Sun et al., Digital twin-enabled multi-step strategies for autonomous
power equalization in optical networks, Journal of Optical Communications
and Networking (JOCN), vol. 17, no. 7, C41-C50, 2025. [ECOC2024 Top-
Scored Invited] [24]

2. C. Sun et al., Digital Twin-Enabled Optical Network Channel Power Man-
agement by WSS and Booster Auto-Adjustment, Optical Fiber Communica-
tions Conference and Exhibition (OFC), 30 March - 3 April 2025, San Fran-
cisco, CA, USA. [Poster] [25]

3. C. Sun et al.,, Digital Twin Enabled Automatic Power Adjustment with
Multi-Step Lookahead Prediction, 50th European Conference on Optical Com-
munication (ECOC), 22-26 September 2024, Frankfurt, Germany. [Oral, Top
Scored - Upgraded to Invited] [26]

4. C. Sun et al., Digital Twin-Enabled Optical Network Automation: Power
Re-Optimization, Optical Fiber Communications Conference and Exhibition
(OFC), 24-28 March 2024, San Diego, CA, USA. [Oral] [27]

5. C. Sun et al., Digital Twin-Enabled Service Optimization Sequence of Ac-
tions for Power Equalization, Asia Communications and Photonics Confer-
ence and The International Photonics and OptoElectronics Meetings (ACP
/POEM), 4-7 November 2023, Wuhan, China. [Oral, Best Paper Award
in Industry Innovation] [28]

RQ2: How can Al, and in particular LLMs, assist the automation and
lifecycle management of optical networks?

In addition to physical-layer optimization, operating optical networks requires
handling complex con guration procedures, analyzing large volumes of alarm logs,
and even interacting with heterogeneous vendor-speci c interfaces. These tasks are
often repetitive and prone to human errors. Recent advances in LLMs provide new
opportunities to improve automation and human machine interaction in network
management systems.

This thesis explores the integration of locally deployed and ne-tuned LLM-
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based Al agents with a DT-enabled network controller framework. The proposed
system enables intent-based control through automatic API generation, automated
alarm-log analysis, documentation querying through retrieval-augmented genera-
tion, and multilingual interaction for network operation.

These capabilities are experimentally demonstrated on the commercial testbed,
showing the feasibility of LLM-assisted lifecycle automation for optical networks.
This work is mainly presented in Chapter 5.

Publications related to RQ2:

1. C. Sun et al., Experimental demonstration of local Al-Agents for lifecycle
management and control automation of optical networks, Journal of Optical
Communications and Networking (JOCN), vol. 17, no. 8, C82-C92, 2025.
[ECOC2024 PDP Invited] [29]

2. C. Sun et al., First experimental demonstration of full lifecycle automation
of optical network through ne-tuned LLM and digital twin, 50th Euro-
pean Conference on Optical Communication (ECOC), 22-26 September 2024,
Frankfurt, Germany. [Post-Deadline Paper, PDP] [30]

3. C. Sun et al., Demonstration of LLM-based Al-Agent for Optical Network
Management and Automation, 50th European Conference on Optical Com-
munication (ECOC), 22-26 September 2024, Frankfurt, Germany. [Demo]
[31]

Overall, the contributions of this thesis demonstrate the feasibility of combining
DT and Al to enable safe and e cient automation of optical networks. The results
provide initial experimental validation of DT-enabled power control strategies and
Al agents-assisted network automation, representing an important step toward the
realization of autonomous optical networks.

Beyond these proof-of-concept studies, this work also advances the transition
from research to industrial applications by introducing localized Al agent frame-
works tailored for operator environments. These developments have been demon-
strated in collaboration with major network operators, including China Mobile [32]
and Etisalat-UAE [33], highlighting the practical viability and deployment potential
of the proposed approaches.

1.4 Thesis Outline

The remainder of this thesis is organized as follows:
Chapter 2 introduces the physical foundations of optical bers and optical com-
munications, from electromagnetic wave propagation and ber properties to coher-
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ent transceivers, optical ampli ers, and ROADM-based network architectures.

Chapter 3 presents the physical-layer noise sources, QoT metrics, the GN/EGN
models, and power optimization and power control principles that underpin the
proposed DT framework.

Chapter 4 details the architecture of the DT, the methodology for safe au-
tonomous power equalization, and the experimental validation on realistic optical
network topologies, addressing Research Question 1.

Chapter 5 explores the use of Al and large language models for optical network
control, including the design of local LLM-based Al agents and their integration
with the DT to achieve full lifecycle automation, addressing Research Question 2.

Finally, Chapter 6 concludes the thesis, summarizes the main ndings, and
outlines promising directions for future research.






Chapter 2

From an Optical Fiber to Optical Net-
WOrks

This chapter starts with physical optics, the principles of optical ber communica-
tions and introduce the architecture of optical transmission systems and networks.

2.1 Light: Wave and Particle

Light exhibits a dual nature, behaving both as a wave and as a particle, a concept
central to modern physics and photonics. This duality allows us to describe and
exploit light in di erent ways depending on the phenomenon of interest.

2.1.1 Light as an Electromagnetic Wave

In the wave description, light is an electromagnetic wave, consisting of oscillating
electric (E) and magnetic (B) elds that are perpendicular to each other and to
the direction of propagation. The behavior of these elds is rigorously described by
Maxwell’s equations [34]:

r E=—; (2.1)
0
r B=0; (2.2)
_ @B,
r E= I (2.3)
E
r B= J+ o"o%t; (2.4)
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where r is the divergence operator, r is the curl operator, is the density of
electrical charges, J is the electric current density vector, "y is the permittivity of
the free space ¢ is the permeability of the free space.

In free space or in the non-conductive core of an optical ber ( =0, J = 0),
these equations reduce to the electromagnetic wave equations [35]:

2
E
’E “LE _. 2.5
r 00 g : (2.5)
2
B
’B 2B _. 2.6
r 002 (2.6)
The solutions to these equations are typically expressed as plane waves:
E(r;t) = Ege'kr 0, (2.7)
B(r;t) = Bye'kr 'V (2.8)

where K is the wave vector, r is the position vector, ! is the angular frequency, t is
the time, and Eo, By are the eld amplitudes.
The phase velocity of light in vacuum is given by [35]:

1 1
Vp = = = Pp—= =C, 2.9
P JKj 00 (29)

and in a medium with refractive index n, the phase velocity is reduced [35]:

Vp = (2.10)

H:

This wave-based description provides the foundation for understanding mode
propagation, dispersion, and interference in optical bers.

Having described light as an electromagnetic wave with oscillating electric and
magnetic elds, it becomes important to consider the orientation of these oscilla-
tions. In most practical optical systems, the direction of the electric eld vector
is of particular interest, as it determines how the wave interacts with materials,
optical components, and the Dber itself. This property, known as polarization,
characterizes the trajectory traced by the tip of the electric eld vector over time
and provides essential insight into phenomena such as birefringence, polarization
mode dispersion, and the operation of polarization-sensitive devices.

For a plane wave (Eq. (2.7)) propagating along the z-axis, the electric eld vector
can be decomposed into two polarization waves x-pol and y-pol as:
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Figure 2.1: Phenomena of photons. E; and E, are the two di erent
energy levels of the particle, E is the energy gap between them.

£ E,
E(qy;zi) = Poeite 1R+ pleite 1), (2.11)

where is the phase di erence between the components x-pol and y-pol, & and ¥
are the unit vectors in the x and y directions.

2.1.2 Light as a Particle (Photon)

In the particle description, light consists of discrete packets of energy called photons.
Each photon carries energy proportional to its frequency, described by Planck’s
relation [36]:

E=hf=h; (2.12)

where E is the photon energy, h is Planck’s constant (6:626 10 34 Jes), ¢ is the
light velocity in vacuum, T is the frequency and is the wavelength. The particle
nature of light explains phenomena such as the photoelectric e ect, spontaneous
and stimulated emission (shown in the Fig. 2.1), and the operation of lasers and
optical ampli ers.
In optical communications, the photon perspective is particularly important for

understanding:

Ampli cation in devices such as erbium-doped ber ampli ers (EDFA),

Quantum-limited noise in detectors,

Nonlinear interactions where photon-photon e ects in uence signal integrity.

2.2 Optical Fibers

According to di erent principles, light can propagate through glass (silica) [37] or
vacuum media. This section will introduce the principles of light propagation in

12
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Figure 2.2: Snell’s law and total internal re ection of light.

Figure 2.3: Scheme of ITU G.652 standard single mode ber (SSMF).

various optical bers, focusing on how light travels through traditional silica bers
and the physical laws it follows.

2.2.1 Traditional Silica Fibers

Total Internal Re ection

Traditional silica optical bers con ne light waves within the core through the prin-
ciple of total internal re ection. Snell’s Law (also known as the law of refraction)
describes how light bends when it passes from one medium to another with a dif-
ferent refractive index. It is mathematically expressed as [38]:

Nn{sSin | = Nnysin »; (2.13)

where n; and n;, are the refractive indices of the rst and second media, respectively,
1 IS the angle of incidence (the angle between the incident ray and the normal as
shown in Fig. 2.2), , is the angle of refraction (the angle between the refracted ray
and the normal as shown in Fig. 2.2).
By designing the refractive index of the core to be greater than that of the
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cladding, light waves can propagate from one end of the ber to the other without
leakage. Fig. 2.3 shows the cross section and refractive index pro le of standard
single mode ber (ITU G.652).

Light Propagation and Nonlinear Schr dinger Equation

Once con ned within the ber core by total internal re ection, the optical eld
propagates along the longitudinal axis and experiences a variety of physical e ects
that in uence its amplitude, phase, and polarization. The evolution of the slowly
varying complex envelope A(z; t) of the optical eld inasilica ber can be accurately
described by the nonlinear Schr dinger equation (NLSE) [39], which accounts for

ber loss, chromatic dispersion, and Kerr nonlinearity:
0A(z;t) _ 2 0°A(z;1)

0z EA(z;t) i—

> e HHIA@OFA@Y: (2.14)

where:
A(z;1): slowly varying envelope of the optical eld,
z: propagation distance,
t: retarded time in the frame moving at the group velocity,
ber attenuation coe cient,
». group velocity dispersion parameter,
= 2—%: nonlinear coe cient,
Ny nonlinear refractive index,
A. : e ective area.

Fiber Loss

The attenuation coe cient ( ) represents the wavelength-dependent loss (WDL)
of optical power due to absorption and scattering in the optical ber material. The
transmitted optical power decreases exponentially with distance as follows:

P(z) =P(0)e Z: (2.15)

Typical attenuation coe cients for SSMF are around 0:2 dB=km near 1550 nm
as shown in Fig. 2.4, mainly limited by Rayleigh scattering and intrinsic material
absorption.
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Figure 2.4: WDL pro le of silica ber and transmission bands.

Chromatic Dispersion

Dispersion arises from the wavelength dependence of the propagation constant ( ).
The second-order term , accounts for group velocity dispersion (GVD), which
causes di erent spectral components of a pulse to travel at di erent group velocities,
leading to pulse broadening. When , > 0 (normal dispersion), higher frequencies
travel slower; when , < 0 (anomalous dispersion), higher frequencies travel faster.
The dispersion coe cient D is used to characterize the ber dispersion [39]:

2 C

the typical dispersion coe cient value D for SSMF is approximately 17 ps/nm/km
at 1550 nm.

Dispersion plays a crucial role in determining the transmission distance and
bandwidth of high-speed systems. It can be compensated using dispersion compen-
sating bers, ber Bragg gratings, or digital signal processing (DSP) in coherent
receivers.

Kerr Nonlinearity

The nonlinear term i jAj?A represents the Kerr e ect, where the refractive index
depends on the instantaneous optical intensity 1 = jAj?. This induces self-phase
modulation (SPM), which broadens the optical spectrum, cross-phase modulation
(XPM) between WDM channels, and four-wave mixing (FWM) among di erent
frequency components. These e ects are particularly signi cant in long-haul and
dense WDM systems, where high optical powers and long propagation distances
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accumulate nonlinear phase shifts.

The interplay between dispersion and nonlinearity governs many nonlinear op-
tical phenomena, such as soliton propagation in the anomalous dispersion regime
or modulation instability. The NLSE thus serves as the fundamental model for
understanding and simulating signal evolution in optical transmission systems.

Polarization E ects and the Manakov Equation

In real SSMFs, the optical eld has two orthogonal polarization components that
experience slightly di erent propagation constants due to birefringence. When bire-
fringence varies rapidly along the ber, the polarization evolution can be statistically
averaged, leading to the Manakov equation [40]:

A _ i 20PA

Z- 2 i @t2+i§ KAKZA; (2.17)
where A = [A(z;1); Ay(z;t)]" is the Jones vector of the two polarization com-
ponents. The Manakov equation e ectively describes nonlinear propagation on
polarization average and is widely used in coherent optical communication system
modeling, particularly for multiplexed signals of polarization-division.

The NLSE and its vectorial extensions, such as the Manakov equation, form
the theoretical foundation for analyzing optical signal propagation in bers. They
capture the essential physical mechanisms loss, dispersion, and nonlinearity that
dictate the performance limits and design strategies of modern high-capacity WDM
and coherent transmission systems.

2.2.2 Hollow Core Fibers

Hollow-core bers represent a paradigm shift in optical transmission. Instead of
con ning light within a solid silica core, HCFs guide light through an air or gas-

lled core, typically using photonic bandgap or anti-resonant guiding mechanisms.
Since most of the optical power propagates in air, nonlinear e ects and latency are
signi cantly reduced compared to solid-core bers.

Recent advances in anti-resonant hollow-core bers (AR-HCFs) [41] have allowed
record-low attenuation values (<0.1dB/km) [42] and broad transmission windows
across multiple bands. These bers exhibit group velocities closer to the speed of
light in vacuum, reducing latency by up to 30% relative to silica bers.

Despite these advantages, HCFs still face challenges related to fabrication com-
plexity, splicing losses, gas line absorption, and mode coupling stability, but con-
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tinued improvements in preform design and draw techniques suggest promising
prospects for integration into future high-capacity optical transport networks.

2.3 Modulation and Coherent Optical Transceivers

From Eq. (2.11), it can be observed that we can modulate light waves through four
degrees of freedom: amplitude, phase, wavelength (or frequency) and polarization.
This section will introduce the principles of optical wave modulation, i.e., how we
load the information we want to communicate onto light waves, and the working
principles of coherent optical transceivers.

2.3.1 Modulation Formats

The modulation format de nes how information is encoded onto an optical carrier
for transmission through a ber channel.

In amplitude modulation, information is carried by varying the optical power of
the signal. The simplest form, known as on o keying (OOK), represents binary
data using the presence ("1") or absence ("0") of light shown in Fig. 2.5(a). Despite
its simplicity and ease of implementation with direct detection, OOK is limited

Figure 2.5: Constellation diagrams of di erent modulation formats. (I:
in-phase, Q: quadrature)
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in spectral e ciency and sensitivity to noise. To increase the number of bits per
symbol, multi-level modulation formats such as pulse amplitude modulation (PAM)
are widely adopted. Each symbol corresponds to one of M discrete amplitude levels,
providing a spectral e ciency SE = log,(M) bits/s/Hz under Nyquist signaling.
For instance, PAM-4 encodes two bits per symbol (Fig. 2.5(b)), e ectively doubling
the data rate compared to OOK without increasing the symbol rate.

Phase modulation, on the other hand, encodes information in the instantaneous
phase of the optical carrier. In binary phase-shift keying (BPSK), two symbols
are represented by phase shifts of 0 and radians. Quadrature phase-shift key-
ing (QPSK) extends this principle to four equally spaced phase states separated
by =2, thereby transmitting two bits per symbol, as shown in Fig. 2.5(c). By
jointly modulating both amplitude and phase, two-dimensional constellations are
formed, giving rise to quadrature amplitude modulation (QAM). In M-QAM, each
symbol is mapped to a unique point in the complex plane, corresponding to one of
M combinations of amplitude and phase. For instance, the constellation diagram
of 16QAM is shown in Fig. 2.5(d). In a conventional M-ary quadrature ampli-
tude modulation (M-QAM), all constellation symbols are transmitted with equal
probability, resulting in a xed number of bits per symbol given by b = log,(M).

However, symbols located at the edges of the constellation carry higher energy
and are more vulnerable to noises, which will be introduce in Section 3.1. Prob-
abilistic constellation shaping (PCS) improves transmission e ciency by assigning
non-uniform probabilities to symbols [43], favoring those closer to the origin of
the constellation diagram. This reduces the average symbol energy and enables
operation closer to the Shannon capacity limit.

The average information carried by each symbol can be expressed by the entropy:

b2 ¢
H(X) = P (xi) log, P (Xi); (2.18)
i=1
where P (X;) is the probability of transmitting the i-th constellation point X;.
For uniform M-QAM, P (x;) = 1=M and H(X) = log,(M), the spectrum e -
ciency is:
SE =log,(M) bits/s/Hz: (2.19)

In PCS, the symbol probabilities are intentionally made non-uniform typically
following a Maxwell Boltzmann distribution to increase the occurrence of low-
energy symbols. E.g., a PCS-16QAM constellation shape is shown in the Fig. 2.6.
This reduces the average symbol energy and improves the achievable information
rate for a given signal-to-noise ratio (SNR). Consequently, the entropy H(X) be-

18



CHAPTER 2. FROM AN OPTICAL FIBER TO OPTICAL NETWORKS

Symbol probability

Figure 2.6: Symbol probability constellation of PCS-16QAM.

comes smaller than log,(M), meaning that the average number of information bits
per symbol is reduced, then the spectrum e ciency is:

SE = H(X) bits/s/Hz: (2.20)

Another degree of freedom in optical communication is polarization. Since an
optical wave can be decomposed into two orthogonal polarization components, it is
possible to transmit two independent data streams simultaneously on these com-
ponents a technique known as polarization-division multiplexing (PDM). This ef-
fectively doubles the transmission capacity without increasing the required optical
bandwidth. In coherent optical systems, PDM is typically combined with complex
modulation formats such as QPSK or QAM, leading to con gurations like PDM-
QPSK or PDM-16QAM.

Beyond single-carrier modulation, the wavelength of light provides an additional
dimension for multiplexing. Wavelength-division multiplexing (WDM) enables mul-
tiple optical carriers, each at a distinct wavelength, to be modulated independently
and transmitted simultaneously over the same ber. Each wavelength serves as a
separate communication channel, dramatically increasing total system capacity.

The total capacity of a PDM-WDM system can be expressed as:

szkB(k) SE(K) (I OHeec(K)); (2.21)
k
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where 2 is the factor of two polarization components, N is the number of channels
and B(K) is the bandwidth of channel-k, SE (k) is the spectrum e ciency of channel-
k, OHggec(Kk) is the overhead of FEC coding.

In summary, the choice of modulation format in optical communication systems
re ects a trade-o between implementation complexity, spectral e ciency, and sys-
tem robustness. By exploiting the four physical degrees of freedom amplitude,
phase, polarization, and wavelength and incorporating advanced techniques such
as probabilistic shaping, modern coherent transceivers achieve transmission rates
approaching the fundamental capacity limits of optical ber channels.

2.3.2 Transmitter

The transmitter in a coherent optical transceiver is responsible for converting the
digital data into an optical signal that can be transmitted over long distances.
The scheme is shown as Fig. 2.7. The process begins with the data source, which
generates the digital data to be transmitted. This data can come from various
sources, such as routers or switches in a communication network.

After the data is generated, it undergoes FEC encoding. FEC adds redundancy
to the data, which helps in detecting and correcting errors that may occur during

Figure 2.7: Coherent optical transmitter. TLS: tunable laser source;
PBS: polarization beam splitter; PBC: polarization beam combiner;
FEC: forward error correction encoding; OH: overhead of FEC; DSP:
digital signal processing; DAC: digital to analog converter; MZM: Mach-
Zehnder modulator; OA: optical ampli er.

20



CHAPTER 2. FROM AN OPTICAL FIBER TO OPTICAL NETWORKS

transmission. This is crucial for maintaining the integrity of the data over long
distances.

The encoded data is then processed by a digital dignal processor. The DSP
generates the in-phase (I) and quadrature (Q) components of the signal. These
components are essential for modulating the optical carrier. The | and Q compo-
nents are typically generated using a digital-to-analog converter (DAC).

The next step involves modulating the laser beam with the 1 and Q components.
A common modulator used in coherent systems is the Mach-Zehnder modulator
(MZM). The MZM can modulate both the phase and amplitude of the optical
signal, allowing for advanced modulation formats such as QPSK or 16QAM.

The modulated signal is then ampli ed using an optical ampli er. This ampli-

cation is necessary to boost the signal strength before it is transmitted through
the optical ber.

2.3.3 Receiver

The receiver in a coherent optical transceiver is responsible for converting the re-
ceived optical signal back into the original digital data. The scheme is shown as
Fig. 2.8.

The process begins with the reception of the optical signal from the optical ber.
A local oscillator (LO) laser generates a coherent reference signal. This reference

Figure 2.8: Coherent optical receiver. LO: local oscillator; TIA: Trans-
impedance ampli er; ADC: analog to digital converter; FEC: forward
error correction decoding.

21



CHAPTER 2. FROM AN OPTICAL FIBER TO OPTICAL NETWORKS

signal is crucial for the coherent detection process. The local oscillator signal is
mixed with the received signal using an optical hybrid. The optical hybrid combines
the received signal and the LO signal to produce four outputs: the in-phase (I) and
quadrature (Q) components of the received signal and their conjugates.

These outputs are detected by photodetectors (PDs) and trans-impedance am-
pli ers (PIAs), which convert the optical signals into electrical signals. The elec-
trical signals are then digitized using analog-to-digital converters (ADCs). The
digitized signals are processed by DSP to recover the original data. The DSP per-
forms various tasks, including equalization to correct for signal distortions, carrier
recovery to synchronize the phase of the received signal with the local oscillator,
and clock recovery to synchronize the timing of the received data.

Finally, the recovered data is decoded using FEC to correct any errors that may
have occurred during transmission. The decoded data is then passed to the data
sink, such as a router or switch, for further processing.

2.4 Optical Ampli ers

Optical ampli ers are essential components in modern optical communication sys-
tems, enabling the compensation of transmission losses over long ber spans with-
out the need for optical-electrical-optical (OEO) conversion. They amplify optical
signals directly in the optical domain, thus improving system scalability and trans-
parency across modulation formats and bit rates. Among the di erent types of
optical ampli ers, rare-earth-doped ber ampli ers and semiconductor optical am-
pli ers (SOAs) are the most widely deployed in WDM transmission systems.

2.4.1 Rare-Earth-Doped Fiber Ampli er

Rare-earth-doped ber ampli ers rely on optical gain achieved through stimulated
emission in a ber core doped with trivalent rare-earth ions such as erbium (Er®*),
ytterbium (Y b®*), or thulium (Tm*"). When the doped ber is pumped with
light of an appropriate wavelength (typically from a laser diode), electrons in the
dopant ions are excited to higher energy states. The population inversion thus
created allows an incoming signal photon to stimulate emission of identical photons,
resulting in optical ampli cation along the ber length.

The Erbium-Doped Fiber Ampli er (EDFA) is the most widely used optical am-
pli er in long-haul and metro optical networks, primarily because its gain spectrum
coincides with the C-band  region where silica bers exhibit minimum attenua-
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Figure 2.9: Erbium energy level scheme.

Figure 2.10: Basic scheme of an EDFA. EDF: erbium-doped ber; 1SO:
isolator; WSC: wavelength selective coupler; GFF: gain attening Iter.

tion (as shown in Fig. 2.4) [44]. When the 980 nm or 1480 nm pump light excites
the erbium ions to a higher metastable state (*l3-, in Fig. 2.9), they can relax
via stimulated emission to the ground state (*li5-, in Fig. 2.9) when stimulated
by incoming signal photons around 1550 nm, thus amplifying the signal. However,
there is also a spontaneous phenomenon introduced in Section 2.1.2, which produces
ampli ed spontaneous emission (ASE) noise.

As shown in Fig. 2.10, the EDFA operates by using an erbium-doped ber (EDF)
to amplify optical signals directly within the ber. The process begins when a weak
optical signal is input into the EDFA. An optical isolator is used at both the input
and the output to prevent any backward-re ected light from causing instability. A
pump laser, typically operating at 980 nm or 1480 nm, injects high-intensity light
into the EDF via a wavelength selective coupler (WSC). This pump light excites
the erbium ions to a higher energy state. As the signal light travels through the

ber, it stimulates the excited erbium ions to emit photons at the same wavelength
as the signal, a process known as stimulated emission. This results in ampli cation
of the signal. The ampli ed signal is then separated from the residual pump light
using another WSC and output from the EDFA. Additionally, a gain attening
Iters (GFF) can be used to ensure a more uniform gain across the entire signal
bandwidth, which is crucial for maintaining signal quality in multi-channel systems.
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Figure 2.11: Gain pro le of a commercial C-band EDFA working at
21dB gain-lock mode with 2dB tilt.

Two dominant operating modes are commonly considered:

Power-lock mode: The total output power is maintained constant, typically
via gain saturation or pump control. This introduces strong coupling between
channels, as an increase in one channel’s power must be compensated by a
decrease in others.

Gain-lock mode: The ampli er maintains a xed gain for the total input
power. Additionally, to compensate for the WDL of the ber, the EDFA does
not use a at gain spectrum but instead sets a certain value of tilt, as shown in
Fig. 2.11. While reducing direct coupling, wavelength-dependent gain ripple
and spectral e ects still induce inter-channel interactions.

The steady-state behavior of constant power ampli ers shows that channel power
depends on the relative input powers of all channels, leading to inherent coupling
across wavelengths [22]. Moreover, ampli er transient responses, governed by the
population inversion dynamics, introduce time-dependent e ects that propagate
along cascaded spans.

2.4.2 Semiconductor Optical Ampli er

The SOA operates by utilizing the principles of stimulated emission in a semicon-
ductor material, typically made of materials like indium phosphide (InP) or gallium
arsenide (GaAs) [45]. When an optical signal passes through the active region of
the SOA, it interacts with the excited electrons, causing them to drop to a lower
energy state and emit additional photons, thereby amplifying the signal. SOAs are
compact, integrable, and can be tuned over a wide range of wavelengths, making
them highly versatile for various applications such as optical ber communications,
optical interconnects, and optical signal processing. Their ability to amplify signals
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without the need for conversion to electrical form makes them crucial components
in high-speed and long-distance communication networks.

Compared to EDFA, SOA o ers several distinct advantages and disadvantages.
SOAs are generally more compact and can be easily integrated with other semi-
conductor devices, making them ideal for on-chip applications and optical intercon-
nects. They also have a broader gain bandwidth, which can be advantageous in
WDM systems. However, SOAs typically have higher noise gures and are more
susceptible to nonlinear e ects, such as four-wave mixing and cross-gain modu-
lation, which can degrade signal quality in high-power applications. In addition,
SOAs have a lower saturation output power compared to EDFAs, which are known
for their high gain and low noise characteristics, making EDFAs more suitable for
long-haul optical communication systems. Despite these limitations, the exibility
and integration capabilities of SOAs make them valuable components in a variety
of optical systems.

2.4.3 Raman Ampli er

Raman ampli cation is a distributed optical ampli cation technique based on the
nonlinear process of stimulated Raman scattering (SRS) in silica bers [46]. When
a high-power pump wave co-propagates or counter-propagates with the signal, a
portion of the pump energy is transferred to the signal through interactions with
optical phonons. This energy transfer occurs when the frequency di erence between
pump and signal matches the characteristic Raman shift of silica, approximately
13:2 THz, thereby providing optical gain at the desired signal wavelength.

In contrast to discrete rare-earth-doped ampli ers such as EDFAs, Raman am-
pli ers do not require specially doped gain media. Instead, the transmission ber
itself acts as the gain medium, enabling the ampli cation to be distributed along
the span rather than localized at speci ¢ points. Depending on the system de-
sign, Raman pumping may be launched in the forward, backward, or bidirectional
direction, allowing exible control of the gain pro le and noise performance.

Raman ampli ers o er several advantages in modern optical communication
systems [47]. First, the distributed nature of the gain signi cantly improves the
noise gure of the span, often outperforming EDFAs in long-haul coherent links.
Second, the Raman gain spectrum is highly exible: by combining multiple pump
wavelengths, it is possible to engineer broad and at gain pro les that support wide
WDM bandwidths. Finally, the improved signal power evolution along the ber
reduces nonlinear impairments and enhances the achievable transmission reach.

In practice, Raman ampli ers are widely deployed in long-haul and ultra-long-

25



CHAPTER 2. FROM AN OPTICAL FIBER TO OPTICAL NETWORKS

haul coherent systems, typically in hybrid Raman EDFA con gurations. They are
essential for extending optical bandwidth beyond the conventional C-band, improv-
ing OSNR margins, and supporting high-capacity WDM transmission. As optical
networks continue to scale in capacity and reach, Raman ampli cation remains a
key enabling technology for advanced optical transmission systems.

2.4.4 Noise Figure of Optical Ampli ers

The Noise Figure (NF) of an optical ampli er is a critical parameter that quanti es
the degradation of the SNR due to the ampli er [48]:

SNRin

NF = ;
SNRout

(2.22)

where SNR;j, and SN Ry, are the SNR in linear scale at the input and output of
the OA.
In dB scale, it can be expressed as:

1
SNRin

NFdB =10 |Oglo SNiRt
ou

(2.23)

The typical NF for di erent types of OAs can vary, with EDFAs generally having
a NF of 4-6 dB, Raman ampli ers around 3-5 dB, and SOAs around 6-10 dB. A
lower NF is generally preferred to maintain high quality of transmission in optical
communication systems.

2.5 Wavelength Selective Switch

The use of wavelength selective switches (WSS) is integral to the construction and
operation of optical cross-connects (OXCs), which are essential components in mod-
ern optical communication networks. OXCs enable dynamic and exible routing of
optical signals between multiple input and output ports, facilitating e cient man-
agement of network tra c¢ and bandwidth. The integration of WSS in OXCs signif-
icantly enhances their functionality and performance by providing precise control
over the wavelengths of light.

The working principle of WSS is based on the ability to selectively route individ-
ual wavelengths of light, as shown in Fig. 2.12. When a multi-wavelength optical
signal, consisting of multiple channels, enters the WSS, it is rst collimated and
directed to a dispersive element, such as a di raction grating or a prism. This
dispersive element separates the di erent wavelengths into distinct beams, each
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Figure 2.12: A simpli ed scheme of WSSs for adding (multiplexing,
Mux) / dropping (demultiplexing, DeMux) WDM signal and building
OXCs.

corresponding to a speci ¢ channel. The separated beams are then focused onto a
tunable Iter, which can be programmed to re ect or transmit each wavelength as
needed, such as liquid crystal on silicon (LCoS) or micro-electron-mechanical sys-
tems (MEMS). This precise control over the wavelengths enables the WSS to route
each channel to a speci c output ber, providing the exibility needed for dynamic
network recon guration.

Once the wavelengths are selectively re ected or transmitted by the tunable

Iter, they are recombined using another dispersive element, which combines the
individual beams back into a multi-wavelength signal. This recombined signal is
then focused and coupled to the output ber, which can be connected to di erent
nodes or devices in the network. The ability to dynamically route and switch wave-
lengths without a ecting the other channels is crucial to managing network tra c,
optimizing bandwidth utilization, and supporting various network architectures,
such as ring, mesh, and point-to-point con gurations.

In the context of OXCs, the integration of WSS technology provides several key
bene ts. First, it enables dynamic wavelength routing, allowing any input wave-
length to be connected to any output port without interference. This non-blocking
architecture ensures that the network can handle a high volume of tra ¢ and com-
plex routing scenarios without congestion. Second, WSS supports scalability as it
can handle a large number of wavelengths and ports, making it suitable for growing
networks. The ability to add or remove wavelengths without disrupting the exist-
ing network infrastructure ensures that the OXC can adapt to changing network
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requirements.

Moreover, WSS devices are designed to minimize insertion loss and maximize
isolation between di erent wavelengths. The low insertion loss ensures that signal
strength is maintained throughout the network, reducing the need for additional
ampli cation. High isolation prevents crosstalk between channels, ensuring that
the quality of the optical signals is preserved. These characteristics are critical to
maintaining the integrity of the data transmitted and to ensuring high network
reliability and performance.

2.6 WDM Transmission Systems and Networking

2.6.1 Point-to-Point System

A WDM-based optical transport network consists of multiple optical multiplex sec-
tions (OMSs). The OMS is a critical component of optical transport networks,
speci cally designed to manage the adding/dropping of multiple wavelengths over
a single ber.

As shown in Fig. 2.13, in an OMS, a multiplexer (MUX), e.g. WSS, combines
multiple optical signals, each at a di erent wavelength, into a single composite
signal that can be transmitted over a single ber. At the receiving end, a demulti-
plexer (DEMUX), e.g. WSS, separates the composite signal back into its individual
wavelengths. This process allows for e cient use of ber capacity, enabling the
simultaneous transmission of multiple data streams.

The OMS also incorporates OAs to boost the signal strength over long distances,
ensuring reliable transmission. As shown in Fig. 2.13, there are N+1 OAs for an
OMS has N Dber spans. We refer to the rst OA of each OMS as the booster

Figure 2.13: Scheme of an optical multiplex section. MUX: multiplexer;
OTS: optical transmission section; BA: booster ampli er; ILA: in-line
ampli er; PA: pre-ampli er; DEMUX: demultiplxer; MON: monitor.
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ampli er (BA), the other OAs after ber spans are called in-line ampli ers (ILAS),
and the last OA is also called pre-ampli er (PA).

Additionally, the OMS supports various management and monitoring functions,
which are essential for maintaining the integrity and performance of the optical
network. For instance, by using the optical channel monitor (OCM) or optical
performance monitor (OPM) at the output of BA, the launch power pro le of the
BA in an OMS can be tuned by adjusting the WSS attenuation pro le, so that
power equalization can be implemented to optimize the performance of services.
Overall, the OMS plays a vital role in enhancing the capacity and exibility of
modern optical communication systems.

2.6.2 Optical Transport Network

Early WDM transmission systems were designed as xed point-to-point optical
links. In such systems, each wavelength was statically assigned between two end-
points, and any service recon guration required manual ber reconnection or re-
engineering of intermediate xed optical add/drop multiplexer (FOADM) nodes.
These architectures lacked exibility: wavelengths could not be rerouted, added, or
removed without a ecting the entire OMS. As network capacity and dynamic traf-
c patterns increased, this rigid structure became insu cient for modern transport
requirements.
For large-scale optical networks, the recon gurable optical add/drop multiplex-
ers (ROADMs) fundamentally changed the topology of optical networks by enabling
per-wavelength switching directly in the optical domain. The OMS provides the
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Figure 2.14: An example of recon gurable optical add/drop multi-
plexer (ROADM) node.
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Figure 2.15: Sample optical transport network.

ampli ed multi-wavelength optical path across a ber direction, while the ROADM
layer selectively adds, drops, or bypasses individual OCh channels without disturb-
ing the remaining wavelengths within the OMS. This separation of responsibilities
allows operators to modify channel routing dynamically while maintaining contin-
uous optical transmission.

A point-to-point WDM system can be viewed as consisting of two OMS end-
points connected by a single ber pair with inline ampli ers. When ROADMs
are inserted, each ber direction becomes a "degree", and the WSS modules at
a ROADM node connect the OMS of multiple degrees, enabling wavelength-level
connectivity between any incoming and outgoing directions, as shown in Fig. 2.14.
Modern ROADM architectures allow any wavelength to be added or dropped on any
port (colorless), switched to any direction (directionless), and reused without wave-
length contention (contentionless). As more degrees are added to ROADM nodes,
the network topology transitions from linear or ring architectures into exible mesh
networks, as shown in Fig. 2.15.

In a ROADM-based mesh network, each node contains multiple OMS sections,
each corresponding to a ber direction. The WSS units interconnect these OMS
sections at the OCh layer, forming an optical cross-connect that can dynamically
route wavelengths across the network. The OMS ampli ers, power equalizers, Ra-
man/EDFA modules, and optical supervisory channels ensure that all wavelengths
belonging to an OMS are properly ampli ed and monitored, even as their routing
paths change due to network demands or protection switching.

This architecture enables a number of key capabilities unavailable in point-to-
point systems:
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Survivability and protection: Wavelengths can be rerouted around failures

via alternate ROADM degrees, signi cantly improving resilience.
E cient resource utilization: Tra c can follow routing and wavelength
assignment (RWA) paths, allowing for more scalable spectrum and ber usage.
By leveraging OMS-based ampli cation and ROADM-based wavelength switch-
ing, operators can construct large-scale transparent optical meshes that support
exible path computation and automatic power balancing. Such ROADM-centric
mesh networks greatly reduce operational complexity, enhance agility, and form the
optical foundation for future high-capacity transport domains including metro-core,

long-haul, and data-center interconnect networks.
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Chapter 3

Quality of Transmission

Quality of transmission (QoT) in optical transmission systems is a critical metric
that evaluates the performance and reliability of data transmission over optical

bers. Various parameters are included, such as signal-to-noise ratio (SNR), bit
error rate (BER), and optical signal-to-noise ratio (OSNR). The QoT assessment
is essential to ensure that transmitted data maintain integrity and meet required
standards, especially in high-speed and long-haul transmission.

In this chapter, we will introduce the noises in optical transmission systems and
the QoT based on them in Section 3.1, the Gaussian noise (GN) model and GN
model-based optical power optimization in Section 3.3 and Section 3.4, and discuss
the power control in optical networks in Section 3.5.

3.1 Noises and QoT Metrics in Optical Transmission
Systems

3.1.1 ASE Noise and OSNR

In the Section 2.4.1, we introduced the ASE noise comes from EDFA. Owing to
its stochastic nature and large number of independent noise contributions, ASE
is commonly modeled as additive white Gaussian noise with a nearly at spectral
density across the ampli er gain bandwidth. The presence of ASE degrades the
received signal quality, increases BER, and plays a central role in system design,
as it directly determines the OSNR budget and transmission reach of long-haul
coherent optical networks.
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The power spectral density (PSD) of ASE noise is estimated in the form [49]:
Nase(F) = ngphf(G(F) 1); 3.1

where ng, is the spontaneous emission factor, h is the Plank’s constant, f is the
central frequency of the channel and G(f) the gain of the ampli er.
Then, the ASE noise power is:

Pase(F) = 2Nase(f)Brer; (3.2)

where 2 is the factor of two polarizations and By is the reference bandwidth.
Conventionally, the By Is considered as 12.5 GHz (0.1 nm in C-band) when
computing the optical signal-to-noise ratio (OSNR):

Pch(f)
OSNR(T) = ; 3.3
(9 Pase(f) (3.3)
where Py, is the power of the optical channel in linear scale.
From Eqg. (2.22), we can describe the NF of EDFA in linear scale as:
NF(f) = 2nspG(f) L. (3.4)

G(f)

3.1.2 Nonlinear Noise and GSNR

Nonlinear (NL) noise arises from the Kerr nonlinearity of optical bers and repre-
sents a fundamental impairment in coherent WDM transmission systems operating
at high launch powers. In dispersive ber links, the interaction among wavelength-
division multiplexed channels through self-phase modulation, cross-phase modula-
tion, and four-wave mixing generates stochastic nonlinear distortions whose statis-
tics, under typical long-haul conditions, are well approximated by additive Gaussian
noise. This nonlinear interference accumulates along the link similarly to ampli ed
spontaneous emission (ASE), but its magnitude strongly depends on the per-channel
launch power, ber parameters, channel spacing, and dispersion map. To quantify
system performance in the presence of both ASE and NL noise, the generalized
signal-to-noise ratio (GSNR) is widely adopted:

I:)ch (f)

GSNR(D) = Pase(f) + PNL(f):

(3.5)

GSNR consolidates linear and NL contributions into an equivalent end-to-end
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SNR metric, de ned as the ratio between the signal power at the receiver and the
sum of ASE and NLI noise powers. As a result, GSNR provides a uni ed gure
of merit that directly correlates with achievable information rates and bit-error
performance, enabling accurate QoT estimation in optical transmission systems.

3.1.3 Transceiver Noise

Transceiver (TRX) noise encompasses all implementation-related impairments gen-
erated within the optical transmitter and receiver front-ends, including DAC/ADC
quantization noise, driver and TIA noise, nite-resolution DSP operations, laser
phase noise residuals, and modulator nonlinearities. Unlike ASE and ber non-
linear interference, which accumulate along the optical link, TRX noise is local to
the transceiver and often dominates performance in short-reach and metro coherent
systems.

TRX noise is typically modeled as additive Gaussian noise whose power scales
with the electrical signal level, leading to an e ective implementation SNR, so-
called SN Rtrx, that limits the maximum achievable SNR even in noise-free optical
channels. Fig. 3.1 shows a back-to-back (b2b) characterization of a TRX.

The overall end-to-end SNR results from the combination of TRX noise, ASE
noise, and nonlinear interference:

1 _ 1 1
SNR GSNR SNRtgrx'

(3.6)

or
NSR = GNSR + NSR1rx; (3.7)

where NSR, GNSR, NSRtrx are the noise-to-signal ratios.

Figure 3.1: Sample b2b characterization curve of a TRX.
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3.1.4 Other Impairments

Beyond ASE noise, nonlinear interference, and transceiver-related penalties, several
additional impairments in uence the performance of coherent optical transmission
systems. Among these, Itering penalties arise from the cumulative e ect of ROAD-
M/WSS bandwidth constraints and the nite optical Itering stages in transceivers.
Tight optical Iters distort the signal spectrum, introduce inter-symbol interference,
and increase linear crosstalk between adjacent WDM channels especially in  ex-
grid networks where channels are packed with minimal guard bands. Repeated

Itering in multi-hop mesh networks can further induce passband narrowing and
phase ripple, which reduce the e ective SNR and constrain achievable symbol rates
and modulation formats.

Another important class of impairments includes polarization-dependent ef-
fects, namely polarization-dependent loss (PDL) and polarization-mode dispersion
(PMD). PDL causes unequal attenuation of the two polarization components, lead-
ing to random variations of the received constellation and a reduction in the e ec-
tive SNR, particularly when combined with nonlinearities and fading. PMD, caused
by random birefringence variations in the ber, introduces di erential group delay
between the two polarization states. Although coherent DSP can compensate a
signi cant portion of PMD, rapidly varying or higher-order PMD leaves residual
distortions and contributes to implementation penalties.

In practice, these secondary impairments are incorporated into system modeling
through a combination of analytical approximations and implementation-speci ¢
penalty terms. Filtering penalties are often modeled by applying the concatenation
of the actual ROADM/WSS transfer functions or by using equivalent low-pass Iters
that capture passband narrowing and phase ripple. PDL is typically represented
by random Jones matrices with speci ed mean loss and statistics, allowing Monte-
Carlo evaluation of its impact on SNR and GSNR. PMD is modeled as a stochastic
sequence of birefringent sections or by drawing di erential group delay (DGD) val-
ues from the Maxwellian distribution. Additional e ects such as frequency drift,
IQ imbalance, or residual dispersion mismatch are incorporated at the DSP level
as linear impairments such as phase rotation, frequency o set, skew, or amplitude
imbalance while crosstalk is modeled as additive interference with coherent or in-
coherent coupling depending on the source. Together, these modeling approaches
enable the inclusion of other impairments within QoT estimation frameworks, ei-
ther through direct simulation (SSFM or DSP-level models) or by aggregating them
into e ective implementation penalty terms used in GSNR-based performance pre-
diction.
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3.2 BER, SNR Margin and Shannon Capacity

In digital communication systems, three fundamental metrics govern the evaluation
of performance: BER, SNR, and total capacity. The BER quanti es the probability
that a transmitted bit is incorrectly detected at the receiver, thus representing
the end-to-end quality experienced by the system. It depends on the modulation
format, the underlying noise statistics, the receiver architecture, and physical-layer
impairments. As a result, BER is often used as the primary gure of merit for
system feasibility and as a direct constraint in QoT estimation in optical networks.

The BER performance is underlying by the SNR, de ned as the ratio between
the received signal power and the total noise power within the relevant detection
bandwidth. The SNR provides an abstraction layer that separates the modulation-
dependent detection process from the physical-layer noise contributions, such as
ASE noise, nonlinear interference noise, and transceiver noise. For many modulation
formats, analytical relationships exist between SNR and BER (for example, through
Q-factor approximations for QAM constellations). These relationships enable SNR
to serve as a convenient intermediate metric for performance prediction, system
optimization, and network-level routing decisions.

Shannon capacity provides the theoretical upper bound on the information rate
that can be transmitted error-free over a channel with a given SNR. For an additive
white Gaussian noise (AWGN) channel, the Shannon capacity is de ned as [50]:

C = Rslog, (1 + SNR); (3.8)

where Rs is the symbol rate.
Then the total throughput limit for a WDM system is:

Cwpm = 2 > Rs(s) log, (1 + SNR(S)) ; 3.9
s=1
where N, is the number of optical channels in the network.

Although practical modulation and coding schemes generally do not achieve this
limit, the Shannon capacity acts as a benchmark for evaluating attainable spectral
e ciency, guiding the design of FEC schemes, and assessing how close modern
optical transmission systems operate to fundamental limits.

Here, we de ne the network-wide SNR margin as:

SNRmargin = msin(SNR(S) SNRFEC(S)); (3-10)
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Figure 3.2: Network-wide SNR margin.

where SNR(S);s = 1;:::; Nqv is the SNR of services s, and SNRgec(S) is the SNR
at the FEC limit of the transponder for service s. The SNR margin represents the
performance of BER [9, 51]. If SNR(s) < SNRgec(S), then uncorrected blocks will
appear. Therefore, the SNR margin should always be positive during any optical
network operation. The higher SNR margin, the lower pre-FEC BER, which can
then be leveraged to carry additional tra c / increase the network capacity.

3.3 Gaussian Noise (GN) Model

The Gaussian noise (GN) [52] model provides an analytical foundation for esti-
mating the nonlinear interference (NLI) generated in WDM systems. Its principle
is based on the observation that in dispersion-uncompensated transmission links,
the large accumulated chromatic dispersion causes the temporal and spectral com-
ponents of the WDM channels to decorrelate rapidly. This decorrelation leads
the Kerr-induced nonlinear mixing terms to exhibit broadband Gaussian statisti-
cal behavior. By adopting a perturbative treatment of the NLSE, the GN model
describes nonlinear distortions as an additive, signal-independent complex Gaus-
sian noise term whose power spectral density (PSD) can be written in closed form.
This approximation is valid under weak nonlinearity, large accumulated dispersion,
and the assumption that the transmitted waveform behaves as a wide-sense sta-
tionary Gaussian process. Because dispersion destroys phase coherence between
ber spans, the NLI generated in each span accumulates incoherently, allowing NLI
contributions to be added at the power level across spans and optical sections.
The enhanced Gaussian noise (EGN) model extends the classical GN model by
relaxing the Gaussianity assumption. While the GN model treats the channel as a
Gaussian process and therefore fails to accurately represent the nonlinear behavior
of nite-cardinality modulation formats such as QPSK, 16QAM, the EGN model
incorporates the exact higher-order moments of the constellation, including kur-
tosis, to capture modulation-format-dependent nonlinear distortions. In addition,
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the EGN formulation accounts for partial nonlinear coherence e ects that become
relevant when the accumulated dispersion per span is not su ciently large or when
Raman ampli cation, tight channel spacing, or metro-reach spans alter the spec-
tral distribution of nonlinear interactions. As a result, the EGN model improves
accuracy to within sub-dB deviation from split-step Fourier method (SSFM) simula-
tions while maintaining a signi cantly lower computational cost than full numerical
propagation.

Hereafter, we only use the item "GN" to represent the methods of GN and EGN.

The applicability of the GN model extends naturally into the hierarchical impair-
ment evaluation framework used in optical transport networks, where QoT must be
assessed from the OMS level down to the end-to-end optical channel (OCh). At the
OMS level, the nonlinear noise generated by each WDM channel is computed using
the GN model based on the span parameters, including ber dispersion, nonlinear
coe cient, span loss, gain pro le of the ampli ers, channel spacing, and launched
optical power.

Based on the GN model [14], the GSNR of a channel in an OMS is [53]:

I:)ch I:)ch

GSNR = =
oMS Pase + Pni Pase + Pfh

(3.11)

where P, is the channel power, Pase is the ASE noise power, Py is the NL noise
power, which is proportional to P3, with a ratio

Once the OMS-level impairments are computed, QoT estimation progresses to
the OCh level by aggregating impairments along the entire route of the optical
channel. Under the incoherent accumulation assumption of the GN model, the end-
to-end NL power for channel is obtained by summing the NL contributions from
all OMS sections along its light path (LP). A typical OCh may traverse multiple
OMS segments between the transmitter and receiver. For a service s carried by

wavelength  through LP OMS; OMS, ::: OMSy, the end-to-end (e2e) GSNR
is [15]:
» '
GSNRe2(s) = GNSR,(S) = GNSRowms,  ; (3.12)
n=1

where GNSR is the generalized noise-to-signal ratio, that is the inverse of GSNR.
Adding WSS distortion and transponder noises [9, 54], the e2e SNR can be
written as:

SNR = NSR 1= (fWSS,TRX(GNSR) + NSRTR)() l; (313)
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where fyssTrx represents the Itering penalty from WSSs and noise scaling in
TRX, NSRtrx represents the noise introduced by TRX, which can be calibrated
in back-to-back (B2B) performance measurements.

SNRs estimated or measured throughout this paper are inherently end-to-end,
capturing the cumulative impact of all the optical network elements on signal qual-
ity.

This hierarchical impairment estimation, starting from the physical characteri-
zation of each OMS and culminating in the end-to-end OCh-level QoT, forms the
foundation of physical-layer-aware routing, wavelength assignment, and network
optimization in modern coherent ROADM networks. The GN model o ers the com-
putational e ciency necessary for large-scale network evaluation, while the EGN
model provides enhanced accuracy in scenarios where modulation-format depen-
dence or partial coherence e ects become signi cant. SSFM simulations continue
to serve as the reference for validating analytical models but remain impractical for
real-time network planning due to their high computational complexity.

3.4 Launch Power Optimization

Optimizing the optical launch power is a fundamental step in the design and opera-
tion of coherent optical transmission systems, as it directly determines the balance
between linear noise accumulation and nonlinear distortion. At low launch pow-
ers, the signal is dominated by ampli er noise primarily ASE resulting in a poor
OSNR. As the launch power increases, the OSNR initially improves; however, once
the bre’s nonlinear regime is approached, Kerr-induced impairments such as SPM,
XPM, and FWM begin to dominate, causing NLI that degrades system perfor-
mance. The combined e ect leads to a characteristic nonlinear Shannon limit

where the achievable information rate peaks at an optimal input power.

Several methods have been developed to determine or approximate this optimal
launch power. The most classical approach relies on the GN model or its enhanced
versions (EGN), where nonlinear interference is treated as an additive Gaussian
noise term. By analytically expressing NLI as a function of launch power, ber
dispersion, span length, and WDM con guration, the GN family of models enables
closed-form estimation of the optimal per-channel power that maximizes the GSNR
or the achievable information rate.

Based on Eqg. (3.11), GSNR varies with channel power, as shown in Fig. 3.3.
By calculating the derivative of Eq. (3.11), GSNR maximization is achieved by
balancing the ASE-to-NL noise ratio to 3dB [14], therefore, the optimal launch
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Figure 3.3: GSNR vs. launch power in an OMS.

power of the channel in this OMS is:

S

I:)ASE
Pavoms = * 5 (3.14)

These models are widely used for o ine network design, link engineering, and
rapid QoT estimation due to their low computational complexity.

More accurate but computationally heavier approaches depend on numerical
simulations, such as the SSFM. SSFM directly integrates the nonlinear Schr dinger
equation and thus accounts for e ects not captured by analytical models, includ-
ing modulation-format dependence, signal statistics, and complex spectral shaping.
Launch-power optimization using SSFM is typically applied in system research or
validation studies where highest accuracy is needed. Machine-learning-based opti-
mization has also emerged, where neural-network regressors or Bayesian optimizers
learn the complex mapping between launch power and QoT metrics from training
data, enabling adaptive optimization in dynamically changing networks.

In practical network operation, launch-power optimization can also be performed
in real time. Modern coherent transceivers estimate metrics such as GSNR, nonlin-
ear penalties, and equalizer error, which can serve as feedback for adaptive power
control. Network-wide control planes may adjust power jointly with gain settings
of EDFAs and Raman pumps to meet end-to-end QoT thresholds while reducing
nonlinear penalties. In elastic and multi-band systems, optimization may be fur-
ther combined with bandwidth allocation, modulation-format selection, and power
pre-emphasis to mitigate inter-channel nonlinearities and Iter-shaping penalties.

Overall, launch-power optimization methods form a spectrum ranging from ana-
Iytical GN-based calculations to high- delity simulations and data-driven or closed-
loop adaptive control. These approaches aim to operate each channel near its non-
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linear optimum across all network conditions, ensuring maximized reach, spectral
e ciency, and energy e ciency in modern coherent optical communication systems.

3.5 Power Control of Optical Networks

Power control in WDM optical networks is fundamentally driven by the interaction
between ampli er physics, transmission impairments, and network dynamics. In
ROADM-based optical networks, dynamic operations such as channel add/drop
and rerouting introduce signi cant power uctuations, as shown in Fig. 3.4, making
power control a complex network-wide challenge.

3.5.1 Spectral Power Fluctuations in WDM Networks

Spectral power uctuations in WDM systems arise from wavelength-dependent gain
and nonlinear interactions among channels. Two dominant physical mechanisms
contributing to these uctuations are gain spectral hole burning (SHB) in optical
ampli ers and stimulated Raman scattering (SRS) in optical bers [21].

SHB occurs due to inhomogeneous saturation of the EDFA gain medium. As
channels at speci ¢ wavelengths deplete the local population inversion, the gain
spectrum becomes dependent on the instantaneous wavelength con guration. This
results in wavelength-dependent gain o sets when channels are added or removed,
even when the ampli er maintains a constant average gain. Experimental studies
have shown that such gain o sets can reach several tenths of a dB and accumulate
over multiple cascaded ampli ers [55].

In addition to SHB, SRS induces power transfer from shorter wavelengths to

Figure 3.4: Power uctuations due to channel add/drop and rerouting.
SHB: spectral hole burning; SRS: stimulated Raman scattering; WDL.:
wavelength-dependent loss.
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longer wavelengths during propagation in optical bers. This e ect creates a spec-
tral tilt, which depends on the channel loading and transmission distance. As
discussed in [23], the interplay between ampli er gain ripple and SRS-induced tilt
leads to non-uniform power evolution across channels, further exacerbating spectral
imbalances.

These e ects collectively introduce a strong dependence of channel power on
the global spectral con guration, making power control inherently a coupled and
network-wide problem rather than an independent per-channel adjustment.

3.5.2 Short-term and Long-term Dynamics

The dynamics of power uctuations in optical networks can be broadly categorized
into short-term and long-term e ects, depending on the time scale of the underlying
physical processes and control mechanisms.

Short-term dynamics are primarily governed by the transient response of opti-
cal ampli ers. When channels are added or dropped, EDFAs experience rapid gain
changes due to variations in total input power and population inversion. These tran-
sients typically occur on microsecond to millisecond time scales and can manifest
as overshoots or undershoots in channel power. Various control techniques, such as
automatic gain control (AGC) and feedforward mechanisms, have been developed
to suppress these fast transients. For example, fast electrical feedforward control
combined with variable optical attenuators (VOAS) can e ectively reduce transient
excursions without inducing oscillatory responses in cascaded ampli er chains [55].

In contrast, long-term dynamics correspond to steady-state power deviations
arise from wavelength-dependent gain characteristics and channel power coupling
e ects. As shown in [23], the steady-state power of a channel depends on the spec-
tral distribution of all other channels due to the total power control mechanism
of EDFAs. Channel addition or removal events can therefore induce power excur-
sions of several dB, which propagate across multiple spans and accumulate along
the transmission path. Importantly, these long-term dynamics are not solely deter-
mined by the number of channels but also by their spectral positions and relative
gain di erences. This highlights the necessity of considering spectral con guration
in both system design and real-time control.

3.5.3 Power Control Strategies

To mitigate spectral power uctuations and ensure stable operation, various power
control strategies have been proposed at both the device and network levels.
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At the device level, EDFAs employ control schemes such as constant gain control
or constant output power control. While these approaches stabilize the total power,
they inherently introduce coupling among channels, as the control loop operates on
aggregate power measurements rather than individual wavelengths [22]. GFFs are
also used to reduce wavelength-dependent gain variations. However, residual gain
ripple remains and can vary with operating conditions, limiting the e ectiveness of
purely static compensation techniques.

Given the limitations of local control, network-aware approaches have been pro-
posed to coordinate power control across multiple nodes. These methods consider
RWA, and power control jointly to minimize power uctuations. For instance,
gain-aware wavelength assignment strategies can reduce the impact of gain o sets
by selecting channel con gurations that minimize gain discrepancies [55]. Simi-
larly, earlier works [56, 57] have demonstrated that incorporating physical-layer
constraints into network control algorithms signi cantly improves system stability.

Recent research has also focused on the stability of distributed power control sys-
tems. Using control-theoretic and game-theoretic formulations, it has been shown
that improper coordination among control loops can lead to oscillations or insta-
bility in mesh networks. The work in [58] highlights the importance of convergence
properties and equilibrium analysis in distributed optical power control. These ap-
proaches provide a theoretical foundation for designing stable and scalable control
mechanisms in future dynamic optical networks.
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Chapter 4

Digital Twins of Optical Networks and
Experimental Demonstrations

This chapter is based on the publications during the PhD [24, 26 28], Section 4.1
introduces the digital twins, Section 4.3 presents the power equalization problem in
optical networks and Section 4.4 gives the proposed solutions based on our DT. The
experimental setups used in this work are presented in Section 4.6 and the results
shown in Section 4.7.

4.1 Digital Twins and Closed-loop Control

Digital twins (DTs), which are software replica of real physical systems, which can
directly interact with the underlying physical system, have been proposed and used
in optical networks for automation and management [59 62]. By monitoring its
twin physical system, a DT can analyze the behavior of the underlying physical
system using physical or machine learning models (or a combination of the two
[8]). Then, the DT can be used as a sandbox to predict the impact of changes to
the system through emulation within the DT, thereby improving decisions before
implementing any operation in the physical world. A typical work ow using a DT
is shown in Fig. 4.1.

4.2 Al-Light: a Platform for Optical Networks Au-
tomation

Software-de ned networking (SDN) [63, 64] enables a global network view for mon-
itoring and actuation allowing the use of autonomous applications that enhance
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Figure 4.1: DT-enabled closed-loop control.

Al-Light

Digital Twin

Figure 4.2: Al-Light architecture.

network performance in terms of capacity and quality.

Network intelligence is logically centralized in software-based SDN controllers
that maintain a global view of the network, which appears to applications and
policy engines as a single, logical switch. Network control is directly programmable
in SDN since it is decoupled from forwarding functions. SDN lets network managers
con gure, manage, secure, and optimize network resources very quickly via dynamic,
automated SDN programs.

Al-Light is a proprietary Python-based SDN framework developed in our lab. It
demonstrates a complete automation cycle as shown in the Fig. 4.2: the telemetry
is leveraged to probe the current state of the network and the retrieved information
is combined with the static information stored in a database to create a reliable DT
(a network state example is presented in the appendix A); an SNR-based optimiza-
tion algorithm computes the optimum con guration over the DT by leveraging a
quality-of-transmission estimator (QoT-E); the con guration of the WSSs is used to
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achieve the optimum power per channel and the ampli ers are con gured in gain-
lock mode to simplify the management of ber cuts and the deployment of new
services. Finally, the optimized con guration is pushed to the physical network
equipment.

The physical layer (or infrastructure layer) connects the network elements (NEs)
in the lab so that we can perform the measurements, the monitoring, the con gu-
rations from top to the bottom.

The control layer provides classes (Network, OMS, ROADM, etc.) that can be
used to create the required objects as interfaces to control the actual network and
carry out di erent tasks.

The application layer of Al-Light allows network con guration, OMS con g-
uration, ROADM con guration, automatic power con guration, DTs generation,
lightpath establishment, power optimization, etc. by the end-user or operator.

Last but not least, the Al-Agent layer leverages the LLMs will be introduced in
Chapter 5.

4.3 Problem of Power Equalization in Optical Net-
works

Methods to optimize optical networks through per-channel launch power setting
(also known as power equalization) based on physical models [14 18] or machine
learning models [19, 20] have been proposed and widely applied. SNR, as a sig-
ni cant criterion to assess the QoT of a communication system, can be improved
thanks to power equalization. However, when networks are operating for a long
time, e.g., in set and forget mode or after unforeseen events that change the un-
derlying physical layer (e.g., span loss increase after repairing a ber cut), power
settings hence SNR may become suboptimal [13]. For this reason, it is important
to periodically re-optimize the network.

Power equalization practically consists of adjusting the power of one or sev-
eral channels of one or more OMSs through WSS per-channel attenuation change.
Changing several channels’ power on a single WSS is possible; however, simultane-
ously changing the settings of WSS on several OMSs, or even on the same OMS, is
virtually impossible, such that WSS attenuation pro le change can only be consid-
ered as sequential rather than parallel operations, and the impact of the change of
one WSS attenuation pro le, on OMSs downstream of said WSS, always needs to
be considered when equalizing powers.
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The spectral power uctuation due to di erent e ects has been discussed in
Section 3.5.1.

Speci cally, when equalizing the power of a multi-OMS service, it is possible that
the SNR of this service actually decreases during the equalization process, before
increasing again and reaching the desired value. This may be caused by nonlinear
inter-channel noise or power transfers phenomena across the channels when power
changes on one OMS propagates to downstream OMSs [21, 27, 28].

Commercial optical ampli ers can be set in either gain-lock or power-lock mode.
While the power-lock could prevent undesired power propagation on downstream
links, it also hinders fast rerouting after a failure; indeed, if services are rerouted
on an OMS set to power-lock mode, the total OMS launch power will increase
leading to a per-service power decrease (after the booster of the OMS) and hence
to suboptimal power allocation not only for the rerouted services, but also for the
existing services. Operating ampli ers in gain-lock mode avoids this problem.

Hence, network-wide re-optimization and autonomous optical networking re-
quire the ability to search for a sequence of power adjustments whereby existing
channels’ SNRs do not degrade [65 67]. We propose to use an optical network DT
as a sandbox to search for such a safe and fast sequence of operations. The DT
implements real-time performance monitoring and SNR estimation/prediction. An
accurate SNR estimator requires accurate knowledge of the physical parameters. In
real networks, the values of those parameters may be unknown, incorrect, or out-
dated, for instance when powers are changed during the re-optimization process.
Online monitoring and updating of the physical parameters to close the monitor-
ing decide act control loop is needed for accurate SNR prediction [65, 66].

4.4 Methodology: DT-enabled Autonomous Power
Equalization

The methodology we propose here is generic and independent of the speci ¢ power
equalization strategy used in the network, see Fig. 4.3: We build the DT and
periodically update it based on physical parameters monitored in the network.

f():Net ¥ Mt (4.1)

where  represents the physical parameters from the real world, including power
spectra, gain/tilt of OAs, ber parameters in the OMSs, topology and services
information of network, etc. Later, we use hat to represent the processes in the
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Figure 4.3: DT enabled power equalization.

digital world.

Then, we nd the order of the operations along with the power variation step-
size, and assess the impact of those changes on the QoT of all services using a QoT
estimator, before implementing the operations in the network to prevent potential
QoT degradations.

4.4.1 Power Propagation in a Mesh Network Digital Twin

The spectral power uctuation due to di erent e ects is discussed in Section 3.5.1
and it is necessary to simulate the power propagation before operating on the real
network, whenever we want to adjust some power settings. To e ciently emulate
power propagation in a mesh optical network, we propose a heuristic approach
that decomposes the network topology into a set of ordered propagation chains
(Algorithm 1). This method enables sequential and localized power updates (Algo-
rithm 2) while ensuring that the impact of a power variation at a source OMS is
propagated throughout the entire network (Algorithm 3).

Chain-Based Network Decomposition

The optical network is modeled as a graph G = (V; E), where each node represents
an OMS, and each edge represents the connection between two OMSs.

Starting from a source OMS src, a depth- rst search (DFS) is used to enumerate
all non-cyclic propagation chains, see Algorithm 1:

Ck = (Src;Vva; Vo; :::;Vn) (4.2)
such that no edge is revisited during traversal. The resulting set of chains fCyg

de nes all possible propagation paths originating from the source.
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Algorithm 1: DFS-based chain search from source OMS
Input: Network graph G = (V; E); source OMS src.
Output: Set of propagation chains P.

1 Initialize stack with (None;src;[])

2 Initialize visited edge set S ;

3 Initialize chain set P ;

4 while stack not empty do

5 Pop (u;v; path) from stack

Append v to path

Mark edge (u;v) as visited in S

Find neighbors w 2 N (v) such that (v;w) 2 S and w & src

if no such neighbor exists then

10 | Append path to P

11 else
12 for each valid neighbor w do
13 | Push (v;w; path) to stack

© 0 N O

14 return P

Algorithm 2: Power propagation along a chain
Input: DT physical model M; chain Cy.
1 for each OMS i 2 C, do
2 Retrieve initial per-channel output power Pi(;o) at pre-ampli er;
3 if 1 & src then
4 Update transmitted channels at booster:

Compute updated output power at pre-ampli er Pi(;l) in the M,
iIf next OMS j exists for channel then

Identify transmitted channel set

Compute output power variation at pre-ampli er:

0 N o O

P :Pi(;l) Pi(;o); 8 2 ivj

Sequential Power Propagation Along a Chain

For each chain Cy, power is propagated sequentially from upstream to downstream
OMSs. At each OMS, the DT physical model is updated and the variation of per-
channel power is computed and forwarded to the next OMS along the chain, as
shown in Algorithm 2.
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Algorithm 3: Global chain-based power propagation
Input: DT with network graph G and physical model M; power
perturbation source OMS src.
Power adjustment at src;
Search all propagation chains P SearchChains(G; src)
for each chain Cx, 2 P do
Convert chain representation (e.g., OMS labels to indices)
L Apply power propagation: Propagate(M; Cy)

return Updated DT.

a » W N P

[}

Global Power Propagation from Source OMS

To emulate the e ect of a power adjustment at the source OMS src, the propaga-
tion procedure is applied to all chains originating from src. This corresponds to
exhaustively traversing all propagation light paths and executing the propagation
function along each of them, as shown in Algorithm 3.

This exhaustive traversal ensures that all OMSs reachable from the source are
updated, allowing the DT to emulate the network-wide impact of a local power
variation. Since multiple chains may share common OMS segments, certain OMSs
can be updated multiple times within a single propagation cycle, re ecting the
multi-path nature of power interactions in mesh optical networks.

Overall, this method can be interpreted as a single-pass approximation of a dis-
tributed xed-point iteration, providing a practical trade-o between computational
e ciency and physical accuracy for real-time DT applications.

4.4.2 Multi-Step Lookahead Prediction with Fixed Step-Size

Multi-step lookahead in chess is the ability to anticipate and evaluate potential move
sequences several turns ahead, considering both the player’s and the opponent’s
responses. This strategic foresight enables players to plan, exploit opportunities,
and avoid risks e ectively.

In the power equalization problem, the multi-step lookahead method can avoid
local optimum step-searching thereby reducing the total time consumption.

Algorithm 4 presents the work ow of multi-step lookahead prediction and con-

guration of an optical network with xed step-size.

First, data collection is needed for building/updating DT (line 2). However, it
is not necessary to update the DT after each step. Instead, we update our DT every
Kupdate-steps (line 4).

Second, assuming there are Nowms non-optimized OMS, the optimal launch
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Algorithm 4: Multi-step lookahead prediction for power equalization with
a Xxed step-size
Input: Initial DT model; optimization conditions (Condition-1/2/3);
parameters Kypdate, Km, Noms, and Ncpen).

1 while NOT optimized for all O™ (Condition-1/2/3) do

2 Update DT.

3 Find the optimal launch power per O™S by Eq. (3.14).
4 for k =1 to Kpgate dO

5 form=1to K, do

6 for n =1 to Nous do

7 for =1to NCH(n) do

8 | Adjust booster I ( ) by Eq. (4.3).

9 Power propagation (Alg. 3) in DT.

10 SHR prediction in DT.

11 Find the K,-step order of operations which yields the highest

. SERmargin by Eq. (4.6).

12 | Con gure the WSS.

13 return Optimized con guration of OMS, I%( ), and SR argin.

power pro les of these O™Ss are found by DT based on Eq. (3.14) Fﬁ‘;( ) (line 3)

Third, for K,,-step lookahead (lines 5-11), the DT emulates the power adjust-
ment impact on di erent OMSs (line 6). The xed step adjustment (line 8) of
launch power P, ( ) of each channel of nt" O™S given by:

8
<Py pA() IFIEMPR( i< ;

() = sign(Err(%ﬂn( ))) otherwise:

(4.3)

where isa xed, prede ned power adjustment step-size, Err(P,( )) is the power
error.

We de ned the power error between the current channel power P, n( ) and the
target optimized power PgPr( ) of the nt" OMS:

Erf(Penn( )) =Parn( ) Penn( ): (4.9)

The average absolute power error Avg(JErr(Pch,n)j) shows how far the current
state is from the optimized (target) state.
Then, the DT predicts the SR (line 10) after the power propagation (line 9)
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based on Alg. 3.

For Kn,-step lookahead within a Nows-OMS network, there are up to Ng,\ws
possible sequences (this is an upper bound because if an operations decrease the
margin at some step, then the algorithm will not pursue the branch):

seqfkig = (OMMS,;:::; O™, 11, OMMS,, ); (4.5)

where i 2 T1;2;::;; Kng, and ki 2 f1; 2; :::; Nomsg.

For each sequence, line 10 yields Slﬁseqfkig after power propagation. There-
fore, the DT picks up the order of operations (on which OWS) yields the highest
SHR argin (line 11):

8
2 max SER..urcq
seqfkig seafkig (4_6)
=
- Sﬁki = SNR;

where gnr is the tolerance of SIEER drop during the multi-step operations. To
avoid oscillations/local optima, the multi-step lookahead algorithm allows small
SHR drops at intermediate steps k; in case this yields a higher SHR after all K,
steps.

We use the power error metric as the most important convergence criterion for
the optimization algorithm. The SNR margin quanti es the performance of the
worst service in the network, and should remain (as much) positive (as possible).
The capacity C quanti es the global performance of all services in the network.

Then, the DT will con gure the WSS (line 12) following the order from line 11,
until all OMSs are optimized (line 1).

Convergence

The convergence of the algorithm, or the stop-while condition, could be de ned by
using the metrics in Eq. (4.4-3.9):
Condition-1: average power error tolerance "perr.

AVGGErT(PF))  “perr (4.7)
Condition-2: max SNR margin error from ideal value " margin.

jSﬁmargin I’qﬁx(sﬁmargin)j I'margin; (4-8)
where maxth(SlEmargin) is the max theoretical SNR margin achievable in DT.
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Algorithm 5: Multi-step lookahead prediction for power equalization with
dynamic step-size
Input: Initial DT model; optimization conditions (Condition-1/2/3);
parameters Kypdate, Km, Noms, Nchny, and step-size range

max | min-

1 while NOT optimized for all O™ (Condition-1/2/3) do

2 Update DT.
3 Find the optimal launch power per O by Eq. (3.14).
4 for k =1 to Kpgate dO
5 form=1to K, do
6 for n =1 to Noums do
7 for = ax down to min do
8 for =1 to Ncneny do
9 | Adjust booster I ( ) by Eq. (4.3) and Eq. (4.10).
10 Power propagation (Alg. 3) in DT.
11 SHR prediction in DT.
12 FTnd the K,-step order of operations which yields the highest
 SERmargin Or maximizes power error reduction Eq. (4.11).
13 | Con gure the WSS.

14 return Optimized con guration of O™, (), , and SERmarin.

Condition-3: capacity (overall SNR) error from ideal value "c.
& max(@)j " (4.9)

where max(®) is the max theoretical capacity achievable in DT.
These conditions can be used alone or in combination.

4.4.3 Dynamic Step-Size for Power Adjustment

As we presented in [26], when the optical network was close to the optimized state,
the measured SN Rpargin Was higher and increased slowly or even oscillated. To
speed up convergence, a larger step-size could be considered and SN Rpyargin Might
no longer be the best metric when operations are selected in the DT. Then, we
propose Algorithm 5.

There are two di erences compared with Alg. 4.

1) Given a max step-size max, @ Min step-size ,in and interval , the step-size
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is dynamically adjusted (line 7 in Algorithm 5) within the range:

= miny min* 75 max ; max: (4.10)

The loop starting line 7 predicts the SR after changing the launch power by
a step-size in the above range. A larger step-size yields more power uctuation and
has higher probability to decrease the Sﬁmargin. Hence, the algorithm dynamically
adjusts the step-size, starting from a large value, to nd the max step-size ensuring
safety yet minimizing the number of operations. For each step in line 9, we apply
the above into Eq. (4.3).

2) The di erence between line 11 in Alg. 4 and line 12 in Alg. 5 lies in the action
search order; once the Slﬁmargin is higher enough, DT will try to search the step or-
ders which improves the Sﬁmargin and reduces more power error Avgj(jErr(F"Cﬁ',n)j)seqfkig
between current state pro le and target state, instead of focusing on Slﬁmargin only.

8
< SEzseqfkig = 0;

= max  AVgGErr(PHn)i)segtuio’
seqfkig

(4.11)

4.4.4 Parallel Con guration

Without prediction of SER, the parallel con guration is risky for the optical net-
work since the commands cannot be guaranteed to arrive at all network elements
synchronously; intermediate states may interrupt services.

Instead, based on the multi-step lookahead, we can send the commands for
K operations at the same time even if the WSS adjustments will not be strictly
simultaneous, since prior emulation within the DT ensures no SR degradation
for any service, whatever the order in which the commands are actually received by
the physical layer from the DT, and executed within the physical layer.

4.5 Time Consumption of DT Closed-loop Control

In the control loop shown in Fig. 4.1, we can write the total commissioning time
Ttot = Tupdate + Tsim + Top; (4-12)

where Typdate IS the total time consumption for updating the DT, Ty, is the total
simulation time in the QoT tool including optimization and SR prediction, Top
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is total operation time for WSS setting. Speci cally:

Tupdate = (dNop:Kupdatee +1) tupdate; (4.13)

where N, is the total number of power adjustment steps, d e is the ceiling function,
and the DT is updated (through monitoring) every Kpqate pOWer adjustment steps.

Including the initialization, there are dNgp=Kypdate€ + 1 updates. typgate is the
time to collect data from the physical layer to update the entire DT. Then,

where tgm is the time to run the SR prediction tool and run the proposed algo-
rithm in the DT; there are N, + 1 simulations needed for each operation and the
initialization, and:

Top = Nop  twss; (4.15)

where tyss is the time needed to con gure the attenuation pro le of WSS, thereby
adjusting the launch power.

The time complexity of Alg. 4 to generate the next step is O(K—lm N&ims). Hence,
the trade-o between K, and computation power also needs to be considered during
commissioning. For a network with Noms where OMS,, has Ngpann) Spans, the
upper bound for simulation time tg, in Eq. (4.14) is:

1 Nogs K
tsim Ki( Nspan(n)) m tsim,span; (4-16)
m n

where tsimspan IS average simulation time per span. If any of the K, steps results
in a signi cant degradation of the SER, no further simulation of this step will be
performed, hence Eq. (4.16) is indeed an upper bound.

Without considering any parallel data collection for updating the DT, the update
time typgate in EQ. (4.13) can be written as:

s Nsegis

tupdate = tupdate(n) = 2tmon + (Nspan(n) + 1)tOA; (4-17)
n n
where tmon IS the time to get a power pro le by the monitor, and toa is the time to
collect data (gain, total in/output power) from an OA. The parameters re nement
technique from [7] can be used to estimate the OA gain pro le and lumped losses
so that power monitoring is only needed for the rst and last optical ampli ers of
each OMS.

57



CHAPTER 4. DIGITAL TWINS OF OPTICAL NETWORKS AND EXPERIMENTAL DEMONSTRATIONS

If monitoring data for all OMSs is collected in parallel, Eq. (4.17) becomes:

1:update = mnax(tupdate(n) + tdelay(n)); (4-18)

where tgelay Is the communication time between the controller and NE on OMS,,.
Normally, typdate(n) is in the order of seconds while tsim span IS in the order of
ms, then typgate  tsim for Ky, =1 and any Nowms. However, it may not be true in
some scenarios if K, 2 with a large Nowms.
For instance, consider a homogeneous network in which each OMS has the same
number of spans Ngpan. Then, for an upper bound on tgjm:

tsim = NoK|\r}|15 le‘;amn tsim,span; (4-19)
Tupdate = Nowms(2tmon + (Nspan + D)toa); (4.20)

The ratio tsm=typdate 1S then:

Lsim 1 Km 1pn K
= —Nows "Neo,  I; 4.21
tupdate Ko OoMS span 't ( )
where r¢ = fsim.span . Depending on the data collection time and computing

2tmon+(Nspan+1)toa
resource for the DT, ratio ry is typically smaller than 1=100. The time consumption
could be very large when the network scales or we look a larger K, ahead. When
Km = 2, the factor 2-Ngiis "Nesa = $NomsNZ, is still linear with Nows. How-
ever, if K, > 2, then the factor K—lmNOK,{};S 'NKm ‘js no longer linear (quadratic, ...)

span
with Nowms.

4.6 Experimental Setups

4.6.1 Network Elements

The testbed based on commercial products has 5 OMSs as shown in Fig. 4.4. The
OMSs are heterogeneous, containing heterogeneous ber spans and di erent types
of ampli ers. The ber types include G.652.D standard single model ber (SSMF),
G.654.E pure-silica-core ber (PSCF), G.655 large e ective area ber (LEAF) and
G.655 true-wave-RS ber (TW-RS).

The system operates in the C-band, and EDFA is the only type of optical am-
pli er used in the network, the gain and tilt of EDFAs were pre-con gured and
not adjusted during the experiments. The EDFAs shown in Fig. 4.4 have various
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Figure 4.4: 8 OMSs in our lab. The commercial WSSs used in the
testbed have 20 add/drop ports. All OMSs are fully connected and can
be con gured to any required topology through SDN controller.

tunable gain range in gain-lock mode, EDFA21 has a range of 16-21dB, EDFA25
has a range of 19-25dB, EDFA32 has a range of 23-32dB.

The WSS has ex grid which can set to 50/75/100/150 GHz channel spacing
within the 6 THz C-band. The C-band wavelength grid of the commercial WSS is
shown in the appendix B.1.

Channel loading is emulated with an ASE source or dummy light [68, 69].
Real-time commercial transponders (200 Gb/s PDM-QPSK, 400 Gb/s PDM-PCS-
16QAM) are used to measure the BER, thereby calculating the SNR.

4.6.2 Network Controller and Data Collection

The testbed is controlled by an SDN controller in Al-Light presented in Section 4.2.
The SDN controller collects the data from the physical layer and implements the DT
to perform various optimization algorithms (routing, spectrum allocation, power op-
timization, ...). The power spectra can be monitored by either an optical spectrum
analyzer (OSA) or a commercial optical performance monitor (OPM). Besides, we
can also emulate link failures by plugging out the bers or disabling the optical
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Figure 4.5: Network topologies.

ampli ers in the testbed, and collect the alarm logs from network elements.

4.6.3 Topologies

There are 3 topologies (Fig. 4.5) used in the experiments:

Topology 1: Point-to-Point [ACP2023]

A point-to-point (p2p) topology is shown in Fig. 4.5(a). We emulated 114 services
(51.25% average spectrum usage) using ASE loading with 75 GHz channel spacing
and a real-time 200 Gb/s PDM-QPSK transponder is used to replace the ASE load-
ing during the SNR measurements. The services were randomly loaded according
to the demand table:

Table 4.1: Service table for P2P.

Source/Destination Light Path Length [km]  Ngvc
A/B OMS 5 120 6
A/C OMS 5 8 220 6
A/D OMS5 81 620 6
A/F OMS58146 800 16
B/C OMS 8 100 14
C/D OMS 1 400 43
D/E OMS 4 160 7
D/F OMS 4 6 180 9
E/F OMS 6 20 7
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Table 4.2: Service table for ring

Source/Destination Light Path Length [km]  Ngyc

C/B OMS1465 700 5
B/A OMS8 146 680 5
A/E OMS5814 780 )
D/C OMS 4658 400 )
C/A OMS1 46 580 )
C/E OMS1 4 560 5
B/E OMS8 1 4 660 5
D/B OMS 4 6 5 300 5
A/D OMS5 81 620 5
B/D OMS 8 1 500 )
E/C OMS 6 5 8 240 )
C/D OMS 1 400 5

Topology 2: Ring [OFC2024]

A ring topology is shown in Fig. 4.5(b). We load 60 services (60% average spectrum
usage) based on Tab. 4.2 by ASE source with 100 GHz channel spacing and loaded
based on rst- t allocation (in wavelength) with the set and forget strategy
(each service is loaded with a target power, without re-adjusting the powers of the
previous services) [13].

The span lumped losses uncertainty is assumed to be known (there are emulated
with variable optical attenuator (VOA) with known values in our testbed). An opti-
cal channel monitor (OCM) is deployed at each optical ampli er (OA) for reference.
To mimic realistic networks, the DT may use spectra at ampli ers co-located with
WSS only; in this case, we use our parameters re nement technique to improve the
accuracy of the DT.

Topology 3: Mesh Network [ECOC2024, JOCN2025-1]

A mesh network topology is shown in Fig. 4.5(c). We emulated 95 services based on
demand Tab. 4.3 using ASE loading with 100 GHz channel spacing in the network
and emulated set-and-forget loading (i.e., the power of a service may drift as further
services are established,) such that channels are not well equalized.

We emulated launch power in this experiment following [13] as a Gaussian distri-
bution with 0dB mean and 1dB standard deviation. A real-time 400 Gb/s (PDM-
PCS16QAM) transponder is used to replace the ASE loading during the SNR mea-
surements. For experimental assessment of the SNR margin of the network, we use
this transponder to measure the pre-FEC BER of the 5 worst services as reported
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Table 4.3: Service table for mesh network

Source/Destination Light Path  Length [km] Nsyc

C/B OMS5 3 2 960 15
D/C OMS3 2 4 1100 15
D/B OMS 3 2 940 5
A/D OMS 2 1 900 10
B/A OMS 1 3 840 10
A/C OMS 2 4 660 5
C/A OMS 5 3 560 5
B/D OMS 1 400 10
C/D OMS 5 120 10
B/C OMS 4 160 10

by the DT and convert into SNR. All services have the same FEC limit SN Rggc,
therefore, the network-wide SNR margin simpli es to ming SNR(S) SNRggc (from
Eqg. (3.10)).

The DT needs periodic updates due to the OA gain pro le variation caused by
the launch power pro le variation. We do not collect the gain pro les directly since
most operators deploy per-channel power monitoring only at the output of booster
and pre-ampli er. We apply the parameters re nement technique to re ne the OA
gain pro le (as well as connector losses, which also cannot be directly measured) as
in [7].

During each update cycle, the DT collects real-time data from the physical
network, including power spectra at the output of boosters and pre-ampli ers, total
input/output power of all OAs, as well as the con gured values for gain and tilt of
all OAs. The power spectra is monitored by an optical spectrum analyzer in the
testbed.

4.7 Experimental Results

4.7.1 SNR Degradation without DTs

We demonstrate that open-loop and sequential setting with one-shot could signif-
icantly degrade some services’ SNR in point-to-point [28], ring [27] networks and
we also observe such a SNR degradation in the mesh network [26] due to the power
propagation.

For a 5-OMS network, there are 5! = 120 possible one-shot OMS adjustment
sequences. From the simulation results shown in Fig. 4.6(top), we observe that
regardless of the adjustment sequence, the SNR deteriorates compared to the initial
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Figure 4.6: SNR degradation with open-loop. Top: Simulation results
of SNR degradation value with 120 di erent orders. Bottom: SNR
margin variation with di erent operation orders.

value during the process. Fig. 4.6(bottom) illustrates two of these cases. In addition
to the SNR degradation, it is noteworthy that nearly 10 one-shot adjustments are
required to achieve the target, optimized state in the 5-OMS network. This is
primarily due to power propagation: although the power of one OMS is equalized
in a single step, adjustments to the power of other OMSs cause power propagation,
leading to deviations from the optimized state in previously equalized OMSs, which
then need to be re-equalized.

4.7.2 Open-loop vs. Closed-loop in the Ring

In this section, we will demonstrate the experimental results based on the ring
topology and show the performance of DT with di erent scenarios. Fig. 4.7 shows
the network-wide margin for the di erent scenarios.

We rst use the ground truth, which collects all available power spectra (per
span) to assess the validity of our method. Fig. 4.7(a) shows that with the baseline
method, SNR rst decreases during re-optimization: the margin drops by 0.7dB to
0.3dB, which is very close to the FEC limit.

Fig. 4.7(b) shows that the DT-enabled algorithm addresses the issue: the SNR

63



CHAPTER 4. DIGITAL TWINS OF OPTICAL NETWORKS AND EXPERIMENTAL DEMONSTRATIONS

Figure 4.7: Experimental results in a ring topology network.

margin never drops below the initial value during re-optimization. Note that, as
the optimization is performed network-wide, re-optimization improves not only the
network SNR margin (SNR of the worst channel network-wide), but also other
channels’ SNR.

The gain pro le of each OA is varying during the power re-con guration; this
e ect is not considered during optimization by the open-loop algorithm. Con-
sequently, SNR prediction becomes slightly inaccurate with time, as shown in
Fig. 4.7(c) where (sim.) denotes the DT prediction and (exp.) the monitored
(ground truth) value. This prediction inaccuracy causes the observed SNR drop
(Fig. 4.7(c), red circle) where the power of the service with worst SNR is di erent
from prediction, leading to a wrong optimization choice in the DT and the SNR
drop; Still, the SNR margin is much higher than the FEC limit.

By closing the loop, DT can update the input parameters in real-time to improve
SNR estimation accuracy, as shown in Fig. 4.7(d).
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Though both open and closed loop DT-enabled power re-optimization improve
the network SNR margin by 1.5dB without interrupting the other services, the ad-
ditional information gained through real-time monitoring stabilizes the SNR margin
(no oscillation), see Fig. 4.7(e).

Per-span power spectra are usually not available in commercial networks; we
now use only the monitored power spectra at rst and last ampli er of each OMS
and perform the parameters re nement technique described in [7] to estimate the
missing information. As shown in Fig. 4.7(f), we obtain the same results either with
realistic inputs supplemented with the re nement technique, or with full knowledge
of all physical layer information.

4.7.3 Multi-step Lookahead and Parallel in the Mesh Network

For mesh network cases, we use Condition 1 (Eq. (4.7)) with "perr = 0:5dB as
the convergence criterion. Fig. 4.8 shows the variation of average power error with
respect to the number of operational steps for the four cases de ned above.

In this work, we only consider the scenarios with K., 2, our proposed methods
focus on reducing the number of operations Nop, thereby decreasing the total time
consumption Tiog.

For Case-1, it is evident that local rather than global optimization is achieved:
OMS5 struggles to converge, resulting in a total of 31 steps. In Case-2, with
multi-step prediction, the process escapes the local optimization trap and satis-

es the convergence criterion for average power error in 18 steps. Compared to
Case-1, Case-3 employs dynamic step-size adjustment and dynamic metric selec-
tion, achieving power equalization in just 14 steps. Although Case-4 still uses a
small xed step-size adjustment, parallel adjustment allows for faster overall power
equalization, converging in only 13 steps.

From Fig. 4.8, we can summarize the distinctive characteristics of average power
error reduction across the four cases: Case-1 exhibits symptoms of local optimiza-
tion; Case-2 overcomes this limitation; Case-3 shows a signi cantly steeper error
reduction slope; and Case-4 motivates parallel equalization.

As shown in Fig. 4.9, SN Rmargin is improved by  1.5dB through power optimiza-
tion. The plots include DT-predicted values (using monitoring data from before an
operation; empty circle), the measured value after an operation (plain circle), and
also the DT-estimated value (using monitoring data from after operation; cross). It
shows good alignment between results from the DT (both a-priori prediction and
a-posteriori estimate) and measurements.

The SN Rmargin converges in only 10 steps for all strategies (Fig. 4.9), however,
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Figure 4.8: Average error of between current channel power and target
channel power with steps. Case-1: 1-step lookahead with 1dB step-size;
Case-2: 2-step lookahead with 1dB step-size; Case-3: 1-step lookahead
with dynamic step-size; Case-4: 2-step lookahead with 1dB step-size
and parallel setting.

66



CHAPTER 4. DIGITAL TWINS OF OPTICAL NETWORKS AND EXPERIMENTAL DEMONSTRATIONS

Figure 4.9: SNR margin with di erent scenarios. Case-1: 1-step looka-
head with 1dB step-size; Case-2: 2-step lookahead with 1dB step-size;
Case-3: 1-step lookahead with dynamic step-size; Case-4: 2-step looka-
head with 1dB step-size and parallel setting.
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Figure 4.10: System capacity, or overall SNR. Case-1: 1-step lookahead
with 1dB step-size; Case-2: 2-step lookahead with 1dB step-size; Case-
3. 1-step lookahead with dynamic step-size; Case-4:. 2-step lookahead
with 1dB step-size and parallel setting.

total capacity converges more slowly (Fig. 4.10), which consistent with the average
power error evolution (Fig. 4.8).

4.7.4 Time Consumption Analysis

Then, for the mesh network cases, we compute the total commissioning time by
applying Eq. (4.12)-(4.17). Data collection is not parallel in our testbed. The
results are shown in Fig. 4.11, normalized to Case-1 (as baseline) commissioning
time (set to 100 for convenience).

Compared with Case-1, the proposed algorithm can save 40% (Case-2) / 53%
(Case-3) / 53% (Case-4) of Tyr. The pie chart reveals that the major cost of Ty
is spent on updating the DT, indicating that increasing Kpqate to reduce update
times could further save time.

The quantitative comparison is shown in Tab. 4.4 and we summarize the ad-
vantages and disadvantages of di erent cases in Tab. 4.5. By integrating multi-step
lookahead prediction, dynamic step-size adjustments and parallel con gurations,
our proposed methodology ensures consistent improvements in SNR margins and
e cient convergence to optimal power states without service disruptions.
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Figure 4.11: Time consumption analysis. Case-1: 1-step lookahead
with 1dB step-size; Case-2: 2-step lookahead with 1dB step-size; Case-
3: 1-step lookahead with dynamic step-size; Case-4: 2-step lookahead
with 1dB step-size and parallel setting.

Table 4.4. Quantitative Metrics Comparison

Case 1 2 3 4
Km 1 2 1 2
Step-size [dB] 1 1 dynamic 1
Parallel No No No Yes
Number of steps to convergence 31 18 14 13
Total commissioning time [normalized] 100 60 47 47
Final SNR margin improvement [dB] 1.6 1.5 1.6 1.5
Final capacity improvement [%)] 5.2 4.9 5.1 4.9
Table 4.5: Qualitative Evaluation
Case Conclusion
1 Baseline
2 Avoids local optima and oscillations.
3 Faster (with larger steps) but more prone to temporarily low
SNR margin.

4 Even faster during operation (parallel operation) but need to
check all possible WSS change orderings in the DT.
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Chapter 5

Al for Optical Networks

The increasing complexity of optical networks, driven by heterogeneous equipment,
dynamic tra c¢, and stringent performance requirements, has made traditional
model-based and rule-based approaches di cult to scale. In this context, machine
learning (ML), a subset of Al, has emerged as a key enabler for data-driven network
operation and automation. This chapter builds upon publications produced during
the course of the PhD research project [29 31].

5.1 Machine Learning and Deep Learning

5.1.1 Traditional Machine Learning

ML is a subset of Al that focuses on building systems capable of learning from data
and making data-driven decisions. Unlike traditional programming, where explicit
rules are manually de ned, ML algorithms progressively improve their performance
on a speci ¢ task by learning patterns and relationships from data. This process
typically involves training a model on a dataset, during which the model adjusts its
parameters to minimize prediction errors and optimize performance. ML has been
widely applied in areas such as natural language processing, image recognition,
recommendation systems, and predictive analytics. The ability of ML models to
generalize from training data to previously unseen data makes them powerful tools
for solving complex problems across various domains.

5.1.2 Neural Networks and Deep Learning

Neural networks and deep learning [70] are advanced techniques within the eld of
ML. Neural networks are computational models inspired by the structure and func-
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tion of the human brain. They consist of layers of interconnected nodes, or neurons,
that process information and pass it through the network. Each neuron applies a
nonlinear transformation to its inputs and passes the result to the next layer. Deep
learning refers to neural networks with many layers, allowing them to learn and
represent complex patterns and hierarchies of features in data. This capability has
led to signi cant advancements in areas such as computer vision, speech recogni-
tion, and natural language processing. Deep learning models, such as convolutional
neural networks (CNNSs) [71], recurrent neural networks (RNNSs) [72], long short-
term memory networks (LSTMs) [73], generative adversarial networks (GANS) [74],
Transformers [75], autoencoders [76], variational autoencoders (VAES) [77], graph
neural netwokrs (GNNSs) [78], and multilayer perceptrons (MLPSs) [79] have achieved
state-of-the-art performance on many tasks, often surpassing human-level accuracy.
The success of deep learning is largely due to the availability of large datasets and
the computational power of modern hardware, such as GPUs.

5.1.3 Applications of ML in Optical Networks

Early works such as [80 82] highlight the large volumes of heterogeneous data gen-
erated in optical networks, including performance monitoring, telemetry, alarms,
and logs, which can be leveraged to improve network e ciency, reliability, and
adaptability. ML techniques enable the extraction of knowledge from these data to
support tasks such as modeling, failure management, tra c prediction and resource
allocation, as shown in Table 5.1.

Despite these advances, current ML approaches are typically task-speci ¢ and
rely primarily on structured numerical data. However, as emphasized in [80], a
signi cant portion of network data is unstructured, including logs, con guration

les, and operational documentation. This limitation motivates the exploration of
large language models (LLMs) as a complementary approach. Although LLMs have
not yet been widely adopted in optical networks, LLMs o er capabilities that are
particularly relevant for network operation, including:
Processing and reasoning over textual data (e.g., logs and manuals);

Table 5.1: State-of-the-art ML applications in optical networks.

Ref. Applications
[2, 83 85] Modeling of components, e.g. EDFA
[1 6] QoT estimation
[86 88] Failure management
[89 92] Tra c prediction & resource allocation
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Table 5.2: State-of-the-Art applications of LLMs and DTs in
optical networks.

Ref. Tech. Applications

[93, 9] LLM Alarm analysis using cloud LLMs.
[95] LLM Network assistant using cloud LLMs.
[96] LLM Log analysis using local LLMs.

[97 99] LLM+DT Intent-based network using cloud LLMs.
[100] LLM+DT Intent-based network using local LLMs.

[101, 102] DT API-based network control automation.
[8, 59 62] DT Digital twin optical networks (DTONS).
[103] DT Failure management.

Enabling natural-language interaction and intent-based networking;
Bridging the gap between analytics outputs and operational decisions.

These capabilities align with the broader vision of autonomous optical net-
works and suggest that LLMs could play a key role in future network management
frameworks, complementing existing ML-based and non-ML-based techniques. Re-
searchers in optical communications and networking are currently exploring inno-
vative applications of LLMs and DTs.

As shown in Tab. 5.2, LLMs can assist in analyzing alarm logs and troubleshoot-
ing network issues [93 96] and they can automate network management tasks by
generating network con gurations based on application programming interfaces
(APIs) [97 102]. DTs have recently received increasing attention in optical networks
for automation and management [59 62]. A network DT can analyze physical-layer
monitoring data based on physical models, ML models, or hybrid approaches [8]).
Moreover, DTs can be applied to failure management in optical networks [103].

Furthermore, the DT can be used as a sandbox to test proposed physical layer
changes before implementing any operations in the physical world by rst emulating
such changes and predicting their impact in the DT itself.

However, previous works [93 95, 97 99] were using LLMs on the public cloud,
leading to data privacy concerns. Though [100] used a local LLM for network auto-
con gurations, it only achieved 80% accuracy in translating human intents to the
appropriate network con gurations.

5.2 Large Language Models

LLMs are a class of Al systems that employ advanced neural network architec-
tures, such as transformers, to process, understand, and generate natural language
text. These models underpin a wide range of applications, including chatbots, text
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Figure 5.1: Transformer-based LLM.

summarization, language translation, and more. In particular, the Transformer
architecture has revolutionized natural language processing by introducing a mech-
anism called self-attention, which evaluates the relative importance of words within
a sentence. This mechanism enables LLMs to grasp context and relationships in
text more e ectively than previous methods [75].

An LLM comprises two key components: the tokenizer and the model weights
stored in a safetensor le. The tokenizer converts text inputs into discrete tokens
(e.g., words, subwords, or punctuation) and maps them into a high-dimensional
vector space. The safetensor le encapsulates the model’s learned parameters, in-
cluding the weights of attention layers and feedforward neural networks. The model
processes tokens through the transformer and predicts the next token with associ-
ated probabilities, enabling natural language generation.

Fig. 5.1 o ers a simpli ed overview of the Transformer architecture, emphasiz-
ing the core components that are pertinent to its application in optical network
management. This depiction is a basic representation, and actual Transformer im-
plementations can vary signi cantly, incorporating di erent encoder and decoder
blocks and other modi cations tailored to speci ¢ large language models. This
simpli ed version is intended to provide clarity and focus on the essential aspects
relevant to the discussions in this paper.

Due to the complexity of transformers, these safetensor les can be exception-
ally large, as they often include billions of parameters in high-precision formats
like 32-bit oating-point (fp32). To address memory and hardware constraints,
guantization methods reduce the precision of these parameters, enabling storage in
formats such as 16-bit oating-point (fpl6), 16-bit brain oating-point (bf16), or
even 8-bit integers (int8). For example, an LLM with 7B parameters in fp16 has
a size of 7 10° 2 Byte = 14 GB, while the same model with parameters in int8
only has half size, i.e. 7 GB, which ts on a customer-grade laptop without a pow-
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erful graphics processing unit (GPU). However, quantization introduces a trade-o
between memory e ciency and model accuracy, as reduced precision can degrade
performance.

Pre-trained LLMs like OpenAl’'s ChatGPT [104], Meta’s LLaMA [105], and
Mistral Al [106] are built on general-purpose knowledge bases. While they contain
foundational knowledge, their performance in specialized tasks remains limited due
to the lack of domain-speci c training.

5.2.1 Prompt Engineering and Retrieval-Augmented Generation

Prompt engineering is the practice of crafting e ective input prompts to optimize
the performance of LLMs. By carefully designing the phrasing, structure, and con-
text of prompts, users can guide the model to generate more accurate, relevant,
and context-aware outputs. This approach is particularly useful for tailoring LLM
responses to speci ¢ tasks or domains, such as technical problem-solving or cre-
ative writing. Prompt engineering often involves iterative re nement, leveraging
strategies like providing explicit instructions, examples, or formatting guidelines to
maximize the model’s understanding and utility.

As shown in Fig. 5.2(top), retrieval-augmented generation (RAG) is a tech-
nique that combines retrieval-based methods with generative models to enhance
the accuracy and relevance of generated responses by incorporating external knowl-
edge. The retriever searches external knowledge bases (e.g., technical documents
or databases) for relevant data, which is then combined with the user query. The
generator (LLM) uses this context to produce uent, domain-speci C responses.
This approach ensures up-to-date, accurate, and specialized knowledge integration,
especially in dynamic elds like optical networks. RAG’s key bene ts include im-
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Figure 5.2: Two application-speci ¢ LLMs, using one or several of:
Prompt engineering, RAG, and ne-tuning.
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proved factual accuracy, adaptability to speci ¢ domains, and reduced dependency
on static pre-trained knowledge.

5.2.2 Fine-Tuning the Parameters of an LLM

Since transformers are based on neural networks, another approach for adapting
LLMs to speci ¢ tasks/domains is ne-tuning the parameters of the model. As
shown in Fig. 5.2(bottom), the process involves further training a pre-trained model
on a smaller, task-speci c dataset, allowing it to specialize while leveraging previ-
ously acquired general knowledge. There are various ne-tuning approaches, includ-
ing full ne-tuning, which updates all model parameters, and parameter-e cient
methods like low-rank adaptation (LoRA) [107], adapter tuning, and pre X tuning,
which modify only a subset of parameters or introduce new trainable elements to
reduce computational costs.

LoRA freezes the pre-trained model parameters and injects trainable rank de-
composition matrices into each layer of the Transformer architecture, which reduces
hardware requirements and allows for e cient adaptation to new tasks.

In summary, ne-tuning integrates knowledge into the model’s parameters dur-
ing training, while RAG retrieves and uses external knowledge on-the- y during
inference.

5.2.3 LLM-Based Al Agents

An Al agent is an entity powered by Al, designed to perceive its environment, pro-
cess data, make decisions, and take actions to achieve speci ¢ goals. These agents
can learn, adapt, and interact with humans or systems, making them versatile tools
across various elds. An LLM-based Al agent extends this concept by integrating
an LLM with specialized tools and domain knowledge for precise, domain-speci ¢
tasks. In optical communications, Al agents can support autonomous network op-
eration by leveraging external tools such as DTs, which are introduced in the next
section. Section 5.3 further presents the design and implementation of Al agents
for optical network management.
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5.3 Deployment of Local Al Agents on the Testbed
based on Commercial Product

Our proposed framework combines prompt engineering, RAG, and ne-tuning to
address diverse tasks during the lifecycle of optical networks. To handle specialized
tasks e ectively, we implement a multi-agent framework, where each sub-agent has
a speci c¢ role. These agents collaborate and coordinate to solve complex tasks,
leveraging technologies such as LLMs, retrieval systems, and network DTs.

In the deployment of Al agents for controlling optical networks, we used the
same commercial product testbed introduced in Section 4.6.

5.3.1 Local Deployed LLMs

We leverage an 8-GPU (NVIDIA Tesla V100-PCle-32GB, launched in 2018) server
for locally deploying and ne-tuning the LLMs. Each GPU has 32 GB memory
and delivers 14 TFLOPS (Tera oating point operations per second) of fp32 perfor-
mance. The 8-GPU memory is 256 GB, hence, we can deploy and ne-tune di erent
open-source LLMs locally, namely Mistral-7B-Instruct [108] (model size 14.5 GB)
that ts on a single GPU, Mixtral-8x7B-Instruct [109] (model size 90.4 GB), which
requires multiple GPUs. These open-source models are downloaded from Hug-
ging Face [110], the biggest community of open-source LLMs. Mistral Al develops
LLMs supporting multiple European languages, and we use it to work with not only
English but also French, Italian, Spanish, German, Greek, etc.

5.3.2 Local Deployed Al Agents for Control and Management
of Optical Network

We build two task-speci ¢ Al agents based on LLMs and di erent tools: Al-Agent
Al for network automation, which feed LLMs with API descriptions for interaction
with our SDN and DT; Al-Agent A2 for network management, which uses LLMs and
embeds product documentation for system design and log analysis. Using multiple
specialized Al agents instead of a single general-purpose agent allows each agent to
be optimized for speci c tasks, leading to more accurate and reliable performance.
This approach reduces complexity, improves scalability, and minimizes the risk of
hallucinations by leveraging task-speci ¢ expertise and focused training.
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API-Calling to Control Optical Networks

As shown in Fig. 5.3, we deploy and ne-tune an LLM on the local GPU server and
deploy the DT-based SDN controller on the same server to build the Al-Agent Al
for intent-based optical network automation. The SDN controller provides di erent
JSON format APIs written in Python. The LLM is ne-tuned based on API-calling
chat prompts and can generate valid prede ned APIs in JSON format (compliance
to standards is possible but is out of the scope of this paper). Hence, the Al-Agent
Al leverages such an LLM to translate human language requests into valid APIs
with correct arguments so that SDN controller can implement them to realize the
user’s intent.

There are ve APIs used in controlling, as shown in Tab. 5.3. The API functions
utilize a structured set of arguments to de ne their inputs and operations. The
arguments include:

source and destination: Represent the names of the source and destination nodes
in the network. These are required to specify the endpoints for the service and are
denoted by string values suchas A or B.

path: Speci es the light path for the service. It can be explicitly provided
(e.g., OMS1-OMS?2 ); if the path is not given explicitly, then it is determined
dynamically by a routing and wavelength assignment (RWA) algorithm based on
the shortest path of the light path length.

frequency: Indicates the preferred frequency for the service in MHz. For in-
stance, 196625000 [MHz]. If not speci ed, the RWA algorithm selects a frequency
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Figure 5.3: Al-Agent Al for network control based on user’s intent.
(Solid arrows represent direct connections, while dash arrows represent
indirect connections.)
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Table 5.3: APIs used in experiments and prompts for ne-
tuning Al-Agent Al.

API name Usage Arguments
add_och Add a service in the source, destination,
network. path, frequency,
bandwidth,
board__mode
del_och Delete a service in the  source, destination,
network. frequency
estimate__qot Estimate QoT of a oms__id, service__id,
service/all services. metric
measure__qot Measure BER or service__id, metric
SNR.
equalize Equalize power in oms__id, method

OMS or network.

usinga rst- t approach, starting from longer wavelengths to shorter wavelengths.

bandwidth: De nes the bandwidth required for the service in MHz, correlating
to the board mode. For instance, a 400 Gb/s service requires 100000 [MHz], while
a 200 Gb/s service requires 75000 [MHz].

board_mode: Speci es the modulation format of the board. Common options
include PCS-16QAM for a 400 Gb/s service, QPSK for a 200 Gb/s service, or
auto to dynamically select an available board.

oms_id: Identi es the OMS involved in certain operations, such as QoT esti-
mation or power equalization. Examples include OMS1 or ALL to refer to all
OMSs.

service_id: Acts as an index to identify a speci ¢ service in the network for
operations like QoT estimation or measurement.

metric: Refers to the parameter being evaluated or optimized, such as OSNR ,
GSNR , SNR , ASENL (ASE to NL Noise Ratio), or BER .

method: Describes the approach for operations like power equalization. Com-
mon methods include ASENL to optimize the SNR by balancing ASE to nonlinear
noise ratio, OSNR for equalizing OSNR, and GSNR for equalizing GSNR.

Al-Agent Al should call the correct APIs with as high accuracy as possible.
However, as discussed in Section 5.2, there is a trade-o between performance and
general LLM size, which relates to computation resource requirements. For instance,
guantization of the parameters is a standard strategy for reducing the model’s
size and inference costs. Ref [100] achieved 80% accuracy by using Mixtral-8x7B-
Instruct with 4-bit quantization (Q4). Based on PoliMi’s dataset (limited to 50
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Figure 5.4: API-calling accuracy with di erent LLMs (left) and ne-
tuning loss curve (right).

queries) made available in the same paper [100], we test the model accuracy with
di erent levels of quantization (Q5-Q8: 5-bit to 8-bit quantization). Fig. 5.4(left)
depicts the obtained model size/accuracy trade-o in blue. The results align with
intuition, as larger models tend to perform better in terms of accuracy. While [100]
(which leverages formal grammars) and ne-tuning both enable standard-compliant
outputs, ne-tuning additionally achieves higher accuracy than [100].

We perform LoRA ne-tuning on Mistral-7B-Instruct for the ve APIs we in-
troduced in Section 5.3.2. As shown in Fig. 5.4(left), larger models achieving 100%
accuracy can generate diverse data to ne-tune smaller models. For example, we
create a few question-answer pairs and use the larger model to expand them with
high diversity. For non-con dential data, public cloud LLMs like ChatGPT can be
utilized, while private cloud LLMs are employed to augment sensitive data securely.

We generate an augmented dataset of 10k/API for ne-tuning; note that the
LLM used to generate the dataset is completely independent of the LLM used in our
Al agents, to avoid introducing any bias in the evaluation. The loss curve is shown
in Fig. 5.4(right). We reduce the model size by 83%, from 90.4 GB to 14.5 GB,
while maintaining 100% accuracy in API calls, as shown in Fig. 5.4(left,red).

In addition, another advantage of LORA ne-tuning is that it only modi es a
small portion of the parameters (here, 2.9%), therefore, the model keeps its general
abilities, for instance, the multi-language ability. The Mistral Al models support
several European languages and still work with requests in di erent languages al-
though the training set in English.

As shown in Fig. 5.5(top), we use di erent languages (English, French, German,
Spanish, Italian, Greek) to request di erent services, and the ne-tuned LLM gives
us correct API calls in JSON format. Moreover, the ne-tuned model is even robust
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Figure 5.5: Multi-language API-calling test. Top: Asking a ne-tuned
LLM to generate JSON format API con guration using di erent lan-
guages. Bottom: Asking a confusing question to LLM without (w/0)
and with (w/) ne-tuning (FT).

to confusing questions with mixing languages. For instance, we request the service
with indicating frequency in French format, which uses , instead of ., yields the
non- ne-tuned LLM misunderstands the value/unit (Fig. 5.5 (bottom)).

Documentation and Log Analysis

The LLM develops a specialized understanding of commercial optical products con-
tent by leveraging either RAG or ne-tuning. As shown in Fig. 5.6, we leverage
these two techniques to build two types of Al-Agent A2 to integrate optical prod-
uct documentation. To implement RAG, we use LangChain [111] to split the text
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Figure 5.6: Al-Agent A2 for network management leverages knowledge
from a database fed with product documentation.
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Figure 5.7: Multi-agent interaction, on the same GPU server.
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Figure 5.8: Multi-agent work ow for network design.

from documentation bodies into chunks, which are then vectorized and stored in a
database with Chroma [112].

By integrating the description of logs found in product manuals, Al-Agent A2
can play a transformative role in analyzing alarm logs from optical networks, a
critical aspect of maintaining network reliability and performance. Optical networks
generate large alarm logs to indicate potential faults, performance degradations,
or operational anomalies. Reviewing these logs is time-consuming and error-prone,
especially in complex, multi-vendor environments. LLMs can automate this process
by identifying patterns, classifying alarms, and providing actionable insights.

With the help of Al-Agent A2, engineers can quickly obtain troubleshooting
steps, con guration guides, or product speci cations tailored to their queries.

We will demonstrate RAG for product searching in Section 5.4.1, alarms man-
agement in Section 5.4.3, and ne-tuning for document integration in Section 5.4.4.

Multi-Agent

Since we deploy di erent Al agents on the same GPU server, we let the Al agents
interact with each other to build a multi-agent system, as shown in Fig. 5.7. The
main agent, which knows the roles of the other agents, is used to communicate with
the other agents. An example application is network design (Fig. 5.8), which will
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be discussed soon in Section 5.4.1.

5.4 Lifecycle Automation

In this section, we demonstrate how Al agents can help design/manage an optical
network over its lifecycle, from Day-0 to Day-N (see Fig. 5.9).

5.4.1 Day-0: Network Design

As shown in Fig. 5.8, a multi-agent system enables collaboration between specialized
agents to streamline network design.
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Figure 5.9: Lifecycle automation from Day-0 to Day-N. Operations
and power spectra evolution in network lifecycle. Top: number of ser-
vices (blue) and SNR margin evolution (red). Bottom: booster output
spectra for 2 sample OMSs (OMS1 and OMS3) at di erent lifecycle
steps. (Blue circle: before power equalization, green triangle: after
power equalization. Green solid line: before link failure, red dash line:
after link failure.)
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A main Al-Agent is powered by prompt engineering for understanding the roles
of di erent sub-agents. The main agent decomposes the tasks to these sub-agents
when the user request requires knowledge or tools from di erent agents. Besides the
APIs to control the optical network, we give Al-Agent Al here the APIs to use DT
for simulating and optimizing physical layer parameters, such as optical ampli er
gain con guration. Once the design is complete, the main Al-Agent asks Al-Agent
A2 to leverage its knowledge of commercial optical products to recommend suitable
components, like the type name of ampli ers, ensuring the design is both technically
optimal and implementable with available hardware. We use the JSON format
messages for communication between Al agents and users, e.g., { from : user ,

to : Agent_Main , content : xxx }, { from : Agent_Main , to : Agentl ,
content : xxx }.

This collaborative framework bridges theoretical simulation and practical appli-
cation, enhancing e ciency and feasibility in optical network development.

5.4.2 Day-1: Network Deployment

Once the optical network devices have been deployed, commissioning is required
to establish the services. We start from a 5-OMS mesh network and upgrade it to
8-OMS in the end. We use Al-Agent Al to establish the services automatically.
The work ow is shown in Fig. 5.10:

Step-1: The user requests the services in natural language, for instance, Please
build a 400G service from node A to D .

Step-2: Al-Agent Al understands the intent and generates the valid APIs send-
ing to the DT for speci c tasks introduced in section 5.3.2.

Step-3: Then the DT leverages an RWA algorithm to assign the light path
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Figure 5.10: Service establishment work ow.

84



CHAPTER 5. Al FOR OPTICAL NETWORKS

routing and frequency slot allocation.
Step-4: Al-Agent Al gives suggestions to the user and requests approval.
Step-5: Upon approval, Al-Agent Al uses the DT to con gure the transmitter,
receiver, and WSSs to establish the service.

5.4.3 Day-2: Network Maintenance

For network maintenance, we consider two tasks: power equalization and trou-
bleshooting. To emulate these tasks, we load new batches of 20 services each (see
slot occupation in Fig. 5.9 at T1, T2, T3, T5, T6); as introduced in Section 4.6,
the services are emulated by an ASE source and we use a single transponder to re-
place the ASE channels during the SNR measurements ; for the following numerical
evaluations, we measured SNR for 20% of the services.

Periodic Power Equalization

During the network lifecycle, ampli ers’ gains vary with load, such that launch
power pro les vary as well. To avoid the resulting SNR margin degradation, we use
periodic service launch power re-equalization as in [13].

By chatting with Al-Agent Al, we initially add services according to the set
and forget method, i.e., each service is established with a xed channel power,
which is not re-optimized as new services are added.

Then, we periodically re-equalize the power through API-calling by Al-Agent
Al to optimize the SNR (up to 1dB margin improvement is measured at T6) by
balancing the ASE-to-NL noise ratio. For example, the power spectra before and
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Figure 5.11: DT validation: SNR improvement with power equalization
and SNR prediction accuracy.
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after equalization at di erent times are shown in Fig. 5.9. The measured network
SNR margin (de ned as the minimum across all services, di erence between the
service SNR and its FEC limit) before and after re-equalization for each of the ve
batches is shown in Fig. 5.9 (jumps in the red dashed line), and the DT predicted
SNR gains for all services over network lifetime in Fig. 5.11(inset). Note that some
services may degrade but the network margin always improves.

The DT performs prediction and estimation of SNR before and after power
re-equalization. Prediction here is the prediction of the optimized state, based
on the monitoring available for the previous non-optimized network state. The
probability density function (PDF) of the SNR prediction accuracy (SN Rprediction
SN Rmeasured) 1S shown in Fig. 5.11, the root mean square error (RMSE) is 0.3dB.

Troubleshooting

Event logs are continuously generated in optical networks, and alarms occur over
time. As a natural language processing technique, LLMs are highly e ective in
alarm-log analysis. Based on the topology of a network and the logs from the
network elements, an LLM can gure out where a failure has occurred.

The logs from the network elements contain the time stamp of each event, how-
ever, time synchronization across network elements cannot be guaranteed. As a
consequence, the event time from di erent network elements may not be trusted for
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Figure 5.12: Log analysis work ow for a link failure (NE: network
element; BID: board identi er; OA: optical ampli er).
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Figure 5.13: Log analysis time and accuracy comparison. Time is
normalized to human reading time (as 100).

troubleshooting, and the spatial information, i.e., topology, is more important for
troubleshooting. Hence, we also provide the topology information in a formatted
prompt. Additionally, raw alarm logs from various network elements capture event
details for individual boards, identi ed by their board ID and port numbers. To
enhance analysis, the board ID and port are mapped to the corresponding indices
of OMSs and optical ampli ers in the prompt, ensuring precise alignment with
the network topology and providing clear contextual relevance. The LLM-enabled
troubleshooting work ow is shown in Fig. 5.12.

We unplugged a connector to emulate a ber cut on OMS1 (leading to the
drop of 16 services) at T4 and collected the logs, which were then analyzed by Al-
Agent A2. As shown in Fig. 5.13, by comparing with the reading speed of human
beings [113], Al-Agent A2 performed alarm log reading and analysis 7x faster than
a human would parse the logs (let alone analyze them).

In addition, we also emulate link failure by disabling in turn the ampli er lo-
cated before each of the 19 spans. The LLM-based Al-Agent A2 troubleshooter
successfully returns the location for each of the 19 emulated failures, as shown in
Fig. 5.13. However, we need to observe that, despite di erent models achieving
the same accuracy, we have to tune the prompt for each model. In other words,
the same prompt yields di erent performances depending on the underlying LLM.
Moreover, the order of information (topology, alarms, descriptions) also impacts
the output of di erent LLMs.

5.4.4 Day-N: Network Upgrade

Scaling the Network

To avoid blocking at end-of-life (T7), we add 3 OMSs and use Al-Agent Al to
automate the addition of 20 services in the 8-OMS network, using the same method
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Figure 5.14: Commercial products documentation-based ne-tuning
before/after upgrade. Version 2019 is for C-band commercial equipment
only, while version 2024 updates L-band commercial equipment.

as in Day-2, reaching a total of 120 services established, see Fig. 5.9 (right).

Hardware and Software Upgrade

While RAG retrieves relevant information from vast technical repositories, ne-
tuning adapts an LLM to deeply understand the structure, terminology, and con-
text of domain-speci ¢ documentation. By ne-tuning the model on commercial
product manuals, the LLM develops a specialized understanding of commercial op-
tical networks content. This ensures that even without information retrieval, the
model can independently provide accurate and context-aware insights.

However, di erent products and features are typically released during the 10-20
years lifetime of optical equipment. The Al-Agent A2 also requires to be updated.
Since the safetensor is just a checkpoint of the training (cf. Section 5.2), model

ne-tuning can be done iteratively on the previous model each time new product
documentation or a new software version is released. Safetensors enable continuous
ne-tuning using prior checkpoints.

For example, a model initially ne-tuned with documentation from 2019 was
subsequently enhanced using updated 2024 documentation, resulting in improved
performance while preserving earlier optimizations. The training dataset com-
prised speci cations from various commercial products, including WSSs, EDFAs,
transponders, etc. Notably, the 2019 dataset focuses exclusively on C-band equip-
ment, whereas the 2024 dataset incorporates updated speci cations for L-band
equipment, re ecting technology advancements. The training loss curve (Fig. 5.14)
demonstrates smooth convergence each time ne-tuning is triggered, showcasing the
practicality of incremental model upgrades.
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Chapter 6

Conclusions and Future Perspectives

This thesis presented a set of initial investigations toward autonomous optical net-
work control and management, combining DT-enabled network automation with
emerging Al paradigms such as LLMs and Al agents. The contributions are posi-
tioned as proof-of-concept studies that demonstrate feasibility, explore design trade-
0 s, and establish foundational building blocks for future autonomous optical net-
works. The main ndings of this thesis can be summarized as follows:
DT-based closed-loop control enables predictive and stable power optimiza-
tion: the proposed multi-step lookahead strategies signi cantly improves con-
vergence speed while reducing oscillatory behavior, demonstrating the value
of foresight in optical network control.
There exists a clear trade-o between performance and complexity: advanced
strategies such as dynamic step sizing and parallel exploration further im-
prove convergence e ciency, but introduce additional system complexity and
transient performance degradation.
A layered DT + Al agent SDN architecture is feasible: the proposed four-layer
framework successfully integrates physical-layer modeling, control logic, and
Al-driven orchestration, providing a viable blueprint for autonomous optical
networks.
LLM-based Al agents enable exible and user-friendly network interaction:
compared to traditional approaches, LLMs signi cantly improve adaptability,
particularly for intent-based network control and management.
LLMs are not yet suitable for critical control loops: limitations in inter-
pretability, latency, and reliability (e.g., hallucinations) require that they be
used as supervisory or assistive tools rather than fully autonomous decision-
makers.
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6.1 DT for Optical Networks

The proposed multi-step lookahead power equalization strategy demonstrates the
importance of incorporating foresight into control decisions. Increasing the looka-
head depth signi cantly improves convergence speed and stability by reducing local
optima and oscillatory behavior. The introduction of dynamic step sizes and parallel
exploration further enhances performance, achieving faster convergence with fewer
iterations. However, these improvements come at the cost of increased algorithmic
complexity and potential transient degradation of signal quality.

These results highlight a fundamental trade-o between convergence e ciency,
robustness, and operational constraints, which is central to practical deployment in
real optical networks. More broadly, this work illustrates how DT-based approaches
can enable predictive and proactive control strategies that are di cult to achieve
with traditional reactive methods.

Future research should address DT scalability, particularly through network par-
titioning and distributed simulation, to accelerate data collection and computation.
Beyond control, DTs also open new application opportunities, including risk-map
generation for network health assessment, QoT prediction for unseen lightpaths,
and synthetic data generation for Al model training.

6.2 Al for Optical Networks

This thesis also investigated LLM-based Al agents as an enabling technology for
autonomous optical network control and management. As summarized in Table 6.1,
LLM-based approaches o er signi cantly higher exibility and usability compared
to traditional machine learning and rule-based methods. Their ability to interpret
natural language and generalize across tasks reduces the need for domain-speci ¢
expertise and enables more intuitive human-network interaction.

From an application perspective (Table 6.2), LLMs show strong potential for

Table 6.1: Comparison of LLM-based, traditional ML, and rule-based

approaches.
Technique LLMs Traditional ML Rule-based
Flexibility High Moderate Low
Interpretability Low Moderate High
Scalability High Moderate Low
Ease of use High Moderate Low
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Table 6.2: Pros and cons of applications of LLMs for optical networks

control and management.

App. Control Management

Pros Intent-based networking using nat- Quickly analyzes large volumes of
ural language. network logs.
Reduces manual intervention, min- Reduces the need for highly spe-
imizing human error. cialized knowledge about vendors’
Speeds up network con guration.  hardware and expertise in software.

Cons Requires an accurate DT. Data privacy concerns.

Requires high computational re-
sources.

Adds latency for time-sensitive ap-
plications.

Risk of hallucinations (false posi-
tives or negatives).

Requires continuous training and
data/API governance.

intent-based control and network management. In control scenarios, they simplify
con guration work ows and reduce manual intervention, while in management tasks
they facilitate e cient analysis of large volumes of textual network data.

However, several limitations remain. LLM-based approaches su er from limited
interpretability, high computational requirements, and potential reliability issues
such as hallucinations. In addition, their e ectiveness is closely tied to the accuracy
of the underlying DT models, and their latency may limit applicability in time-
sensitive control loops. These constraints indicate that LLMs are not yet suitable
for fully autonomous operation in critical network functions.

It is important to note that LLMs should not be viewed as the nal solution for
autonomous optical networks. Rather, they should be seen as an intermediate step
within a rapidly evolving Al landscape. The broader concept of Al agents capable
of reasoning, planning, and interacting with network systems remains highly rel-
evant, and future advances in Al are expected to provide more reliable, e cient,
and specialized solutions for network control and management.

Overall, this thesis demonstrates that combining DTs with LLM-based Al agents
is a promising direction toward autonomous optical networks. DTs provide a reliable
and physics-aware foundation for modeling and prediction, while LLMs introduce

exibility and high-level reasoning capabilities for interaction and orchestration.

At the current stage, these technologies should be viewed as complementary
components that augment existing control and management frameworks rather
than replace them. Achieving fully autonomous optical networks will require fur-
ther advances in model accuracy, system scalability, real-time performance, and
trustworthiness. This includes improving DT delity, developing hybrid control
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architectures that combine deterministic and Al-driven methods, and establishing
robust validation and governance mechanisms for Al-based decision-making.

In this context, the contributions of this thesis provide a rst step toward bridg-
ing the gap between traditional optical network engineering and emerging Al-driven
automation paradigms.
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Appendix A

Network State in Al-Light DT

The network state used in the Al-Light digital twin is composed of several
DataFrames. Fig. A.1 presents the network topology information, representing the
source and destination nodes of di erent OMSs. Fig. A.2 shows the control ports
of the connections between di erent network elements (OMS, ROADM, TRX, and
DL). Fig. A.3 presents the line parameters DataFrame for an OMS. Fig. A.4 and
Fig. A.5 show the Add-WSS and Drop-WSS DataFrames of the OMS, respectively.

Fig. A.6 presents the service (optical channel, OCH) table.

BRXUFH 'HVWLQBWIR® & (
$ 206 | 206 206
% 206
& 206 206
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206

Figure A.1: Network topology information DataFrame (top) and cor-

responding topology (bottom).
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Figure A.4: Add-WSS DataFrame. The units are as follows: frequency
and bandwidth in MHz, wavelength in nm, attenuation in dB, and
booster/pre-ampli er output power (Pgyt) in dBm.

Figure A.5: Drop-WSS DataFrame. The units are as follows: frequency
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Figure A.6: Service (OCH) table DataFrame. The units are as follows:
frequency and bandwidth in MHz, wavelength in nm, and attenuation
in dB.
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Appendix B

WDM Wavelength Grid

B.1 WDM Wavelength Grid in Super C-band

Table B.1: C120 wave grid with 50 GHz channel spacing in 6 THz
frequency range from 190675 GHz to 196675 GHz. (f. and . are central
frequency and central wavelength of the optical channel.)

Index T, [GHZ] ¢ [nm]
1 196650 1524.497625
2 196600 1524.885341
3 196550 1525.273254
4 196500 1525.661364
5 196450 1526.049672
6 196400 1526.438177
7 196350 1526.826881
8 196300 1527.215782
9 196250 1527.604882

10 196200 1527.994179
11 196150 1528.383676
12 196100 1528.773371
13 196050 1529.163264
14 196000 1529.553357
15 195950 1529.943649
16 195900 1530.33414
17 195850  1530.72483
18 195800 1531.11572
19 195750 1531.50681
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Index f. [GHZz] ¢ [nm]
20 195700 1531.898099
21 195650 1532.289589
22 195600 1532.681278
23 195550 1533.073168
24 195500 1533.465258
25 195450 1533.857549
26 195400 1534.250041
27 195350 1534.642734
28 195300 1535.035627
29 195250 1535.428722
30 195200 1535.822018
31 195150 1536.215516
32 195100 1536.609216
33 195050 1537.003117
34 195000 1537.397221
35 194950 1537.791526
36 194900 1538.186034
37 194850 1538.580744
38 194800 1538.975657
39 194750 1539.370773
40 194700 1539.766091
41 194650 1540.161613
42 194600 1540.557338
43 194550 1540.953267
44 194500 1541.349398
45 194450 1541.745734
46 194400 1542.142274
47 194350 1542.539017
48 194300 1542.935965
49 194250 1543.333117
50 194200 1543.730474
51 194150 1544.128035
52 194100 1544.525801
53 194050 1544.923772
54 194000 1545.321948
55 193950  1545.72033
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Index f. [GHZz] ¢ [nm]
56 193900 1546.118917
57 193850 1546.51771
58 193800 1546.916708
59 193750 1547.315912
60 193700 1547.715323
61 193650 1548.114939
62 193600 1548.514762
63 193550 1548.914792
64 193500 1549.315028
65 193450 1549.715472
66 193400 1550.116122
67 193350 1550.51698
68 193300 1550.918044
69 193250 1551.319317
70 193200 1551.720797
71 193150 1552.122485
72 193100 1552.524381
73 193050 1552.926485
74 193000 1553.328798
75 192950 1553.731319
76 192900 1554.134049
77 192850 1554.536987
78 192800 1554.940135
79 192750 1555.343492
80 192700 1555.747058
81 192650 1556.150833
82 192600 1556.554818
83 192550 1556.959013
84 192500 1557.363418
85 192450 1557.768033
86 192400 1558.172859
87 192350 1558.577894
88 192300 1558.983141
89 192250 1559.388598
90 192200 1559.794266
91 192150 1560.200146
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Index f. [GHZz] ¢ [nm]
92 192100 1560.606236
93 192050 1561.012538
94 192000 1561.419052
95 191950 1561.825778
96 191900 1562.232715
97 191850 1562.639864
98 191800 1563.047226
99 191750 1563.454801

100 191700 1563.862587
101 191650 1564.270587
102 191600 1564.6788
103 191550 1565.087225
104 191500 1565.495864
105 191450 1565.904717
106 191400 1566.313783
107 191350 1566.723062
108 191300 1567.132556
109 191250 1567.542264
110 191200 1567.952186
111 191150 1568.362323
112 191100 1568.772674
113 191050 1569.18324
114 191000 1569.594021
115 190950 1570.005017
116 190900 1570.416228
117 190850 1570.827655
118 190800 1571.239298
119 190750 1571.651156
120 190700 1572.06323
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B.2 WDM Wavelength Grid in Super L-band

Table B.2: L120 wave grid with 50 GHz channel spacing in 6 THz
frequency range from 184325 GHz to 190325 GHz. (f. and . are central
frequency and central wavelength of the optical channel.)

Index T, [GHZ] ¢ [nm]
1 190300 1575.36762
2 190250 1575.781645
3 190200 1576.195889
4 190150 1576.61035
5 190100 1577.025029
6 190050 1577.439926
7 190000 1577.855042
8 189950 1578.270376
9 189900 1578.685929

10 189850 1579.101701
11 189800 1579.517692
12 189750 1579.933903
13 189700 1580.350332
14 189650 1580.766981
15 189600 1581.18385
16 189550 1581.600939
17 189500 1582.018248
18 189450 1582.435777
19 189400 1582.853527
20 189350 1583.271497
21 189300 1583.689688
22 189250 1584.1081
23 189200 1584.526734
24 189150 1584.945588
25 189100 1585.364664
26 189050 1585.783962
27 189000 1586.203481
28 188950 1586.623223
29 188900 1587.043187
30 188850 1587.463373
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Index f. [GHZz] ¢ [nm]
31 188800 1587.883782
32 188750 1588.304413
33 188700 1588.725268
34 188650 1589.146345
35 188600 1589.567646
36 188550  1589.98917
37 188500 1590.410918
38 188450 1590.832889
39 188400 1591.255085
40 188350 1591.677505
41 188300 1592.100149
42 188250 1592.523017
43 188200 1592.946111
44 188150 1593.369429
45 188100 1593.792972
46 188050 1594.21674
47 188000 1594.640734
48 187950 1595.064953
49 187900 1595.489399
50 187850  1595.91407
51 187800 1596.338967
52 187750 1596.764091
53 187700 1597.189441
54 187650 1597.615017
55 187600 1598.040821
56 187550 1598.466852
57 187500 1598.893109
58 187450 1599.319595
59 187400 1599.746307
60 187350 1600.173248
61 187300 1600.600416
62 187250 1601.027813
63 187200 1601.455438
64 187150 1601.883291
65 187100 1602.311374
66 187050 1602.739685
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Index f. [GHZz] ¢ [nm]
67 187000 1603.168225
68 186950 1603.596994
69 186900 1604.025993
70 186850 1604.455221
71 186800 1604.884679
72 186750 1605.314367
73 186700 1605.744285
74 186650 1606.174433
75 186600 1606.604812
76 186550 1607.035422
77 186500 1607.466263
78 186450 1607.897334
79 186400 1608.328637
80 186350 1608.760172
81 186300 1609.191938
82 186250 1609.623936
83 186200 1610.056165
84 186150 1610.488627
85 186100 1610.921322
86 186050 1611.354249
87 186000 1611.787409
88 185950 1612.220801
89 185900 1612.654427
90 185850 1613.088286
91 185800 1613.522379
92 185750 1613.956705
93 185700 1614.391265
94 185650 1614.82606
95 185600 1615.261088
96 185550 1615.696351
97 185500 1616.131849
98 185450 1616.567582
99 185400 1617.003549

100 185350 1617.439752
101 185300 1617.87619
102 185250 1618.312864
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Index f. [GHZz] ¢ [nm]
103 185200 1618.749773
104 185150 1619.186919
105 185100 1619.6243
106 185050 1620.061918
107 185000 1620.499773
108 184950 1620.937864
109 184900 1621.376193
110 184850 1621.814758
111 184800 1622.253561
112 184750 1622.692601
113 184700 1623.131879
114 184650 1623.571395
115 184600 1624.011148
116 184550 1624.451141
117 184500 1624.891371
118 184450 1625.331841
119 184400 1625.772549
120 184350 1626.213496
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