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DRL-assisted QoT-aware Service Provisioning in
Multi-band Elastic Optical Networks

Yiran Teng , Carlos Natalino , Farhad Arpanaei , Haiyuan Li ,
Alfonso Sánchez-Macián , Paolo Monti , Shuangyi Yan* , Dimitra Simeonidou

Abstract—Multi-band (MB) optical transmission is a promising
solution to support the ever-increasing network capacity demand
of 5G/6G applications. By exploiting extra optical spectrum
beyond the C- and L-bands, such as the L+C+S-band, the
network can use up to 20 THz, quadrupling the original capacity
of the C-band. The extensive spectrum resources and complex
physical layer interactions in MB systems present challenges
for traditional resource management solutions that are eval-
uated only for the C-band. Effective algorithms tailored for
MB optical networks are needed to enable optical networks to
provision services efficiently, thereby reducing service blocking
and improving network throughput. In this study, we propose
a deep reinforcement learning (DRL)-assisted framework for
dynamic service provisioning in MB elastic optical networks.
The proposed DRL framework aims to minimize long-term bit-
rate blocking and includes several innovations. First, an accurate
quality of transmission estimation model is employed to profile
the performance of the supported modulation formats for each
channel on pre-computed routes. Within the DRL agent design,
a novel state representation incorporating both route-level and
band-level features is designed to enhance the DRL agent’s
ability to perceive the network conditions. Moreover, a new
reward function has been developed to enhance performance
and accelerate convergence. Simulations are performed using a
number of L+C+S MB systems with and without traffic grooming
support. The results indicate that the proposed DRL-assisted
framework can reduce bit rate blocking by an average of 35%
to 85% compared to the existing heuristic methods from the
literature while maintaining an appropriate inference time.

Index Terms—deep reinforcement learning, quality of trans-
mission, multi-band network, elastic optical networks, Gaussian
noise model
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I. INTRODUCTION

W ITH the rapid development of emerging applications
such as ultrahigh-definition video streaming and aug-

mented/virtual reality (AR/VR), the amount of data traffic
injected into transport networks is growing drastically [1]. Tra-
ditional single-band wavelength division multiplexing (WDM)
optical networks operating primarily in the C- and L-bands can
no longer meet such high data rate requirements. In recent
years, elastic optical networks (EONs) [2] equipped with
the bandwidth/bit-rate variable transceiver were introduced to
enhance spectrum efficiency and allow multiple modulation
formats (MFs) for each channel. However, the resources of
the 12 THz C + L band spectrum are still insufficient to
accommodate the network capacity demands driven by next-
generation 6G applications [3]. In this context, multi-band
(MB) transmission has emerged as a cost-effective solution,
offering substantial capacity by leveraging multiple wave-
length bands (e.g., L+C+S-band) to expand available spectrum
resources [3]. In particular, recent advances in amplifiers and
transceivers have enabled signal transmission throughout a
wider spectral range [4]. Upgrading current core networks to
be compatible with MB systems requires the expansion and
utilization of multiple bands in existing single-core single-
mode fibers, along with the installation of new amplifiers
corresponding to the extended band [3], without the need to
deploy additional fibers [5], [6]. Therefore, MB-EONs can
serve as an effective and promising solution for addressing
medium-term capacity limitations [7].

Designing effective resource management solutions for MB-
EONs (e.g., for dynamic service provisioning), which offer a
vast amount of optical spectrum resources, is essential to re-
duce the service blocking and enhance the network throughput.
The provisioning of services in MB-EONs presents significant
challenges, including routing, modulation format selection,
band allocation, and spectrum assignment (RMBSA) issues.
These complexities surpass those encountered in the traditional
routing, modulation format, and spectrum allocation (RMSA)
problem that is limited to the C-band [8]. First, physical
layer impairments in the MB scenario are complex due to the
wide active spectrum range, introducing additional non-linear
interference (NLI) noise such as the inter-channel stimulated
Raman scattering (ISRS) and the Kerr effect [9]. In addition,
the different configurations of amplifiers for each band must
be considered. Erbium-doped fiber amplifiers (EDFAs) are
used for the C- and L-bands. In contrast, Thulium-doped
fiber amplifiers (TDFAs) are used for the S-band [3], leading

https://orcid.org/0009-0003-3740-691X
https://orcid.org/0000-0001-7501-5547
https://orcid.org/0000-0003-1061-0614
https://orcid.org/0000-0001-9786-526X
https://orcid.org/0000-0002-2220-0594
https://orcid.org/0000-0002-5636-9910
https://orcid.org/0000-0002-5021-2840
https://doi.org/10.1109/JLT.2025.3601402


2

to variations in amplified spontaneous emission (ASE) noise
levels across different bands. These noises result in a degraded
signal-to-noise ratio (SNR) of the lightpaths. To guarantee the
quality of transmission (QoT) required by the services, we
must ensure that the SNR of all established lightpaths remains
within the receiver’s sensitivity and the QoT threshold for the
selected MF. Therefore, a precise QoT/SNR estimation model
is necessary. Second, effective spectrum resource management
needs to account for several aspects. The extensive spectrum
resource across multiple bands can result in severe channel
fragmentation, which reduces network utilization and overall
throughput, requiring RMBSA algorithms to be upgraded
with fragmentation concerns. Additionally, distinct NLI and
ASE noise levels on each band cause channel SNR levels to
vary significantly across bands [10]. This results in different
available MFs of the channels across different bands for a
certain path (e.g., channels in C- and L-band can support
higher-level MF than in S-band) [3]. Therefore, the designed
RMBSA algorithm needs to allocate services to bands ac-
cording to the specific performance of each band. Finally,
taking decisions on service provisioning affects the network’s
long-term resource availability, influencing future requests.
Recognizing this impact helps the RMBSA algorithm develop
an optimized provisioning strategy, enhancing overall network
performance in the long run.

From the literature, most dynamic service provisioning so-
lutions in MB-EONs focus on reducing the long-term network
blocking probability (BP) while ensuring QoT for services
by utilizing heuristic algorithms [11]–[15]. Some heuristics
achieved satisfactory performance with moderate computa-
tional complexity. However, these fixed, human-designed rules
(e.g., shortest path routing, L-band preference, maximum gen-
eralized signal-to-noise ratio (GSNR), and lowest maximum
frequency slot index) lack the flexibility to adapt to varying
network conditions and are not able to accurately assess the
long-term impact of current provisioning decisions on future
requests and network state. In recent years, the outstanding
performance of deep reinforcement learning (DRL) in complex
control tasks [16] has inspired growing interest in its applica-
tion in optical networks. DRL has shown great potential in
service provisioning and spectrum management within single-
band EONs [17]–[21]. DRL employs deep neural networks
(DNNs) to extract essential features from complex environ-
ments, effectively managing continuous observation spaces
and adapting well across various network conditions. Addi-
tionally, the target of DRL algorithms is the maximization of
a cumulative reward, making it suitable for solving long-term
optimization problems. These properties make DRL intuitively
more suitable than heuristics for dynamic service provisioning.
However, the effectiveness of DRL in the MB scenario remains
unproven. For example, DRL has yet to outperform basic
heuristics like the k-shortest-path first-band first-fit (KSP-FB-
FF) [8], [22], [23], or only slightly outperform KSP-FB-FF in
the C+L-band scenario [24]. These suboptimal results come
from a DRL design that simply extends the DRL-based model
designed for single-band scenarios [17] without considering
some critical features in MB scenarios such as fragmentation
and band utilization [25]. Additionally, as the number of bands

increases, achieving a high-performance DRL model becomes
more challenging [8]. For instance, the expansion of the
observation/action space significantly affects the capability of
the DRL agent to learn effective policies. Finally, state-of-the-
art solutions utilize a distance-adaptive approach to calculate
channel impairments, assuming that all channels within a band
have the same available MF. This method fails to accurately
consider the effects of NLI and ASE in MB systems and
oversimplifies the RMBSA problem.

In this paper, we extend the preliminary work [26], intro-
ducing a novel DRL-assisted QoT-aware RMBSA framework
for EONs operating in the L+C+S band. This framework
includes several innovative features. First, it adopts a QoT
estimator based on the enhanced generalized Gaussian noise
(EGGN) model to derive the channel-connection profile for
all route/band/channel alternatives with optimum launch power
for each span. Consequently, the bit rate/MF for each lightpath
is contingent upon the corresponding channel QoT value.
Second, the design of the DRL agent leverages a novel
fragmentation-aware and band-usage-aware state representa-
tion, enhancing the agent’s ability to effectively capture essen-
tial MB-EONs information. Third, action masking is applied
to filter actions lacking sufficient lightpath capacity, ensuring
that the DRL agent decision space only contains valid actions.
Moreover, a new reward function is proposed, and shows
advantages in guiding the agent towards efficient exploration.
The performance of the proposed DRL-based framework is
evaluated across various topologies of different scales, con-
sidering both grooming-available and non-grooming scenarios.
Simulation results demonstrate that our solution outperforms
simple heuristics in all scenarios with around 85% blocking
reduction and surpasses specific advanced heuristics in most
cases with around 35% blocking reduction. To the best of our
knowledge, this is the first DRL-assisted RMBSA approach to
utilize the EGGN model for accurate QoT estimation in MB-
EONs with optimum power profile, and the first DRL-based
solution to outperform advanced heuristics.

The rest of the paper is organized as follows. Section II
summarizes the current dynamic service provisioning solutions
in the literature. Section III illustrates the physical layer
model and RMBSA formulation in MB-EONs. Section IV
introduces the proposed DRL-assisted RMBSA framework.
The evaluation results of the proposed solution are presented
and analyzed in Section V. Finally, Section VI concludes the
paper.

II. RELATED WORK

The dynamic RMBSA problem is usually divided into
several sub-problems, which are addressed primarily through
heuristics [11]–[15] and/or machine learning (ML)-based
methods [8], [22], [23], [27]–[29].

A. Heuristics

Heuristics are the most investigated RMBSA solutions in
the literature. Sambo et al. adopted the generalized Gaussian
noise (GGN) model using GNPy [30] to evaluate the GSNR
of lightpath requests, and investigated the impact of different
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band allocation schemes (e.g., L band preferred) on the overall
BP in multiple MB scenarios [11]. The authors in [12] pro-
posed an ISRS-aware RMBSA in C+L-band that considers the
time dimension to mitigate the fragmentation while satisfying
the SNR of each established lightpath. Yao et al. presented a
SNR re-verification-based RMBSA, which checks the impact
of the new requests on the SNR of the existing lightpaths
[13]. This method always tries to select lower-order MF with
higher SNR threshold to satisfy the SNR verification. In [14],
Mehrabi et al. proposed a low-margin QoT-aware RMBSA
solution to achieve higher spectral efficiency. This solution
firstly determines the highest-order MF under the SNR con-
straint and chooses the path with the lowest maximum FS
index. The authors in [15] classified the request into multiple
categories based on their transmission distance and bit rate
requirement and set different band allocation priorities for each
category. The extensive resources with diverse MFs make the
network environment increasingly complex, posing challenges
for heuristics to optimize across all variables. Moreover, rule-
based heuristics lack a long-term feedback that may limit its
adaptability to changing network conditions.

B. ML-based RMBSA

Among the AI/ML-assisted solutions, reinforcement learn-
ing (RL) has been reported as a viable technique for reducing
BP by using the Q-table-based methods for service provi-
sioning [27], [28]. However, Q-table suffers from scalability
issues in complex and/or continuous observation-action spaces
such as those experienced in the RMBSA problem, and
lacks generalization abilities [31]. To this end, DRL-assisted
RMBSA algorithms that use DNNs to effectively handle con-
tinuous input and enhance generalization abilities have been
investigated [8], [22], [23], [29]. Sheikh et al. adopted the deep
Q-network (DQN) model on a DRL agent trained with path-
level state representation and simple reward function (+1/-1)
[22]. Gonzalez et al. further improved the DRL model by
introducing multiple advanced reward functions that account
for spectrum compactness and fragmentation [23]. However,
the resulting DRL agents did not outperform KSP-FB-FF,
highlighting the need to further improve the DRL agents [8].
Dan et al. extended the DRL model proposed in [17] to
the C+L band scenario, achieving 11% gains in reducing the
request BP with compared to the KSP-FB-FF [24]. The authors
in [29] proposed the closest work so far to our proposal. Their
DRL-assisted algorithm adopts a GNPy-based QoT estimation
that inserts the path and band available resources into the
observation. For the reward, [29] considers the number of hops
and the total number of assigned channels in the selected path,
i.e., solutions with lower number of hops and occupying less
spectrum will receive higher reward. The evaluated scenario
uses the Japanese topology with 14 nodes. The services always
request 400 Gbps that can be accommodated using two MFs,
i.e., DP-16QAM and DP-QPSK. This method represented a
state-of-the-art DRL-based algorithm that demonstrates supe-
rior performance when compared with the KSP-FB-FF, with
80% average gains in terms of request BP. However, current
DRL-assisted service provisioning solutions in MB-EONs are

largely inspired by the DeepRMSA framework which was
designed for single-band EONs [17]. A critical aspect is
the state representation that lacks band-level features which
are essential in MB-EONs. Moreover, previous works fail
to address the impact of the increased number of actions
compared to the single-band scenario, and the fact that some
of these actions may become infeasible. Compared to the
closest work in the literature [29], our work includes multiple
crucial band features in the observation space and path usage
information in the reward function, which further improve the
performance of the system. Moreover, we provide an in-depth
performance analysis over three topologies. A recent study
[32] evaluates various DRL-based resource management so-
lutions for optical networks from the literature and concludes
that DRL can provide greater benefit than heuristics in more
complex network scenarios. By extrapolating their conclusions
from a single-band environment, we believe there is potential
in applying DRL in MB networks.

III. PROBLEM STATEMENT AND NETWORK MODEL

In this study, the RMBSA solution focuses on minimizing
the long-term BP of MB-EONs while guaranteeing the QoT
for each service. In this section, the RMBSA problem is
introduced and formulated as a partially-observable Markov
decision process (POMDP), and the physical layer model for
evaluating the GSNR/QoT in MB-EONs is elaborated.

A. Dynamic RMBSA Problem in MB-EONs

Let G(V,E) denote the topology of a MB-EON, where
V , E represent the set of nodes and bidirectional links,
respectively. The optical spectrum on each link is divided into
multiple bands, and each band contains multiple channels with
fixed bandwidth. We consider a set of services R composed
of dynamic service requests Rt(s, d, b) which arrive one at a
time. Upon receiving a service request Rt(s, d, b), the dynamic
RMBSA problem needs to be solved by a policy. The policy
needs to select one of a path among K pre-computed candidate
paths between source node s and destination node d, and select
a band on the path to allocate enough channels to satisfy the
bit rate requirement b. In MB-EONs, the spectral continuity
constraint must be considered, requiring that the channels
assigned to a lightpath use the same spectrum across all links
along the path.

The capacity provided by each channel depends on the
adopted MF. Six MFs from DP-BPSK to DP-64QAM at 64
Gbaud are considered. The modulation level m for each MF
is from 1 to 6, corresponding to bit rates from 100 to 600
Gbps, respectively. The available MFs for each channel on
each candidate path are pre-computed based on the GSNR
tolerance described in detail in Sec. III-C. Then, the highest-
order available MF is assigned, provided that it does not
result in capacity waste (e.g., using DP-64QAM with a 600
Gbps capacity to provision a 100 Gbps request); otherwise,
the lowest-order MF that supports the requested bit rate is
chosen. We assume that a lightpath can be supported by
multiple channels/line card interfaces using different MFs [33].
In this study, two different spectrum assignment scenarios
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Rt (A, B, 400 Gbps)
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free channel
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channel using DP-8QAM  

Provisoning
without grooming

Fig. 1: RMBSA in MB-EONs with/without grooming.

are discussed based on whether the support for spectrum
grooming in each channel is available. As shown in Fig. 1,
the channel with unused capacity (e.g., second channel using
DP-BPSK) cannot be used by other services when grooming is
not allowed. In contrast, when grooming is available, the MF
of channel with unused capacity can be upgraded to a higher
order to accommodate other services using the same routing
path as the current channels. For instance, in Fig. 1, the DP-
BPSK used for the second channel is upgraded to DP-8QAM
to provide additional 200 Gbps for the Rt so that one new
channel is saved compared to the case where grooming is not
available. Moreover, the grooming capability can reduce the
number of line card interfaces and spectrum usage, thereby de-
creasing overall bandwidth utilization. Both the two scenarios
are considered when we design the algorithms.

B. POMDP Formulation of the Dynamic RMBSA Problem

Under the traditional RL/DRL framework, the dynamic
RMBSA process can be modeled as a partially-observable
Markov Decision Process (POMDP) [34], characterized by
the tuple ⟨st, at, T, rt, γ⟩ at each step t. Here, the state st
represents the observation of the RMBSA environment, and
the action at denotes the RMBSA decision. The transition
function T (st+1|st, at) describes how the environment evolves
after executing action at. The reward rt provides feedback
based on the outcome of the action at, and γ is the discount
factor, with a value in the range [0, 1). The goal of the DRL-
based RMBSA algorithm within the POMDP framework is to
find a policy π(at|st) – the probability distribution of action
at for each state st –that maximizes the cumulative reward
(i.e., return) Gt, which is calculated as:

Gt =

∞∑
i=t

γi−tri (1)

C. Physical Layer Model

According to the incoherent Gaussian noise (GN) model for
uncompensated optical transmission links [35], the GSNR for
a lightpath on channel i can be derived from (2) as follows:

GSNRi
LP|dB = 10 · log10

[(
σASE + σNLI + σ−1

TRx

)−1
]

− σFlt|dB − σAg|dB, (2)

where σASE and σNLI can be obtained by:

σASE =
∑
s∈S

P s,i
ASE

P s+1,i
tx

, (3)

σNLI =
∑
s∈S

P s,i
NLI

P s+1,i
tx

. (4)

Moreover, P s+1,i
tx is the launch power at the beginning of span

s+1, NLI noise power (P s,i
NLI) is calculated from equation (2)

in the reference [36], and P s,i
ASE is the noise power caused by

the doped fiber amplifier (DFA) equipped with the dynamic
gain equalizer, which is computed as follow:

P s,i
ASE = nF · h · f i · (Gs,i − 1) ·Rch, (5)

where nF, h, f
i, Gs,i, S, and Rch are the DFA’s noise figure,

Plank’s coefficient, channel frequency, DFA’s gain, set of
spans, and channel symbol rate, respectively. The Gs,i can
be expressed as:

Gs,i =
P s+1,i

tx

P s,i
rx

. (6)

P s,i
rx is the received power at the end of span s. σTRx, σFlt,

σAg are the transceiver SNR, SNR penalty due to wavelength
selective switches filtering, and SNR margin due to the ag-
ing. Moreover, the line card interfaces in the MB-EON are
equipped with state-of-the-art flexible bit rate/MF transceivers
(TRxs). The MF of TRxs can be arbitrarily changed based on
the need as long as the GSNR value meets the MF requirement.

This study examines the performance of L+C+S-band MB-
EONs, deploying a combined bandwidth of 20 THz (6 + 6
+ 8 THz), which is divided into 268 channels of 75 GHz
each with a 400 GHz spacing between adjacent bands. The
channel spacing of 75 (6×12.5) GHz was chosen to match cur-
rent commercial fixed-grid systems using 64 GBaud coherent
transceivers. Instead of investigating flex-grid WDM systems
with 12.5 GHz base granularity, our work focuses on fixed-
grid flexible optical networks where MFs and bit rates (ranging
from 100 to 600 Gbps) adapt based on GSNR. This spacing
provides sufficient guard bands and aligns with state-of-the-
art deployments. In this context, this work employs an EGGN
semi-closed form model for estimating NLI noise, incorpo-
rating effects such as the Kerr nonlinearity and ISRS [36].
This model adjusts for frequency-specific physical parameters,
including attenuation, dispersion, and nonlinear coefficients.
The actual Raman gain profile is calculated by solving coupled
Raman differential equations based on pump frequency and
offset values. Further, to enhance model precision, adjustments
for MF and dispersion are implemented, validated through
field experiments [37]. Unlike prior studies [8], [22], [23],
[27], [28], this approach considers a fully-loaded spectrum
scenario that utilizes a hyper-accelerated flat received power
optimization technique that integrates amplified spontaneous
emission (ASE) noise loading in unused channels [33], which
is in line with real-world practice for multi-band systems.

For each source-destination pair, the first K = 5 shortest
paths are pre-computed. The MF assignment is based on the
estimated GSNR at the destination node, which incorporates
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Fig. 2: Modulation format index profile for JPN12.

ASE noise, NLI, and ISRS effects. We assign available
MFs that meet the pre-FEC BER threshold. Specifically, the
highest-order available MF is assigned if it does not lead to
capacity waste; otherwise, the lowest-order MF that satisfies
the requested bit rate is selected. Since we assume that fully
loaded links where unoccupied channels are filled with ASE-
shaped noise, the optimal power profile, as well as the GSNR
and available MF of each channel on all candidate paths can
be pre-computed. We also assume a sufficient aging margin,
ensuring that the selected MF for each established lightpath
remains unaffected by subsequently established lightpaths or
component aging. Under these assumptions, the GSNR of
each lightpath is considered constant and does not vary with
the establishment or teardown of other lightpaths. Therefore,
although the traffic is dynamic—i.e., demands with different
bit rates arrive and depart over time—the MF per channel is
pre-determined, and only the bit rate assignment is carried out
during provisioning, using both grooming and non-grooming
strategies. This approach reduces online computational com-
plexity while preserving physical-layer accuracy. For example,
Fig. 2 illustrates the MF level index profile (i.e., the channel
MF database), which indicates the highest available MF for
each channel along the first shortest path across all connections
in the JPN12 network. This calculation has been performed for
all K = 5 paths per source-destination pair.

IV. DRL-ASSISTED QOT-AWARE RMBSA FRAMEWORK

The proposed framework is depicted in Fig. 3. The environ-
ment and the DRL agent are the two main components within
the framework. In the following, we illustrate the design of
these components and explain how they interact to form the
complete RMBSA solution.

A. RMBSA Environment

The lower part of Fig. 3 illustrates the components of
the RMBSA environment. In our proposed framework, the
RMBSA environment includes (1) a simulated MB-EON con-
strained by the physical layer formulation described in Sec.
III-C; (2) a database recording channels and the respective

available MF of each channel on all candidate paths; (3) a
feature extractor to generate the state st for the DRL agent
based on the current state of the MB-EON; and (4) an evaluator
to compute the reward rt, returned to the DRL agent as the
feedback of the action at.

B. DRL Agent Design

DRL Agent

Central
Controller

Rt (s,d,b)

service 
provisioning 

DNN

Optimizer

Experience
Buffer

Trainer

Feature
Extractor

channels  
state 

state(𝒔𝒕)

action(𝒂𝒕)

action(𝒂𝒕)

reward(𝒓𝒕)

updated signal

1

2

3

6

4

7

5

feedback

6

Evaluator
RMBSA

Environment

Channels MF 
Database

Rt (s,d,b)

channels  
available

MF

1
MB-EON

state(𝒔𝒕)

6

Fig. 3: Framework and workflow of the DRL-assisted
QoT-aware service provisioning solution in multi-band

elastic optical networks.

The upper part of Fig. 3 illustrates the components of the
DRL agent. The DRL agent is responsible for formulating
the RMBSA policy for each service, and optimizing its policy
through consecutive interactions with the environment. Below,
we elaborate on the design of the DRL agent, including the
specific configurations of the state (st), action (at), and the
reward (rt).
1) State Representation (st)
The state st represents the observation of the MB-EON
environment and should encompass features that effectively
describe the current network condition, while also being rele-
vant to the optimization objective (i.e., BP). In our case, the st
is a vector with K×(Hmax+5×B) elements, where K, B, and
Hmax are the number of candidate paths between each node
pair, the number of bands, and the highest number of hops
among all candidate paths, respectively. Out of these elements,
K × Hmax are related to route features, while K × B × 5
represent the band features.

The route features include, for each of the K paths between
s and d, the indices of the links within the path. An equal
number of elements (i.e., Hmax) is assigned to each path,
with unused elements padded with -1. This design uses fewer
elements to effectively indicate the routing information com-
pared to the one-hot [17] and binary [19] route representations
used in the previous studies.

For each candidate path, band features are extracted for
each band based on the candidate channel(s) determined using
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Fig. 4: State representation and action mask used in the DRL-RMBSA algorithm. Only the C+S-band scenario is shown in
this figure but results for the L+C+S-band scenario are presented in Sec. V.

the first-fit scheme. In the case where the grooming is not
allowed, four features are extracted from candidate channel(s)
in each band: (i) the number of the channel(s) needed to
fulfill the bit rate requirements; (ii) the average index of the
channel(s) (related to channel frequency); (iii) the number
of free channels on the adjacent links that occupy the same
spectrum as these channel(s) (i.e., misaligned channels that
may result in fragmentation) [38]; and (iv) the maximum bit
rate supported by the channel(s) when using their highest MF.
The last feature (v) is the total bit rate supported by the free
channels of this band (related to band capacity utilization). For
the bands without sufficient capacity to accommodate the bit
rate requested by Rt, all the related band features are set to
-1. When grooming is available, the candidate channels can
be classified into new channel(s) that are entirely free and the
grooming channel(s) with unused capacity. In this scenario, the
features (i) to (iii) are extracted based on the new channel(s)
instead of all the candidate channel(s), while the feature (iv)
is still generated based on the candidate channel(s). Moreover,
the feature (v) is obtained following the same procedure as the
non-grooming scenario.

Fig. 4 illustrates an example where request Rt arrives
requesting a service from node A to node C with 400 Gbps.
Let us use the C-band of the path A-B-C as an example.
The route features for this path are [1, 2,−1,−1] (i.e., Z1),
as it includes link 1 (A-B) and link 2 (B-C). The last two
elements are padded with −1 to match the Hmax = 4,
which corresponds to the maximum hop count in this network
(e.g., the path A–E–D–C–B). For band features (i.e., V1),
we firstly aggregate the channel state of each link across
the path A-B-C to obtain the path channel state (PCS). The

PCS denotes the channel availability of the path under the
spectrum continuity constraint. The channel MF database is
then traversed to identify the highest available MF level for
each free channel along this path (from those identified in the
pre-computation based on the GSNR tolerance), indicated by
the red number (e.g., MF level 3, DP-8QAM, for channels 3
and 4 providing 300 Gbps). The basic channel capacity is 100
Gbps, so channels [3, 4] with 600 Gbps available capacity in
total is a suitable candidate to meet the 400 Gbps requirement
of Rt. Therefore, in Fig. 4 the number (feature (i)), average
index (feature (ii)), and max supported bit rate (feature (iv))
of the candidate channels are 2, 3.5, and 600, respectively.
The misaligned channels (feature (iii)) are the free channels
on the adjacent links (i.e., links 3 and 5) that occupy the
same spectrum as the candidate channels (i.e., third and fourth
channels). In our case, only the fourth channel on link 5 is
free, so the value is 1. Additionally, the total available bit
rate of the band is 600 Gbps at free channels [3, 4], which is
the value of the feature (v). When grooming is available, the
candidate channels include the grooming channel (i.e., second
channel) with 100 Gbps of unused capacity (as indicated by
the blue number) and the new channel (i.e., third channel)
with full capacity. The features (i) to (iii) are extracted only
based on the third channel, which have values 1, 3, and 0,
respectively. The feature (iv) corresponds to the total bit rate
supported by all candidate channels (i.e., second channel and
third channel), which is 400. The feature (v) has the same
value as non-grooming scenario, which is 600.

2) Action Space (at)
The at denotes a specific RMBSA action selected by the agent
to be adopted for the provisioning of service request Rt. The
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action encompasses choosing one of the B bands on one of
the K candidate paths to assign the channels using the first-fit
spectrum allocation scheme. An action masking scheme [39]
is employed to prevent the selection of invalid actions (i.e.,
candidates without sufficient channels to accommodate Rt).
As illustrated in Fig. 4, the mask Qt = [q1, . . . , qK×B ] is
generated at each step, where qi ∈ {0, 1} denotes the action
feasibility of each band on the candidate path. Specifically,
qi = 1 indicates that the band has sufficient channels to
accommodate Rt and thus can be selected; otherwise qi = 0.
After applying the mask Qt, the original policy π(at|st) =
[p1, . . . , pk×B ] is adjusted to the masked policy π̃(at|st) as:

π̃(at|st) =
Qt ⊙ π(at|st)∑K×B

i=1 qipi
(7)

In π̃(at|st), the probability corresponding to each invalid
action with qi = 0 (e.g., the C-band of path A–E–D–C
in Fig. 4) is set to 0. The action at is then obtained by
sampling from π̃(at|st), ensuring that only valid actions can be
chosen. This approach has shown that the agent can enhance
performance [40] and focus on more important features [41].
3) Reward Function (rt)
The reward rt represents the feedback from taking action at.
The agent’s objective is to maximize the long-term return Gt,
as expressed in (1), which is obtained by collecting rewards
over multiple steps. Therefore, an effective reward function
must be closely aligned with the optimization objective (i.e.,
minimization of long-term BP). In this study, we investigate
two reward functions: the simple reward function and the path-
capacity-aware reward function.

The simple reward function works as follows. If the request
Rt is successfully provisioned, the simple reward function
assigns rt = 1, otherwise it assigns rt = −1. This approach
is commonly used in the previous DRL-based solutions [8],
[17], [22]. Although intuitive, this reward function has shown
to inefficiently explore the action space [20], which can be
quite detrimental in MB-EONs where a large action space is
observed.

In this work, we propose a path-capacity-aware reward
function. This reward function design is inspired by the
approach proposed in [20] but adapted to the MB-EON
environment. The proposed reward function for a given action
at is calculated as follows:

rt =


1 if Rt is provisioned and C(at) = Cmax

0.9, if Rt is provisioned and C(at) ̸= Cmax

− 1, if Rt is rejected
(8)

Here, C(at) represents the total available capacity of the
free channels on the routing path selected by at, while Cmax
denotes the maximum available capacity of the free channels
among all candidate paths. This reward function introduces
capacity utilization information to the agent, encouraging it to
select paths with higher capacity to mitigate the overuse of
bottleneck links.

C. Workflow and Interaction
Herein we recall Fig. 3, which illustrates the workflow of the

proposed framework. Upon receiving a request Rt(s, d, b), the

available MF of the channels on each candidate path between
the source s and destination d is obtained by querying the
pre-computed channel MF database (step 1). The available
MF for each channel, along with the channel states (i.e., free
or occupied) and request information are sent to the Feature
Extractor, which generates the st (step 2). In turn, st is fed to
the DNN of the DRL agent which outputs the at (step 3). Next,
the Central Controller provisions the service according to at
(step 4). The result of the provisioning is sent to the Evaluator,
which computes and returns rt (step 5). Subsequently, the
tuple (st, at, rt) is stored in the Experience Buffer as a
training sample (step 6). Once the Experience Buffer is full,
a training epoch is triggered, during which the Optimizer
adjusts the DNNs parameters (biases and weights) through
gradient optimization (step 7). Through iterative cycles of
these processes, i.e., episodes, the DRL agent progressively
refines its provisioning policy to maximize the accumulative
rewards Gt, which, in our case, minimizes the long-term BP.

V. PERFORMANCE ASSESSMENT

A. Simulation Setup

The proposed framework was evaluated through a simu-
lation environment. The simulations were carried out over
three topologies with different scales, including the medium-
scale NSFNET [42] with 14 nodes and 22 links, small-scale
JPN12 [43] with 12 nodes and 17 links, and large-scale SPN30
with 30 nodes and 56 links [33]. The L+C+S-band system
with 268 channels (80+80+128) with 75 GHz bandwidth
per channel is considered. The bit rate requirement for each
request is uniformly distributed among 100, 200, 400, and
1,000 Gbps. Six MFs from DP-BPSK to DP-64QAM at 64
Gbaud are considered. The channel MF database adopts the
GSNR thresholds for each MF defined in the literature [6],
corresponding to a pre-forward error correction bit error rate
of 1.5× 10−2. The GSNR and MF profiles are pre-calculated
based on (2) and the GSNR thresholds of the related MF
[6], respectively, adopting an optimum power at each span
[33]. Therefore, each channel can provide bit rates ranging
from 100 to 600 Gbps when using DP-BPSK to DP-64QAM,
respectively. We consider EDFAs with noise figures of 4.5
dB and 5 dB for the C- and L-band, respectively. For the
S-band, we consider a TDFA with a noise figure of 6 dB.
We assume a standard single mode fiber with a zero-water
peak. The spectrum continuity constraint is considered for the
channel assignment along a lightpath.

TABLE I: Hyperparameters of the DRL agent

Hyperparameters Value
Discount factor γ 0.95
Episode length L 1,000
Steps number Ns 200
Buffer size O 1,000
Batch size Z 500
Parallel environments Ne 5
Model record interval T 20,000
Learning rate 5e-5
Fully connected layers 5
Neurons per layer 128
Activation function Relu
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The MB-EON environment was established by extending
the optical network environment in the Optical Networking
Gym [44]. The advantage actor-critic (A2C) [45] algorithm
was used for training. The A2C algorithm employs an actor
(i.e., policy network) to select the action at, and a critic
(i.e., value network) to estimate the value of the state st.
The advantage function, which measures how much better
a specific action is compared to the expected value of the
state, is used to adjust the policy (actor). The advantage
is typically calculated based on the difference between the
cumulative rewards and the value estimated by the critic.
A2C is commonly used to address problems with discrete
action space [19]. The hyperparameters of the DRL agent
are configured as shown in Table I. Specifically, the episode
length L refers to the number of requests provisioned by the
DRL agent in each episode, which is used to evaluate the
agent’s average blocking performance. The steps number Ns

determines how many steps are accumulated to compute the
discounted reward Gt. The buffer size O specifies the number
of samples collected before each training epoch, meaning
training is conducted after provisioning every O requests.
The batch size Z defines the number of samples used in
each update of the DNNs during training. Consequently, the
DNNs are updated O/Z times in each training epoch. To
accelerate training, Ne parallel environments are deployed,
each hosting a DRL agent sharing the same DNNs. Each agent
independently provisions requests in its own environment,
enabling efficient and parallel collection of training samples.
Additionally, the model record interval T specifies that after
DRL agent provisions every T requests, its achieved average
reward is evaluated, and the agent is updated as the best model
if it outperforms the previous best.

Two DRL-based service provisioning algorithms were de-
veloped based on the proposed framework: (1) DRL-RMBSA,
which adopts the simple reward function; and (2) DRL-
RMBSA-PCA, which adopts the path-capacity-aware reward
function. It is important to note that the available capacity of
free channels on each candidate path (K features) is also inte-
grated into the state of DRL-RMBSA-PCA. Apart from this,
all other features of DRL-RMBSA-PCA are identical to those
of DRL-RMBSA, as introduced earlier. The proposed DRL-
based agents were compared with the following heuristics: (1)
K-shortest-path first-band (KSP-FB) [11]; (2) KSP minimum-
maximum frequency (KSP-MinMaxF) [46]; (3) KSP highest-
capacity-path highest-MF (KSP-HCP-HMF); (4) KSP fewest-
channels (KSP-FC); (5) KSP smallest-average-channels-index
(KSP-SACI); (6) KSP least-fragmentation (KSP-LF); (7) KSP
lowest-channels-capacity (KSP-LCC); and (8) KSP highest-
capacity-band (KSP-HCB). KSP-FB prioritizes the use of
lower frequency band (i.e., L band) on the shortest-available
path. The KSP-MinMaxF and the KSP-HCP-HMF are more
advanced heuristics. The KSP-MinMaxF always selects the
action where maximum frequency candidate channel has the
lowest frequency among all the feasible actions. The KSP-
HCP-HMF is proposed in this paper. KSP-HCP-HMF adopts
the same criteria as the reward function of the DRL-RMBSA-
PCA suggests, characterizing a fair comparison with DRL.
KSP-HCP-HMF attempts to use channels with the highest

MF on the path with the highest available capacity (refer
to the Cmax used in the path-capacity-aware reward func-
tion). Moreover, if there are multiple actions with the same
highest MF, KSP-HCP-HMF selects the action based on the
MinMaxF criteria. Moreover, algorithms (4)-(8) are greedy
heuristics designed based on the band features used in the
state representation of the DRL agent. Specifically, KSP-FC
selects the action with the fewest candidate channels; KSP-
SACI selects the action whose candidate channels have the
smallest average index; KSP-LF selects the action that results
in the least fragmentation; KSP-LCC selects the action whose
candidate channels have the lowest capacity; and KSP-HCB
selects the action whose band offers the highest available
capacity. All the DRL-based algorithms and heuristics employ
the first-fit scheme for spectrum allocation. When grooming
is available, the use of unused capacity on active (existing)
channels is preferred over establishing new channels. The
heuristics (1)-(3) are evaluated across all the scenarios, while
the greedy heuristics (4)-(8) are only evaluated in NSFNET
without grooming. We do not include previously-proposed
DRL solutions [8], [22], [23] as they have been reported to
not outperform KSP-FB. We indirectly compare the results
with [29] by using the reported gains over KSP-FB-FF on the
Japanese topology under similar conditions. The performance
of the algorithms is evaluated based on their average achieved
bit rate blocking probability (BRBP) over each episode with
1,000 dynamic requests.

B. Results and Discussion

Fig. 5 shows the results for the NSFNET topology without
grooming under a 900 Erlang traffic load. Fig. 5a demonstrates
the evolution of the BRBP achieved by the DRL agents over
the training episodes. The shadow around the curve represents
the confidence interval with 95% confidence level. Since the
performance of heuristics with fixed policies does not change
significantly as training progresses, we show their average
achieved BRBPs across all evaluated episodes as stationary
horizontal lines. At the initial stage of the training, the DRL
agents were initialized with random DNN parameters, thus
achieving a poor BRBP. However, as training progresses, the
DRL agents gradually optimized their policies, resulting in a
sharp reduction in BRBP. During this period, 0-1,000 episodes,
both DRL agents can outperform the KSP-FB. Specifically for
DRL-RMBSA, its performance plateaued in a local minimum
until around 9,000 training episodes, after which it further
reduced the BRBP, and finally converged after approximately
10,000 training episodes. Its performance after convergence
was slightly better than that of KSP-MinMaxF. Meanwhile,
DRL-RMBSA-PCA was able to moderately improve its policy
through exploration and eventually converged after around
4,500 training episodes. After convergence, DRL-RMBSA-
PCA outperforms all the heuristics. Moreover, DRL-RMBSA-
PCA achieves better BRBP performance and faster conver-
gence compared to DRL-RMBSA. We speculate that this is
due to the path-capacity-aware reward function used by DRL-
RMBSA-PCA, which enables the agent to efficiently explore
the environment and learn an effective routing policy in the
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Fig. 5: Bit rate blocking probability achieved by the DRL agents and the heuristics in the NSFNET topology without
grooming under (a) a 900 Erlang traffic load, and (b)-(c) different traffic loads.
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Fig. 6: Detailed band, modulation format, and path selected by the heuristics and DRL agents for the NSFNET topology
without grooming under a 900 Erlang traffic load.

short term. Additionally, it progressively optimizes the band
selection scheme by maximizing long-term returns, resulting in
better performance than KSP-HCP-HMF, which is also path-
capacity-aware.

To evaluate the best performance of DRL-RMBSA and
DRL-RMBSA-PCA, the DNN parameters that achieved the
lowest average BRBP over 20,000 requests (i.e., the red circle
in Fig. 5a) were identified as the best model. Fig. 5b shows the
results for the best models of the two DRL-based algorithms,
along with the heuristics, evaluated with provisioning 200,000
randomly-generated (unseen) requests for each load. To fully
exploit the effectiveness of the DRL agent, a greedy policy
was employed during DNN inference, which always selects
the action with the highest probability. Focusing on the load
of 900 Erlang, Fig. 5b shows that the BRBP achieved by the
DRL-RMBSA was under 2.45%, which represents a reduction
by 59% and 24% compared to KSP-FB (6.02%) and KSP-
MinMaxF (3.24%), respectively. However, DRL-RMBSA can-
not outperform the more advanced KSP-HCP-HMF heuristic
which achieves 2.31% BRBP. On the other hand, by adopting
the path-capacity-aware reward, DRL-RMBSA-PCA, achieves
a BRBP of 1.56%, which is 73%, 52%, and 32% lower
than that achieved by the KSP-FB, KSP-MinMaxF, and KSP-
HCP-HMF, respectively. Across all investigated loads, DRL-
RMBSA-PCA can outperform all the heuristics and DRL-
RMBSA also shows satisfactory performance (Fig. 5b). This

validates the effectiveness and the generality of the proposed
DRL-based framework.

In the following, to validate the efficient exploration of the
DRL agent, we compare DRL-RMBSA to greedy heuristics
that optimize each of the band features within the state repre-
sentation. Fig. 5c shows that the DRL-RMBSA outperforms
all the heuristics, confirming that the proposed solution does
not overly rely on any single feature to determine the action
(e.g., it does not always selecting the action with the highest
band capacity or the lowest fragmentation). This indicates that
the DRL agent avoids convergence to a local optimum.

Fig. 6 shows the detailed policy of the heuristics and DRL
agents in terms of selection of band, MF, and path. These
metrics are calculated by dividing the total number of times
each path, band, or MF is selected by the total number of
accepted requests across the simulation. As shown in Fig. 6a
and Fig. 6b, all the heuristics prefer to select the L-band
with the higher modulation level, which aligns with their
corresponding rules. When the grooming is not allowed, the
use of channels with higher MF may lead to the waste of
the capacity, particularly in provisioning the request with low
bit rate requirement (i.e., 100 Gbps). In contrast, the DRL
agent prefers the S-band (Fig. 6a) with lower MF to save
the capacity and leave the channels with the high capacity
on the bottleneck links/paths to provision the services with
high bit rate requirement. As shown in Fig. 6c, the routing
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Fig. 7: Bit rate blocking probability achieved by the DRL agents and the heuristics in the NSFNET topology with grooming
available under (a) a 1,000 Erlang traffic load, and (b) different traffic loads.
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Fig. 8: Detailed band, modulation format, and path selected by the heuristics and DRL agents for the NSFNET topology
with grooming available under a 1,000 Erlang traffic load.
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Fig. 9: Time complexity of each algorithm (including inference
and environment transition) in NSFNET topology.

strategies applied by DRL-RMBSA and DRL-RMBSA-PCA
tend to select the first and second shortest paths, unlike KSP-
FB which relies mostly on the shortest path.

Fig. 7a illustrates the BRBP achieved by the DRL agent dur-
ing training in the NSFNET topology with grooming available
under a 1,000 Erlang traffic. DRL-RMBSA-PCA continues to
outperform all heuristics after convergence. Meanwhile, DRL-
RMBSA does not perform as well as it does in the non-
grooming scenario. Nevertheless, DRL-RMBSA still surpasses

KSP-FB during training, and its best model performs compa-
rably to KSP-MinMaxF. Fig. 7b shows the BRBP achieved
by all heuristic methods and the best model of the proposed
DRL-based solutions, where DRL-RMBSA-PCA shows the
best performance in all cases. Specifically, the DRL-RMBSA-
PCA can reduce the BRBP by approximately 81%, 53%, and
38% compared with the KSP-FB, KSP-MinMaxF, and KSP-
HCP-HMF, respectively.

Fig. 8a shows that the band allocation policies learned by
the DRL agents focus on utilizing the bands that support
higher MF levels. DRL-RMBSA prefers the L-band, while
DRL-RMBSA-PCA prefers the C-band. This differs from the
non-grooming scenario where both agents preferred the S-
band. We speculate that this is because grooming reduces
capacity waste on channels with higher MF, allowing the use
of the C-band and L-band to yield effective performance. It
is also worth noting that, since the cost per unit for C-band
components is approximately 10%-30% lower than for L- and
S-band components [3], the C-band-preferred DRL-RMBSA-
PCA can offer a cost-effective solution. Fig. 8b shows that
allowing grooming can improve the overall modulation level
compared to the non-grooming scenario (Fig. 6b), thereby
increasing network throughput. However, this can be attributed
to the cases where without grooming there is no incentive
to upgrade to higher-level MFs, since the extra capacity will
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Fig. 10: Bit rate blocking probability achieved by all algorithms under different traffic loads in the JPN12 topology.
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Fig. 11: Bit rate blocking probability achieved by all algorithms under different traffic loads in the SPN30 topology.

remain idle. Moreover, DRL-RMBSA and DRL-RMBSA-PCA
do not overly rely on any single path but instead employ an
effective routing policy to balance the capacity across all paths
(Fig. 8c).

The time complexity of each algorithm was evaluated based
on its average provisioning time per service. Our simulations
were conducted on a 12th-generation Intel i7 CPU operating
at 2.2GHz. Fig. 9 shows that the DRL-based algorithms take
more time to provision requests compared to the heuristics.
The provisioning time per service includes the inference time
(i.e., the time for the RMBSA algorithm to find a solution)
in addition to the environment transition time (i.e., the time
to provision the service in our simulation tool). We can see
that the DRL solutions take around 5× the time taken by
the heuristics. However, this difference is negligible consid-
ering the absolute time taken. In the worst-case scenario, our
solution takes less than 1.2 ms, which is a negligible time
considering the time necessary to setup a lightpath (in the
order of several seconds to minutes).

The assessments were conducted on the JPN12 and SPN30
topologies, which have fewer and larger numbers of nodes and
links, respectively. As shown in Fig. 10, DRL-RMBSA-PCA
consistently outperforms all other benchmarks in both sce-
narios on the MB-EONs with the JPN12 topology, and DRL-
RMBSA also demonstrates its effectiveness when grooming is
not considered. Our proposed framework achieves a reduction
of up to 91% in terms of BRBP compared to KSP-FB-
FF. The BP gains reported in [29] reach 71% of the BP

in the same blocking range, indicating that our proposed
framework outperforms the one in [29]. In the more complex
SPN30 topology (Fig. 11), DRL-RMBSA-PCA retains its
advantage when grooming is available. However, the DRL-
based solutions are unable to outperform KSP-HCP-HMF
when grooming is not allowed. This indicates that for SPN30
the DRL agent may need to undergo a hyper-parameter tuning
campaign, which is left for future work.

VI. CONCLUSIONS

In this paper, we proposed a DRL-assisted QoT-aware
RMBSA framework for dynamic service provisioning in MB-
EONs. Within the solution, an EGGN QoT estimator was
employed to create the route-channel MF profiles for the
DRL agent. A comprehensive state representation tailored for
MB-EONs was developed, encompassing essential features of
each path and band. To improve training efficiency, action
masking was employed to filter out the large number of
invalid actions in the decision space of the DRL agent. A
path-capacity-aware reward function was designed to guide
the agent in effectively exploring the MB-EON environment
and accelerating training. The effectiveness of our solutions
was validated across multiple network topologies and traffic
loads, demonstrating significant BRBP reduction compared
to the heuristics in the literature. In this study, we mod-
eled the state transitions of the simulation environment as a
function of several network behavior distributions (e.g., data
rate, requested node pair). Our assumption is that network



12

operators can compute current or estimate expected network
behavior distributions in practical networks. However, we
acknowledge the offline simulations may not fully emulate
the physical layer impairments or capture the dynamics of
practical networks. As future work, an important aspect is to
deploy the DRL agents trained in the simulated environment
on real-world testbeds to evaluate the generalizability of their
learned policies. Moreover, we plan to further unlock the
potential of DRL in MB-EONs by leveraging graph neural
networks with spatial feature extraction capabilities to capture
hidden relationships between network links and formulate a
network-level state representation.

CODE AND DATA AVAILABILITY

The source code used to generate the results presented in
this study, and the generated results, are available at
https://github.com/YiranTeng/DRL-RMBSA.
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vares, G. Saavedra, A. Beghelli, and A. Leiva, “Heuristic approaches
for dynamic provisioning in multi-band elastic optical networks,” IEEE
Commun. Lett., vol. 26, no. 2, pp. 379–383, Feb. 2022.

[16] V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J. Veness, M. G.
Bellemare, A. Graves, M. Riedmiller, A. K. Fidjeland, G. Ostrovski
et al., “Human-level control through deep reinforcement learning,”
Nature., vol. 518, no. 7540, pp. 529–533, Feb. 2015.

[17] X. Chen, B. Li, R. Proietti, H. Lu, Z. Zhu, and S. J. B. Yoo,
“DeepRMSA: A deep reinforcement learning framework for routing,
modulation and spectrum assignment in elastic optical networks,” J.
Lightw. Technol., vol. 37, no. 16, pp. 4155–4163, Aug. 2019.

[18] T. Tanaka and M. Shimoda, “Pre-and post-processing techniques for
reinforcement-learning-based routing and spectrum assignment in elastic
optical networks,” IEEE/OSA J. Opt. Commun. Netw., vol. 15, no. 12,
pp. 1019–1029, Dec. 2023.

[19] L. Xu, Y.-C. Huang, Y. Xue, and X. Hu, “Deep reinforcement learning-
based routing and spectrum assignment of EONs by exploiting GCN
and RNN for feature extraction,” J. Lightw. Technol., vol. 40, no. 15,
pp. 4945–4955, Aug. 2022.

[20] B. Tang, Y.-C. Huang, Y. Xue, and W. Zhou, “Heuristic reward design
for deep reinforcement learning-based routing, modulation and spectrum
assignment of elastic optical networks,” IEEE Commun. Lett., vol. 26,
no. 11, pp. 2675–2679, Nov. 2022.

[21] E. Etezadi, C. Natalino, R. Diaz, A. Lindgren, S. Melin, L. Wosinska,
P. Monti, and M. Furdek, “Deep reinforcement learning for proactive
spectrum defragmentation in elastic optical networks,” IEEE/OSA J. Opt.
Commun. Netw., vol. 15, no. 10, pp. E86–E96, Oct. 2023.

[22] N. E. D. E. Sheikh, E. Paz, J. Pinto, and A. Beghelli, “Multi-band
provisioning in dynamic elastic optical networks: a comparative study
of a heuristic and a deep reinforcement learning approach,” in Proc. Int.
Conf. Opt. Netw. Des. Model., 2021, pp. 1–3.

[23] M. Gonzalez, F. Condon, P. Morales, and N. Jara, “Improving multi-
band elastic optical networks performance using behavior induction on
deep reinforcement learning,” in Proc. IEEE Lat. Amer. Conf. Commun.,
2022, pp. 1–6.

[24] D. Yan, N. Feng, Z. Gu, X. Zuo, S. Fan, and J. Zhao, “DRL-based
impairment-aware resource allocation algorithm in C + L band elastic
optical networks,” in Proc. Int. Conf. Opt. Commun. Netw., 2024, pp.
1–3.

[25] E. Etezadi, F. Arpanaei, C. Natalino, E. Agrell, L. Wosinska, P. Monti,
D. Larrabeiti, and M. Furdek, “Joint fragmentation- and QoT-aware
RBMSA in dynamic multi-band elastic optical networks,” in Proc. Int.
Conf. Transparent Opt. Netw., 2024, pp. 1–5.

[26] Y. Teng, C. Natalino, F. Arpanaei, A. Sanchez-Macian, P. Monti,
S. Yan, and D. Simeonidou, “DRL-assisted dynamic QoT-aware service
provisioning in multi-band elastic optical networks,” in Proc. Eur. Conf.
Opt. Commun., 2024, pp. 1912–1915.

[27] A. B. Terki, J. Pedro, A. Eira, A. Napoli, and N. Sambo, “Routing and
spectrum assignment assisted by reinforcement learning in multi-band
optical networks,” in Proc. Eur. Conf. Opt. Commun., 2022, pp. 1–4.

[28] ——, “Routing and spectrum assignment based on reinforcement learn-
ing in multi-band optical networks,” in Proc. Int. Conf. Photon. Switch.
Comput., 2023, pp. 1–3.

[29] ——, “Deep reinforcement learning for resource allocation in multi-band
optical networks,” in Proc. Int. Conf. Opt. Netw. Des. Model., 2024, pp.
1–4.

[30] V. Curri, “GNPy model of the physical layer for open and disaggregated
optical networking [invited],” IEEE/OSA J. Opt. Commun. Netw., vol. 14,
no. 6, pp. C92–C104, Jun. 2022.

[31] K. Arulkumaran, M. P. Deisenroth, M. Brundage, and A. A. Bharath,
“Deep reinforcement learning: A brief survey,” IEEE Signal Processing
Magazine, vol. 34, no. 6, pp. 26–38, 2017.

[32] M. Doherty, R. Matzner, R. Sadeghi, P. Bayvel, and A. Beghelli,
“Reinforcement learning for dynamic resource allocation in optical
networks: hype or hope?” IEEE/OSA J. Opt. Commun. Netw., vol. 17,
no. 9, pp. D1–D17, Jun. 2025.

[33] F. Arpanaei, M. Ranjbar Zefreh, Y. Jiang, P. Poggiolini, K. Ghodsifar,
H. Beyranvand, C. Natalino, P. Monti, A. Napoli, J. M. Rivas-Moscoso,
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