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Abstract: Flexi-grid technology has revolutionized optical networking by enabling Elastic Optical

Networks (EONs) that offer greater flexibility and dynamism compared to traditional fixed-grid

systems. As data traffic continues to grow exponentially, the need for efficient and scalable solutions

to the routing and spectrum assignment (RSA) problem in EONs becomes increasingly critical. The

RSA problem, being NP-Hard, requires solutions that can simultaneously address both spatial routing

and spectrum allocation. This paper proposes a novel quantum-based approach to solving the RSA

problem. By formulating the problem as a Quadratic Unconstrained Binary Optimization (QUBO)

model, we employ the Quantum Approximate Optimization Algorithm (QAOA) to effectively solve

it. Our approach is specifically designed to minimize end-to-end delay while satisfying the continuity

and contiguity constraints of frequency slots. Simulations conducted using the Qiskit framework and

IBM-QASM simulator validate the effectiveness of our method. We applied the QAOA-based RSA

approach to small network topology, where the number of nodes and frequency slots was constrained

by the limited qubit count on current quantum simulator. In this small network, the algorithm

successfully converged to an optimal solution in less than 30 iterations, with a total runtime of

approximately 10.7 s with an accuracy of 78.8%. Additionally, we conducted a comparative analysis

between QAOA, integer linear programming, and deep reinforcement learning methods to evaluate

the performance of the quantum-based approach relative to classical techniques. This work lays

the foundation for future exploration of quantum computing in solving large-scale RSA problems

in EONs, with the prospect of achieving quantum advantage as quantum technology continues

to advance.

Keywords: flexi-grid; elastic optical networks; routing and spectrum assignment; quantumcomputing;

quantum approximate optimization algorithm; quadratic unconstrained binary optimization;

quantum optimization

1. Introduction

Elastic Optical Networks (EONs) represent a significant advancement in optical com-
munications, offering dynamic and flexible spectrum management that exceeds the ca-
pabilities of traditional fixed-grid systems. EONs employ advanced techniques, such as
flex-grid technology, adaptive modulation formats, and spectrum slicing, which enable
precise allocation of spectrum resources, finely tuning them to meet the diverse demands
of different types of data traffic. This high level of adaptability enhances network cus-
tomization and efficiency, while also reducing unnecessary resource use. Furthermore,
the ability of EONs to reconfigure the network in real-time supports enhanced resilience
and scalability, making them particularly well suited for the demands of next-generation
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networks, including 5G and beyond [1]. As the volume of data traffic continues to grow
exponentially, driven by the widespread of IoT devices, cloud computing, and multimedia
streaming, the need for such a flexible and robust optical network infrastructure becomes
increasingly critical. EONs’ capacity to efficiently handle varying traffic loads is essential
in meeting the escalating demands of data-driven services, ensuring seamless connectivity
and optimized performance across diverse network environments [2].

The effectiveness of EONs relies on solving the routing and spectrum assignment
(RSA) problem. RSA involves finding a valid spatial path (i.e., nodes and links) along with
a feasible spectral selection (i.e., frequency slot) while dynamically managing and allocating
the optical spectrum. A frequency slot (FS) is formed by a central frequency and a slot
width. The process of allocating the necessary spectrum must fulfill the continuity and
contiguity constraints to establish an end-to-end connection. If a continuous and contiguous
FS cannot be found across the entire lightpath, the connection cannot be established [3].
Additionally, optical connection services set specific end-to-end Quality of Service (QoS)
requirements, which include guaranteed bandwidth and a maximum permitted end-to-end
latency. Consequently, RSA algorithms must satisfy these requirements.

In recent years, machine learning (ML) techniques, particularly deep reinforcement
learning (DRL), along with integer linear programming (ILP), have gained prominence as
methods to optimize RSA in EONs [4–8]. These approaches offer promising solutions for
dynamic and complex network environments. However, they face significant challenges
that prevent their effectiveness, especially as optical networks evolve to meet the exponen-
tial growth in data traffic and the strict QoS requirements. One of the major limitations
of ILP models is their computational complexity, which scales poorly with the network
size [9]. As the network expands, the number of potential routing paths and FSs increase
exponentially, leading to impractically long solution times for large-scale problems. This
issue becomes more grave due to the fact that ILP models often require the formulation of
the RSA problem with numerous decision variables, each representing possible configura-
tions or routing decisions within the network. As a result, the time and the computational
resources needed to solve these models can become prohibitive, making them less feasible
for real-time applications.

Similarly, while DRL offers the advantage of learning and adapting to network condi-
tions over time, it comes with its challenges. Training DRL models is not only time-intensive
but also prone to inefficiencies as the network grows. The observation space, which in-
cludes all possible states the network can occupy, expands with the network size, leading to
what is known as the curse of dimensionality [10]. This phenomenon makes it increasingly
difficult for DRL models to converge to an optimal solution within a reasonable time
frame. Moreover, the exploration–exploitation trade-off in DRL can result in sub-optimal
decision-making during the learning process, potentially degrading network performance,
especially in dynamic environments where conditions change rapidly [11,12].

Another limitation of both the ILP and DRL approaches is their difficulty in adapting
to real-time changes in network traffic patterns. ILP models, due to their static nature,
struggle to integrate dynamic traffic variations without significant recalculations, which are
time-consuming. DRL models, on the other hand, may require retraining or fine-tuning to
accommodate new traffic patterns or network configurations, which can be impractical in
fast-changing environments. These limitations impose the need to explore more advanced
techniques for RSA in modern communication in general and EONs in particular.

Quantum computing (QC) emerges as a strong candidate for addressing these chal-
lenges, particularly because the RSA problem is proven to be NP-Hard [13]. QC-based tech-
niques leverage properties such as parallelism, superposition, and entanglement, enabling
them to solve complex optimization problems that are infeasible for classical techniques [14].
By combining machine learning (ML) techniques with the unique features of QC, a new
framework known as quantum machine learning (QML) has emerged. QML involves
processing classical data on a quantum computer using ML algorithms, a process known
as quantum encoding [15]. Since its introduction, QML has demonstrated the potential to
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significantly reduce the time complexity and learning process for many computationally
intense operations, including those in 6G applications. Several studies have proposed QML
as a key technology for solving hard optimization problems, offering a promising approach
to NP-Hard challenges like RSA [16,17].

In this context, QC-based techniques will provide a fundamentally different approach
to address the complexities of the RSA problem by leveraging quantum parallelism and
entanglement. Unlike classical algorithms that must evaluate potential solutions sequen-
tially, QC can process multiple possibilities simultaneously, significantly reducing the time
needed to solve large and complex optimization problems. This ability to explore a vast
solution space in parallel makes QC particularly advantageous for problems like RSA,
where both routing and spectrum assignment must be optimized under strict constraints.
Furthermore, the potential of QC for scalability offers an effective direction to address
the growing demands of next-generation optical networks, enabling faster, more efficient
resource allocation in dynamic large-scale environments. In light of this, in this paper,
we propose a novel quantum-based solution for the RSA problem in EONs, aimed at
minimizing end-to-end delay while considering the continuity and contiguity constraints
of the selected FSs. To the best of the authors knowledge, this is the first work to apply a
QC method to solve the RSA problem in EONs.

The rest of this paper is organized as follow: Section 2 gives an overview of QC and
how to use it to solve an optimization problem. Section 3, provides a detailed explanation
of the process followed to solve the RSA problem using QC-based technique including the
network modeling, the mathematical formulations, and the mapping process. In Section 4,
we present the results obtained and a comparative analysis of QAOA, ILP, and DRL. Finally,
Section 5 summarizes and concludes the article.

2. Background and Methodology

This section outlines the key concepts and recent advancements in QC relevant to this
work. We first discuss the principles and challenges of Noisy Intermediate-Scale Quantum
(NISQ) devices, followed by the role of variational quantum algorithms (VQAs) in the NISQ
era and the workflow we need to follow to solve the RSA problem using a VQA algorithm.

2.1. Quantum Computing in the Noisy Intermediate-Scale Quantum Era

Quantum computing (QC) uses the principles of quantum mechanics, a fundamental
branch of physics that describes the behavior of matter and energy on very small scales.
In classical computing, the basic unit of information is a bit, which can be either 0 or 1. QC,
however, uses quantum bits (qubits) that can exist in a state of 0, 1, or both simultaneously,
a property known as superposition. Additionally, qubits can be entangled, meaning
the state of one qubit is directly related to the state of another, no matter how far apart
they are. These properties allow quantum computers to perform many calculations at
once—a phenomenon known as quantum parallelism—potentially solving certain complex
problems much faster than classical computers [18].

In 2016, the first cloud-based quantum computer was made accessible to the public [19].
Yet, noise and limitations in qubit performance constrained significant implementations
and problem-solving. However, interest and excitement grew around the potential of these
devices, which have been called Noisy Intermediate-Scale Quantum (NISQ) computers [20].
Today’s state-of-the-art quantum devices, which range in size from 50 to 1200 qubits,
have demonstrated the ability to achieve “quantum supremacy”—outperforming the
most advanced classical supercomputers on specific, carefully designed mathematical
tasks [21,22]. However, the full potential of QC, particularly in providing speedups for
practical applications—a milestone referred to as “quantum advantage” has yet to be fully
realized. Additionally, the development of fault-tolerant quantum computers, which are
essential for broader and more reliable applications, is still a work in progress. A critical
technological question is how to best leverage today’s NISQ devices to achieve quantum
advantage. Any effective strategy must consider the limitations of these devices, including
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the limited number of qubits, restricted qubit connectivity, and the presence of both coherent
and incoherent errors that constrain the depth of quantum circuits.

Variational quantum algorithms (VQAs) have emerged as the most promising ap-
proach to achieving quantum advantage on NISQ devices. They are designed to run on
gate-based quantum computers to solve complex optimization problems. VQAs involve
both quantum and classical processors. the quantum part contains a variational quantum
circuit, also known as the Ansatz, where the parameters are tunable variables. These circuits
are designed to approximate the solution to a given optimization problem. After the circuit
is executed and results are obtained, a classical optimizer is used to adjust and update the
parameters to improve the outcome iteratively [23], as depicted in Figure 1.
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Figure 1. Hybrid quantum–classical loop of variational quantum algorithms.

What makes VQAs particularly well suited for NISQ devices is their relative robust-
ness to noise. By keeping quantum circuits relatively shallow and offloading part of the
computational workload to classical processors, VQAs can work effectively even on quan-
tum computers that are not yet fully fault-tolerant. In this regard, several studies have
adopted VQAs to enhance different aspects of quantum machine learning such as quan-
tum neural networks [24,25], quantum kernel methods [26,27] and quantum federated
learning [28,29].

2.2. Solving Optimization Problems Using Gate-Based Quantum Computers

In the field of quantum optimization, solving an optimization problem using VQAs
often involves mapping the problem onto a gate-based quantum system, where the optimal
solution corresponds to the system’s ground energy state—the lowest energy configuration.
One of the most popular algorithms used for this purpose is the Quantum Approximate
Optimization Algorithm (QAOA). QAOA encodes the optimization problem into a Hamil-
tonian, which represents the total energy of the system in quantum terms. Following the
hybrid loop presented in Figure 1, the algorithm employs a variational quantum circuit
to approximate the ground state of this Hamiltonian, the components of this circuit are
depicted in Figure 2. The green layers correspond to the application of the cost Hamiltonian
Hc which encodes the problem to be optimized. These layers are responsible for introducing
phase shifts proportional to the cost function values and they are characterized by parame-
ter γ. The pink layers correspond to the application of the mixing Hamiltonian HB, which
facilitates the exploration of the solution space by applying rotations that expand the search
space of the algorithm and they are characterized by parameter β. Afterward, the circuit
parameters are iteratively updated through a classical optimizer until the combination that
minimizes the energy is found.

Returning to our objective, the key elements of the process we follow in this work to
solve the RSA problem using QAOA are depicted in Figure 3. The first step in the process is
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the Input Stage, where the user provides the network topology, a fully defined mathematical
formulation of the problem—including the cost function, the available spectrum slots, and
the requirements of a traffic demand Ri.

Figure 2. The key components of the QAOA variational circuit.

After defining the optimization problem, the second step is the Mapping Stage. As men-
tioned previously, solving an optimization problem using QAOA involves mapping it
to gate-based quantum hardware. One technique to achieve this is by formulating the
problem as a Quadratic Unconstrained Binary Optimization (QUBO) problem. QUBO is a
widely used mathematical model for representing a range of combinatorial optimization
problems [30]. Quadratic refers to the fact that the cost function must be quadratic, while
binary indicates that the variables can only take values of 0 or 1.

• Network topology

• Problem formulation

• Available spectrum slots

• Request

Input Stage Mapping Stage

QAOA loop Stage

Quantum 

Hardware
Classical

Optimizer

Optimal solution  

Output Stage

Quadratic Unconstrained 

Binary Optimization formualtion 

Figure 3. Workflow of the QAOA-based approach used to solve the RSA problem in this study.

In the QAOA Loop Stage, the variational quantum circuit is executed on the quantum
hardware, and its parameters are iteratively updated using a classical optimizer. This loop
is repeated until the ground state energy of the system is found. Finally, in the Output Stage,
the solution to the RSA problem is returned to the user.

3. QAOA Applied to Routing and Spectrum Assignment in EONS

In this section, we will provide a detailed explanation of the mathematical formulation
of the RSA problem and the mapping process used to solving it using the QAOA. We will
follow the process outlined in Figure 3, starting with the network topology and problem
formulation, and proceeding through the stages of mapping the problem onto a quantum
system, executing the QAOA, and interpreting the results.

3.1. Network Modeling

An EON is modeled as a directed graph G = (V, E), where V represents the set of
nodes (i.e., optical switches, or ROADMs) and E the set of optical links (i.e., single-mode
optical fibers). We define sm

i,j as the set of basic FSs or slices that can be allocated in each fiber

link within E and di,j the delay between nodes i and j, and m ∈ {1, 2, . . . , M} represents the
number of spectrum slots on each edge. As shown in Figure 4, in this model blue indicates
the availability of a slot, whereas red signifies that the slot is occupied, thus it cannot be
allocated. Additionally, we define R as the set of traffic demand with each demand Ri
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characterized by a tuple (si, di, ri), where si is the source, di is the destination and ri is the
requested number of individual spectrum slot (i.e., frequency slot size).

In this work, we are considering contentionless, directionless, and colorless ROADMS
(CDC) with transparent optical networks in the sense that there are continuity and conti-
guity constraints. Nodes have unlimited ingress and egress destinations, and we have no
constraint on the number of internal ports. The links are assumed homogeneous with stan-
dard single-mode fibers and we are considering a reduced number of slots (five frequency
slots per link) for practical reasons, which would correspond to using only the C band.

0 1

L
in

k

0-1

Occupied slots

Available slots

Figure 4. Example of constraints used for RSA with optical link delays.

3.2. Problem Formulation of RSA

The RSA problem consists of two sub-problems: The routing problem, where we
need to select for each traffic demand a path through the optical network. The spectrum
assignment problem where we need to assign for each demand an interval of consecutive
FSs, known as the channel, such that the intervals of lightpaths using the same edge
are disjoint. In this regard, the mathematical formulation of the RSA including all these
constraints is as follows:

• Decision Variables:

xm
i,j =

{

1 if slot m is allocated on link (i, j)

0 otherwise
(1)

• Spectrum capacity (uniqueness constraint): a slot in a link can be allocated to one
request at most, defined by

sm
i,j =

{

1 if a slot m is available

0 otherwise
(2)

• The objective function:
Ho = min ∑

i,j,m

dijx
m
ij sm

i,j (3)

• Flow conservation: this includes source constraint (ensure that the source node has
more outgoing than incoming edges), destination constraint (ensure that the destina-
tion node has more incoming than outgoing edges), and path connectivity constraint
(ensure that the selected path is connected), formulated as follows:



















Hs = ∑j xm
i,js

m
i,j − 1, if i = src

Hd = ∑k xm
k,is

m
k,i − 1, if i = dst

Hp = ∑i 6∈s,d

(

∑j xm
i,js

m
i,j − ∑k xm

k,is
m
k,i

)

(4)

• Spectrum contiguity: for each request, the slots should be allocated next to each other,
represented by

Hslots =
ri

∑
m=1

(

∑
i,j

xm
i,js

m
i,j − ∑

j,k

xm
j,ksm

j,k

)

(5)
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• Spectrum continuity: for each request, the subset of allocated slots should be the same
for each link on the selected routing path. This constraint is achieved by fulfilling
Equations (2) and (4).

• Allocating the needed slot: for each request, exactly ri slots need to be allocated,
formulated as

Hri
=

M

∑
m=1

xm
i,js

m
i,j − ri (6)

3.3. Mapping Process: Quadratic Unconstrained Binary Optimization Formulation (QUBO)

Following the process described in Figure 3, we will use the QUBO formulation to map
the RSA problem onto a gate-based quantum computer. The mathematical formulation of
the QUBO problem is as follows:

Minimize XTQX + CTX

subject to X ∈ {0, 1}n, Q ∈ R
n×n, and C ∈ R

n
(7)

In this formula, the matrix Q represents the quadratic part of the problem, while the
vector C represents the linear part. The goal is to find the vector X that minimizes the
entire expression XTQX + CTX under the constraint that X is a binary vector, meaning
each element of X belongs to the set 0, 1.

To reformulate the mathematical problem presented in the previous section as a QUBO,
we need to apply a quadratic transformation to all the constraints. This transformation
allows us to construct and extract the Q matrix.

• Decision variables: in this case, the decision variable will be the vector X, which we
aim to find. For consistency, we will denote the variable as Xm

i,j.

• Flow conservation:























Hs =
(

∑j Xm
i,js

m
i,j − 1

)2
, if i = src

Hd =
(

∑k Xm
k,is

m
k,i − 1

)2
, if i = dst

Hp = ∑i 6∈s,d

(

∑j Xm
i,js

m
i,j − ∑k Xm

k,is
m
k,i

)2

(8)

• Spectrum contiguity:

Hslots =
ri

∑
m=1

(

∑
i,j

Xm
i,js

m
i,j − ∑

j,k

Xm
j,ksm

j,k

)2

(9)

• Allocating the needed slot:

Hri
=

(

M

∑
m=1

Xm
i,js

m
i,j − ri

)2

(10)

The total cost function of the RSA problem can be represented as

Hc = P

(

∑
j

Xm
i,js

m
i,j − 1

)2

+ P

(

∑
k

Xm
k,is

m
k,i − 1

)2

+ P ∑
i 6∈s,d

(

∑
j

Xm
i,js

m
i,j − ∑

k

Xm
k,is

m
k,i

)2

P′
ri

∑
m=1

(

∑
i,j

Xm
i,js

m
i,j − ∑

j,k

Xm
j,ksm

j,k

)2

+ P′′

(

M

∑
m=1

Xm
i,js

m
i,j − ri

)2

+ ∑
i,j,m

dijX
m
ij sm

i,j (11)

With P, P′ and P′′ as penalty coefficients to enforce constraint compliance.
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With some reordering and grouping alike terms together, we recognized the required
form XQXT + CTX, where the quadratic part (Q matrix), the linear part (the C vector) and
the QUBO variables is given by

Q =





























Q1
0,1 Q2

0,1 Q3
0,3 . . . QM−1

j,D QM
j,D

0 Q1
0,2 Q2

0,2 . . . QM−1
2,i QM

2,D

0 0 Q1
1,3 . . . QM−1

1,i QM
1,D

...
...

...
. . .

...
...

0 0 0 . . . QM−1
j,j QM

j,D

0 0 0 . . . 0 QM
j,D





























, XT =


































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




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







, CT =




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


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























(12)

The matrix Q is of size K × K, and both the vectors X and C have a length of K with

K = Total number of FSs in the network − Number of occupied FSs (13)

3.4. Equivalent QAOA Ansatz

Going back to our objective, which is mapping the RSA problem to gate-based quan-
tum computer and solve it using the QAOA, Figure 5 show the part of the Ansatz used in
the process.
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Figure 5. The QAOA Ansatz circuit used in this paper, where each qubit corresponds to an available

FS in the network.

The qubits in the circuit represent the available FSs in the network. The first layer of
the circuit applies Hadamard gates to all qubits, putting them in an equal superposition.
The second layer corresponds to the cost Hamiltonian discussed previously. This layer
consists of two types of gates: the first are the Rz gates, which encode the linear part of the
QUBO formula (i.e., the C vector). Rz are single-qubit gates that apply a rotation around
the z-axis by an angle of γci. The second are the Rzz gates, which encode the quadratic part
of the QUBO (e.g., the Q matrix). Rzz are two-qubit gates that represent the interactions
between qubits and apply a phase shift around the z-axis by an angle γQi,j. The final layer
is the mixer Hamiltonian, which consists of Rx gates. These gates are single-qubit gates
that apply a rotation around the x-axis by an angle 2β.

Typically, the number of Hadamard, Rz, and Rx gates is proportional to the number of
qubits (i.e., the number of available FSs). However, the number of Rzz gates depends on
the number of non-zero values in the Q matrix. For clarity and space efficiency, the circuit
shown here represents a scenario with four available frequency slots. In practice, for a
network with M available FSs, the circuit would include M qubits, M Hadamard, Rz,
and Rx gates, while the number of Rzz gates would be determined by the specific structure
of the Q matrix.
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4. Simulation Results and Discussion

In this section, we present the case study and the results obtained from our simula-
tions. To evaluate the feasibility of the proposed QC-based approach for solving the RSA
problem, we conducted a comparative analysis against two classical methods: ILP and
DRL. By comparing solution quality, time-to-solution, scalability, and real-time adaptability,
we highlight both the strengths and limitations of the QC-based approach in comparison to
these well-established techniques.

4.1. Case Study and Implementation

We conducted simulations on different graphs to validate and study the performance
of the proposed QAOA approach in RSA. These simulations were executed using the
Qiskit framework and the IBM-QASM quantum simulator (32 qubits). To update the VQC
parameters, we used the Constrained Optimization BY Linear Approximation (COBYLA)
optimizer. For results visualization and due to qubits limitations, we present the outcomes
from the graph in Figure 6. In our simulation, we have m ∈ {1, 2, . . . , M} representing the
number of FSs available on each edge which is in this case 5 and K = 10. We evaluated
a scenario where the request Ri = (0, 3, 2) involves sending data from node 0 to node
3, with the requirement of allocating two continuous and contiguous spectrum slots.
To maintain the constraints, we tuned the penalties to P = P′ = 40 and P′′ = 100.

1

0

2

3

ms

= 5 ms

Figure 6. An example of the graph used for the simulation.

As mentioned previously, the angle β in QAOA controls the application of the mixing
Hamiltonian, which facilitates the algorithm’s exploration of the solution space. This part of the
algorithm allows the quantum state to move across different configurations—in this case,
different routing paths and spectrum assignments. By tuning β, we ensure that the quantum
system continues exploring these configurations, helping to avoid becoming trapped in
local minima. The angle γ in QAOA controls the application of the problem Hamiltonian,
which guides the algorithm’s focus toward minimizing the QUBO function. In the context of
our problem, this part of the algorithm helps the quantum system to favor configurations
that lead to better routing paths and spectrum assignments, thereby driving the system toward
lower energy states. By tuning γ, we direct the quantum state to prioritize solutions that
minimize the objective, ultimately pushing the system closer to the optimal solution. Thus,
the best combination of β and γ is the one that balances exploration and exploitation, guiding
the quantum circuit toward finding the optimal configuration of routes that minimizes the
QUBO cost function [31].

Following this logic, we began the loop with [β, γ] = [0.0, 0.0] then we used COBYLA
to find the optimal parameters. For the simple graph in Figure 6, it is easy to notice that
the optimal solution for the RSA is to allocate the slots s1

0,2 and s2
0,2 on link (0, 2) and slots

s1
2,3 and s2

2,3 on link (2, 3) with a total delay of 7 ms, which gives the bitstring |0110000011〉.
However, our objective is to validate the proposed approach.

Figures 7 and 8 show the evolution of β and γ values alongside the minimum energy
over the first 200 iterations of the QAOA. In both plots, the green curve (for β) and the
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orange curve (for γ) represent how these parameters evolve over time, while the blue
dashed line in both figures tracks the minimum energy at each iteration.

Figure 7. The evolution of β values (in radians) and the corresponding minimum energy over iterations.

Figure 8. The evolution of γ values (in radians) and the corresponding minimum energy over iterations.

In both plots, a significant drop in energy is observed around iteration 24, annotated as
the “Convergence to Minimum Energy”. This drop marks the point
[β, γ] = [1.208778,−0.159569] where the algorithm begins to converge toward config-
urations that result in lower cost (i.e., lowest energy state −556.58325), bringing the system
closer to the optimal solution.

As iterations progress, the β and γ values stabilize, indicating that the quantum system
has settled into configurations that minimize the QUBO cost function. The flat energy
curves beyond iteration 25 in both plots suggest that the system has found near-optimal
solutions, and further exploration no longer results in significant improvements.

In general, for an optimization problem with n elements, the solution space is rep-
resented by a 2n dimensional Hilbert space, with each dimension corresponding to a
computational basis vector |X〉. In our context, these elements are the spectrum slots,
and for probability distribution analysis, we focus on the top 20 vectors sampled from our
final quantum states. Figure 9 illustrates the distribution of these quantum states across
various computational basis states (bitstrings). Each bitstring on the y-axis represents a
potential combination of spectrum slots that can be allocated within the selected light-
paths. The length of each bar in the diagram indicates the probability of sampling the
corresponding bitstring when we sample from our quantum states (x-axis). The objective
function values (i.e., energy values) associated with these bitstrings are displayed on the
right-hand side. The bar colors represent the energy levels found during the simulation,
with yellow indicating higher energy values and purple representing the lowest energy
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values. After 24 iterations of the optimization loop, the bitstring |0110000011〉, which corre-
sponds to the optimal solution, displayed a higher sampling probability of 3.4% compared
to the other bitstrings. The entire optimization process was completed efficiently, taking
approximately 10.7 s and resulting in a minimum energy of −556.58325.

Figure 9. Probability distribution of the possible path solutions and their corresponding energy values.

One of the ways to evaluate the quality of the solution found by any approximation
algorithm in general, and the QAOA in particular, is by calculating the approximation ratio,
which compares the objective value of the solution obtained to the known optimal value as
depicted in Equation (14).

Approximation Ratio =
|Objective Value (QAOA)|

|Optimal Value|
=

556.58325

706
≈ 0.788 (14)

The approximation ratio 0.788 indicates that the solution found by the QAOA is
approximately 78.8% of the optimal value. While this ratio may not seem particularly close
to the optimal in numerical terms, it is important to note that the bitstrings corresponding
to the solution found by QAOA match those of the optimal solution. This suggests that the
algorithm successfully identified the correct routing paths and spectrum assignments, even
if the objective value is not perfectly optimal. The optimal value was calculated using a
brute-force classical search, where the algorithm exhaustively evaluated all 1024 (i.e., 210)
possible binary configurations to ensure the exact minimum was found.

The minimum energy, which represents the cost function in the QUBO formulation,
is calculated as a weighted sum of the energies of all possible configurations, with the
probabilities of each configuration serving as the weights. As a result, the solution is an
expectation value that approximates the optimal configuration. By increasing the depth
(p) of the QAOA circuit, the algorithm’s accuracy can be further improved, allowing the
system to explore more configurations in more detail, ultimately yielding solutions that are
even closer to the optimal value.
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However, in our specific case, the depth was set to p = 1, and this proved to be
sufficient as the QAOA successfully identified the optimal bitstrings for the routing paths
and spectrum assignments. Therefore, increasing the depth further was not necessary.
In more complex scenarios or larger network configurations, where the solution space is
much more intricate, increasing the depth of QAOA would be more feasible and likely
necessary to achieve optimal results.

4.2. Theoretical Resource Estimation and Analysis

In the current state of quantum hardware, our simulations are limited by the available
number of qubits and high error rates. Specifically, the number of qubits required for
this approach scales with the number of available FSs in the network, which is directly
proportional to the size of the network topology. As the network size increases, more
qubits will be needed to effectively encode and solve the RSA problem. Currently, NISQ
devices with up to 1200 qubits can address relatively small instances of the RSA problem.
However, by 2026, the development of more powerful quantum computers with error
correction capabilities and up to 100,000 qubits is expected [32]. This advancement will
enable tackling larger, real-world instances of the RSA problem, with up to 300 links and
300 FSs per link.

To understand the relative performance of our quantum-based approach, it is impor-
tant to compare it with the most widely used classical methods applied to solve the RSA
problem: ILP and DRL. To rigorously assess the performance of these three methods, we
will first provide an overview of how the RSA problem is formulated in each case.

Let us consider a network with N nodes, E edges, and S number of FSs. The most
basic ILP model contains two decision variables: routing decision variable xi,j indicating
whether a specific edge between two nodes is used for a particular connection or not, and
a spectrum assignment variable yk,i,j indicating whether a slot k is assigned to that edge
or not [33]. The main types of constraints in the ILP model are the following. (A) Flow
conservation constraint: Since it holds for each node, the number of constraints is roughly
N2. (B) Spectrum assignment constraint (including continuity, contiguity and interference):
These constraints are applied to each edge and FS in the network, so the total number of
constraints is (ExS). This means that

Total number of variables = E + (ExS) = E(1 + S) (15)

Total number of constraints ≈ N2 + (ExS) (16)

In the ILP formulation, the size of the problem grows exponentially as the network size
increases. This growth is driven by the increase in both variables and constraints, leading
to significant challenges in scalability and time to solution [4,34]. For small networks (e.g.,
10–20 nodes, 20–30 edges, 5 FSs), ILP models can find the optimal solution in a reasonable
time frame that can take from seconds to minutes [33]. However, for larger networks (e.g.,
30+ nodes, 50+ edges, 10+ FSs), the number of variables and constraints grows rapidly
and can reach thousands. For example, if we take a network with 50 nodes, 100 edges,
and 10 FSs per edge, we will have around 1100 variables and 3500 constraints. Solving
the ILP in this case may take hours or even days. Moreover, ILP models are in general not
suitable for real-time adaptation. Because any change in the network (e.g., node failure or
spectrum reallocation) requires resolving the entire problem from scratch, which takes a
long time in large networks.

In DRL, the RSA problem is typically formulated as a Markov Decision Process (MDP)
where an agent learns to take actions (routing paths and spectrum assignments) that
maximize long-term rewards. Unlike ILP, where the solution is found by directly solving a
set of constraints and minimizing a cost function, DRL solves the problem by interacting
with the environment and learning the best strategy over time through trial and error.
In DRL, the RSA problem can be broken into the following components [35]:
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• State S: this represents the current state of the network including the network topol-
ogy information, the spectrum availability distribution (in this part the continuity and
contiguity), and the traffic request (number of FSs needed, the source and destina-
tion nodes).

• Action A: when a traffic request arrives, the DRL agent is to make an action by
selecting a routing path and assigning the FSs.

• Reward Function R(s, a): the reward function gives feedback to the agent based on
the action taken. The goal is to maximize cumulative rewards over time. A typical
reward function for the RSA problem might combine multiple objectives, such as
maximizing the throughput, minimizing the spectrum usage, the interference, and the
latency. A typical reward function could look like the following:

R(s, a) = α · Rthroughput(s, a)− β · Rspectrum(s, a)− γ · Rinterference(s, a)− δ · Rlatency(s, a)

with α, β, γ, and δ are weights that control the relative importance of each objective.
• Policy π(a|s): the policy is what the DRL model learns—it maps states to actions

aiming to maximize the expected cumulative reward.

During training, the DRL model tries different actions (routing paths and spectrum
assignments) and receives feedback in the form of rewards. Over time, the model learns to
maximize the expected cumulative reward by taking actions that lead to better routing and
spectrum assignment decisions.

To better understand the performance of the DRL model, let us consider a network
with N nodes, E edges, and S number of FSs. As the network grows, both the state

space and action space increase exponentially. The state space, which includes all possible
configurations of the network (spectrum availability, traffic demands, etc.), grows as SE,
meaning for each edge there are S possible spectrum assignments. This results in an
exponential number of possible configurations for the agent to explore and learn from
during training. Similarly, the action space expands rapidly as the number of possible
routing paths between nodes increases with N, and for each selected path, there are S
different spectrum allocation options across multiple edges [8,10].

Typically, the solution quality (i.e., optimality) of a well-trained DRL model for solving
RSA can approach 90–95% [36]. However, as the state and action spaces expand exponen-
tially with increasing network size, the model must explore a significantly larger number
of configurations and decisions. This expansion makes it more challenging for the agent
to learn an optimal policy and maintain high solution quality. Moreover, as the network
size grows, the training process becomes increasingly time-consuming. While training a
basic DRL model on a moderate-sized network (e.g., 10–50 nodes, 20–100 edges, 10–50 FSs)
might take several days, larger networks (e.g., 100+ nodes, 1000+ edges, 100+ FSs) could
extend the training time to weeks or even months before producing satisfactory results [37].

Table 1 summarizes the key metrics used for this comparison, including solution
quality (i.e., the optimality of the path and spectrum slot allocation), time to solution,
scalability as network size increases, and adaptability to real-time changes.

Table 1. Comparison of ILP, DRL, and QAOA methods for solving the RSA problem.

Metric ILP [9,34,38,39] DRL [12,35–37,40] This Work (QAOA)

Solution Quality 100% (optimal) 90–95% (near-optimal) 78.8% (can be higher)

Time-to-Solution
Days to weeks for large
networks (50+ nodes)

Days to train, but decisions in
real-time

Seconds to minutes (limited
by quantum hardware)

Scalability with
Network size

Poor (exponential growth in
variables and constraints)

Good after training Good

Real-time Adaptability
Poor (requires re-solving for

every change)
Moderate to Good (adapts

well after training)

Moderate to Good (quantum
hardware currently not

real-time)
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It is important to mention that the true advantage of QC-based techniques, including
QAOA, still remains largely theoretical and requires further time and research to materi-
alize in practical large-scale applications. Quantum algorithms are still in their infancy,
and although they show promise, their current limitations are primarily due to the im-
maturity of quantum hardware. Ongoing research is exploring ways to improve qubit
coherence, reduce error rates, and develop more effective quantum algorithms. As these
technologies advance, we expect to see a gradual but meaningful shift in the applicability
of quantum-based methods like QAOA in real-world scenarios [41,42].

5. Conclusions

In this paper, we presented a quantum-based solution for the RSA problem in EONs.
Our approach involved formulating the RSA problem as a QUBO model, enabling the use
of the QAOA. In our simulations, we tested the QAOA-based RSA approach on a small
network topology, where the number of nodes and FSs were constrained by the available
qubit count on current quantum simulators (IBM-QASM with 32 qubits). For this small
network, the algorithm converged to an optimal solution in under 30 iterations, with a total
runtime of approximately 10.7 s and a solution quality of 78.8%.

To better understand the relative performance of our quantum-based approach com-
pared to classical methods, we performed a comparative analysis between the QAOA, ILP,
and DRL methods. We concluded that while ILP offers optimal solution quality, it struggles
with scalability and real-time adaptability, making it less suitable for larger networks.
DRL, though more adaptable and scalable, still requires extensive training. In contrast,
QAOA presents promising potential for scalability and time-to-solution due to the inherent
parallelism in QC, though its current performance is limited by the maturity of existing
quantum hardware.

While QC techniques like QAOA are still in their infancy, this work can be seen as a
proof of concept that lays the groundwork for applying QC-based methods to solve com-
plex problems such as RSA in large-scale networks. Ongoing advancements in quantum
technology, particularly in areas like qubit coherence and error correction, are expected to
improve the performance of quantum algorithms like QAOA, making them viable alter-
natives to classical methods in the future. In this regard, our work not only demonstrates
the feasibility of solving the RSA problem using QAOA but also opens the door for further
research and development in applying QC to optical networks.
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Abbreviations

The following abbreviations are used in this manuscript:

EONs Elastic Optical Networks

RSA Routing and Spectrum Assignment

QC Quantum Computing

QAOA Quantum Approximate Optimization Algorithm

QML Quantum Machine Learning

QUBO Quadratic Unconstrained Binary Optimization

FS Frequency Slot

QoS Quality of Service

ILP Integer Linear Programming

DRL Deep Reinforcement Learning

NISQ Noisy Intermediate-Scale Quantum

VQAs Variational Quantum Algorithms

COBYLA Constrained Optimization BY Linear Approximation

IBM-QASM IBM Quantum Assembler Simulator

MDP Markov Decision Process
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