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Abstract

Quantum graphs have dynamic vertices and edges. The vertices and edges are assigned by functions. These

types of representations of graphs can represent time-dependent network structures. The network characteristics

can be visible at any point in time. The networks, such as brain networks or biological disease networks, can be
represented by quantum graphs, and hence the characteristics and parameters of quantum graphs are an important

research area. This study discusses the properties of quantum graphs. Additionally, real examples and the area

of applications are provided.
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1. Introduction

Superposition and Entanglement are two major properties of quantum theory. Superposition represents the dy-
namical nature of particles, where outsiders can not locate the particles on the quantum level. Entanglement is a
connection between quantum particles where the status of one particle is confirmed if the status of another entangled
particle is known. These two fundamental properties, Superposition and entanglement, are implemented in the quan-
tum graphs to represent the vertex property and the edge property, respectively. The definition of quantum graphs
is given by Allahviranloo and Samanta [3]. Previously, the quantum networks were analysed by several researchers.
Quantum random networks [23] are formed based on the principles of quantum mechanics to enhance communication
and computation, offering secure and efficient information processing. It is based on random graphs and probability.
These networks promise significant advancements in quantum cryptography, teleportation, and superdense coding,
though scalability and practical implementation remain challenging. Kottos and Smilansky [17] investigated the spec-
tral properties of graphs with chaos, demonstrating that graphs could be used to study quantum chaos and wave
dynamics in complex systems. More recently, Razavinia and Haghighatdoost [24] introduced technical structures re-
lated to quantum graphs and quantum computing principles, highlighting the potential of quantum graphs in quantum
computing. Tang et al. [31] provided a comprehensive survey on quantum graph computing and learning, emphasizing
the advantages of quantum algorithms in solving graph-related problems.

The definition of quantum graphs by Allaviranloo and Samanta [3] can be represented in real networks where
vertices and edges are correlated. The vertices also follow some patterns during any interval of time. That study was
enough to understand the purpose, still the characteristics of the graphs were not provided. This study focuses on
proving some important properties of quantum graphs and analyzing them for possible applications.
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1.1. Basic properties of quantum theory: Superposition and entanglement. Quantum mechanics, the foun-
dation of quantum theory, is characterized by several unique properties that distinguish it from classical physics. Two
of the most important properties are superposition and entanglement.

Superposition refers to the ability of a quantum system to exist in multiple states simultaneously. This principle
is famously illustrated by Schrödinger’s cat [29], a thought experiment in which a cat in a box is simultaneously alive
and dead until observed. Mathematically, if a quantum system can be in states |0⟩ and |1⟩, it can also be in any linear
combination of these states, such as α|0⟩+ β|1⟩, where α and β are complex numbers [30].

Entanglement is another fundamental property of quantum mechanics, describing a situation in which the states
of two or more particles are so interconnected that the state of one particle cannot be described independently of the
others. When particles are entangled, measuring the state of one particle instantaneously determines the state of the
others, regardless of the distance between them. This phenomenon, which Einstein famously referred to as ‘spooky
action at a distance,’ [6] has been experimentally verified and is a cornerstone of quantum information theory.

1.2. Framework of this study. This paper begins with an introduction to the concept of quantum graphs, high-
lighting their significance and the motivation for their development. The study includes a review of literature (section
2). The paper discusses the mathematical definition and properties of quantum graphs (section 3), stability of quan-
tum graphs (section 4), a small case study (section 5), quantum networks (section 6), concluding with a summary of
findings and future research directions in the last section. The symbols and notations are given in Table 1.

Table 1. List of symbols and notations.

Symbol Description
|0⟩, |1⟩ Basis states in quantum theory
α, β Complex coefficients in superposition

α|0⟩+ β|1⟩ Superposition state
gij(t) Correlation function between vertices vi and vj
h(x, y) Function defining the nature of entanglement

dweighti(t) Dynamic weight of vertex vi at time t
ωi, ϕi Frequency and phase shift for dynamic weight
Aij(t) Adjacency matrix element at time t

G = (V,E) Graph with vertices V and edges E
di(t) Degree of node vi at time t

2. Literature review

These quantum properties have inspired the development of quantum graphs, which extend classical graph theory
into the quantum domain. Quantum graphs incorporate dynamic vertices and potentially entangled edges, providing
a framework to model quantum systems more accurately [8, 17].

Kottos and Smilansky (1997) [17] started the basics of spectral properties of graphs with chaos. The paper “Cam-
bridge Quantum Network” by Dynes et al. (2019) [10] presents a significant advancement in the dynamics of QKD
network.

Graphs have a wide range of applications, from quantum computing to complex systems. In quantum computing,
graphs can model the interactions between qubits, providing insights into the behavior of quantum algorithms and
error correction techniques [18]. In quantum communication, graphs help understand entanglement distribution and
information transfer in quantum networks. By modeling the dynamic and entangled nature of quantum communication
channels, the authors developed efficient and secure quantum communication protocols [5].

Entangled edges in quantum graphs can model the correlated activity between different brain regions. In the
brain, neural connections are not static; they can strengthen or weaken over time, and their activity can be highly
correlated, and the details can be found in [7]. Bassett and Bullmore’s paper [4] on small-world brain networks
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provides a comprehensive analysis of the structural and functional connectivity in the brain, highlighting the efficiency
of small-world properties.

Graphs with nodes and edges having membership values, termed as fuzzy graphs, are perfect to represent any un-
certain networks. Das et al. [9] analysed link prediction within co-authorship networks under conditions of fuzziness,
applying these concepts to biomedical analysis, thereby showcasing the dynamic nature of weighted graphs in aca-
demic collaborations. Samanta et al. [26] presented a mathematical framework for representing competitions through
competition cluster hypergraphs, illustrating the dynamic and weighted interactions within competitive environments.
Samanta and Sarkar [25] investigated generalized fuzzy graphs, emphasizing their dynamic and weighted properties,
which are crucial for modeling complex systems with varying degrees of uncertainty. Sarkar and Samanta [28] ex-
plored the structure and characteristics of generalized fuzzy trees, highlighting their dynamic and weighted aspects in
representing hierarchical relationships. Mandal et al. [19] developed a decision-making model for advanced ovarian
cancer treatment, leveraging social network trust relationships and incorporating dynamic, weighted graphs to reflect
varying levels of expert confidence. Samanta et al. [27] analyzed semi-directed graphs within social media networks,
focusing on their dynamic and weighted nature to better understand the flow and influence of information. But these
graphs can not represent the dynamic nature of nodes and links in networks directly.

Generally, stability analysis is not done in fuzzy graphs due to their static nature. Still few studies are available
for stability analysis by using graph theory. Hosseinzadeh Lotfi et al. [15] introduced a two-stage network based
on ratio analysis models, emphasizing the dynamic nature of efficiency evaluation in data envelopment analysis.
Allahviranloo et al. [2] applied artificial neural networks to solve fractional higher-order linear integro-differential
equations, highlighting the stability analysis of these dynamic systems. Ghasemi et al. [13] developed an intelligent
model using a fuzzy multilayer neural network to enhance credit risk management, focusing on the dynamic and
uncertain conditions of financial environments. Eidinejad et al. [11] examined the attractiveness of pseudo almost
periodic solutions for delayed cellular neural networks, utilizing fuzzy measure theory to analyze the stability of these
dynamic systems in matrix-valued fuzzy spaces. Adeniji et al. [1] focused on a mathematical model analyzing migration
and unemployment among PhD graduates and postdocs in South Africa, using stability analysis to understand the
dynamics between academia and industry. Olutimo et al. [22] investigated the stability and boundedness of solutions
for nonlinear delay differential equations, employing Lyapunov’s methods to establish conditions for stability. Murali
et al. [21] worked on stability analysis using differential equations for dynamical systems. Jayapriya et al. [16] explored
the application of a transformation to establish the stability for nth order linear differential equations. These studies
collectively highlight the importance of stability analysis in understanding and predicting the behavior of complex
systems in various fields.

The study by Ghaderi et al. [12] and Ghosh et al.[14] applied synchronization in various real-world systems,
emphasizing the importance of understanding these dynamics for applications in physics, biology, and social sciences.
The comparison of a few related works is shown in Table 2.

3. Quantum graphs

Quantum graphs are a generalised version of graph theory with dynamic vertices and entangled edges, defined as
follows:
A graph G = (V,E), where V is the set of vertices and E is the set of edges, is said to be a quantum graph if each
vertex vi is assigned a dynamic weight dweighti(t) that changes over times. The dweight is also assumed as:

0 ≤ dweighti(t) ≤ 1.

The dweight is represented by any function of time (see examples in the subsection 3.1) such as:

dweighti(t) =
1

2
(1 + sin(ωit+ ϕi)) ,

where ωi is the frequency and ϕi is the phase shift. Edges eij between vertices vi and vj are entangled or not. If
entangled, the edge is represented by a correlation function gij(t) that describes the relationship between the dweights
of the connected vertices:

gij(t) = h(dweighti(t), dweightj(t)),
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Table 2. Comparison of previous works with proposed work.

Authors Dynamic Entangled Stability Synchronization Quantum Quantum

Vertices Edges Analysis Synchronization Communication Computing

Kottos and × × × × × ✓

Smilansky
(1997)[17]

Razavinia and × ✓ × × × ✓

Haghighatdoost
(2024)[24]

Tang, Yan, × × × × × ✓

and Hancock
(2022)[31]

Mernyei, Me-
ichanetzidis

✓ × × × × ✓

and Ceylan
(2022)[20]

Proposed
Work

✓ ✓ ✓ ✓ ✓ ✓

where h is a function defining the nature of the entanglement or correlation.

Remark 3.1. Dynamic Nature (Superposition Behavior) The dynamic nature of the vertices means that the weights
dweighti(t) change over time.

Remark 3.2. The phase shift (ϕ) in the dynamic weight function of a node affects the timing of the oscillations of
the node’s weight. The dynamic weight function is typically given by:

dweighti(t) =
1

2
(1 + sin(ωit+ ϕi)) .

The phase shift determines the initial position of the sine wave at ( t = 0 ).

Example 3.3. Let us consider the range of ω to be [0, 2π], ϕ = π
4 , and t to range from 0 to 10 with a step size of

0.01. The number of vertices is 5 and the number of edges is 8. Let us denote the vertices as v1, v2, v3, v4, v5, and the
edges as e12, e13, e14, e15, e23, e24, e25, e34.

The dynamic weight functions for the vertices are:

dweight1(t) = 0.5× (1 + sin(ω1 × t+ ϕ)),

dweight2(t) = 0.5× (1 + sin(ω2 × t+ ϕ)),

dweight3(t) = 0.5× (1 + sin(ω3 × t+ ϕ)),

dweight4(t) = 0.5× (1 + sin(ω4 × t+ ϕ)),

dweight5(t) = 0.5× (1 + sin(ω5 × t+ ϕ)).

The correlation functions for the edges are:

g12(t) = h(dweight1(t), dweight2(t)),

g13(t) = h(dweight1(t), dweight3(t)),

g14(t) = h(dweight1(t), dweight4(t)),

g15(t) = h(dweight1(t), dweight5(t)),

g23(t) = h(dweight2(t), dweight3(t)),

g24(t) = h(dweight2(t), dweight4(t)),

g25(t) = h(dweight2(t), dweight5(t)),

g34(t) = h(dweight3(t), dweight4(t)).
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Figure 1. The dweights of nodes of
quantum graph.

Figure 2. Correlation values of edges
of quantum graph.

The adjacency matrix A(t) of the graph is defined such that:

A(t) =


0 g12(t) g13(t) g14(t) g15(t)

g12(t) 0 g23(t) g24(t) g25(t)
g13(t) g23(t) 0 g34(t) 0
g14(t) g24(t) g34(t) 0 0
g15(t) g25(t) 0 0 0

 .

This matrix represents the weights of the edges at time t.
Now, let us assume, the dynamic weight values and correlation values for h(x, y) = x × y with ω1 = π, ω2 = π/2,

ω3 = 2π, ω4 = π/3, ω5 = π/4, ϕ = π/4, and t = 5.
The dynamic weight values at t = 5 are:

dweight1(5) = 0.15,dweight2(5) = 0.85, dweight3(5) = 0.85,dweight4(5) = 0.37, dweight5(5) = 0.0.

The correlation values at t = 5 are:

g12(5) = 0.12, g13(5) = 0.12, g14(5) = 0.05, g15(5) = 0.0,

g23(5) = 0.72, g24(5) = 0.32, g25(5) = 0.0, g34(5) = 0.32.

These values represent the weights of the vertices and edges at time t = 5. If there is no edge between two vertices,
the corresponding entry in the matrix is 0. The dweights of nodes are shown in Figure 1. In Figure 2, the correlation
values of edges are shown and the comparison of dweights of nodes and correlation values of edges over time have been
shown in Figure 3.

3.1. Few weight functions of nodes and correlations. The choice of the weight function depends on the specific
properties and behaviors we want to model in quantum graphs. A few examples of weight functions are given as
follows.

1. Cosine Function:
The cosine function can be adjusted similarly to the sine function:

dweighti(t) =
1

2
(1 + cos(ωit+ ϕi)) .

2. Exponential Decay:
For weights that decrease over time, we can use an exponential decay function.

dweighti(t) = e−λit,
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Figure 3. Comparison of dweights of nodes and correlation values of edges over time.

where λi is chosen such that 0 ≤ e−λit ≤ 1.
3. Gaussian Function:

For weights that peak at a certain time and then decrease, we can use a Gaussian function.

dweighti(t) = e
− (t−µi)

2

2σ2
i ,

where the parameters µi and σi are chosen in such a way as to fit the values between 0 and 1.
4. Linear Function:

For weights that change linearly over time, we can use a linear function. A linear function can be scaled and shifted
to fit within the range.

dweighti(t) =
ait+ bi

ci
,

where ai, bi, and ci are chosen such that 0 ≤ ait+bi
ci

≤ 1.
5. Periodic Functions:

Few periodic functions other than sine function are given as follows

dweighti(t) =
1

2
(1 + triangular(ωit+ ϕi)) ,

or

dweighti(t) =
1

2
(1 + square(ωit+ ϕi)) .

6. Polynomial Functions:
For more complex behaviors, polynomial functions can be used. Polynomial functions can be normalized:

dweighti(t) =
ait

2 + bit+ ci
di

,

where ai, bi, ci, and di are chosen to fit the values between 0 and 1.
7. Custom Functions:

It can also be defined custom functions based on the specific requirements of the model. For example, a combination of
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different functions: Custom functions can be designed to fit within the range by combining and normalizing different
functions.

dweighti(t) =
1

2
(1 + sin(ωit+ ϕi)) +

e−λit

2
.

This ensures that the dynamic weights stay within the desired range of 0 to 1.

3.1.1. Correlations among nodes. Some examples of correlation functions h that are used to define the entanglement
or correlation between the dynamic weights of vertices in quantum graphs are as follows:

1. Linear Correlation:

h(dweighti(t), dweightj(t)) = dweighti(t) · dweightj(t).
2. Cosine Similarity:

h(dweighti(t), dweightj(t)) = cos(π · (dweighti(t)− dweightj(t))).

3. Exponential Decay:

h(dweighti(t), dweightj(t)) = e−|dweighti(t)−dweightj(t)|.
4. Gaussian Correlation:

h(dweighti(t), dweightj(t)) = exp

(
−
(dweighti(t)− dweightj(t))

2

2σ2

)
.

where σ is a parameter that controls the width of the Gaussian function.
5. Sigmoid Function:

h(dweighti(t), dweightj(t)) =
1

1 + exp(−k(dweighti(t)− dweightj(t)))
.

where k is a parameter that controls the steepness of the sigmoid function.
These functions h provide different ways to model the relationship between the dynamic weights of the vertices,

capturing various types of correlations or entanglements.

3.2. Degree of nodes. The degree of a node vi in a quantum graph is defined as the sum of all edge weights adjacent
to that node. Mathematically, if gij(t) represents the weight of the edge between nodes vi and vj , the degree di(t) of
node vi at time t is given by:

di(t) =
∑
j

gij(t).

For simplicity, let’s assume h is a product function:

gij(t) = dweighti(t) · dweightj(t).
The degree di(t) of node vi is the sum of all gij(t) values. If there are n nodes in the graph, the minimum degree

is 0 (if all gij(t) are 0) and the maximum degree is n− 1 (if all gij(t) are 1).
Using the sinusoidal function for dweighti(t):

dweighti(t) =
1

2
(1 + sin(ωit+ ϕi)) .

The correlation function gij(t) becomes:

gij(t) =

(
1

2
(1 + sin(ωit+ ϕi))

)
·
(
1

2
(1 + sin(ωjt+ ϕj))

)
.

Simplifying, we get:

gij(t) =
1

4
(1 + sin(ωit+ ϕi)) (1 + sin(ωjt+ ϕj)) .
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Table 3. Comparison between crisp graphs and quantum graphs.

Aspect Crisp Graphs Quantum Graphs
Definition Static graphs with fixed edges and weights Dynamic graphs with time-varying weights
Structure Fixed structure Dynamic structure

Mathematical Representation Adjacency matrix or list Dynamic matrices with time-dependent entries
Applications Network analysis, shortest path algorithms, social network analysis Quantum computing, dynamic network analysis
Example Road network with fixed distances Quantum communication network with changing connection strengths

Thus, the degree di(t) in terms of the sinusoidal functions is:

di(t) =
∑
j

1

4
(1 + sin(ωit+ ϕi)) (1 + sin(ωjt+ ϕj)) .

3.3. Degree of a node with sigmoid correlation. The degree of a node vi is simplified with a sigmoid correlation
functions:

h(dweighti(t), dweightj(t)) =
1

1 + exp(−k(dweighti(t)− dweightj(t)))
.

Given the dynamic weight function:

dweighti(t) =
1

2
(1 + sin(ωit+ ϕi)) .

The correlation function gij(t) becomes:

gij(t) =
1

1 + exp
(
−k
(
1
2 (1 + sin(ωit+ ϕi))− 1

2 (1 + sin(ωjt+ ϕj))
)) .

Simplifying the argument of the exponential function:

gij(t) =
1

1 + exp
(
−k
(
1
2 (sin(ωit+ ϕi)− sin(ωjt+ ϕj))

)) ,
gij(t) =

1

1 + exp
(
−k

2 (sin(ωit+ ϕi)− sin(ωjt+ ϕj))
) .

Now, the degree di(t) of node vi is the sum of all gij(t) values:

di(t) =
∑
j

gij(t).

Substituting the simplified correlation function:

di(t) =
∑
j

1

1 + exp
(
−k

2 (sin(ωit+ ϕi)− sin(ωjt+ ϕj))
) .

The degree di(t) will vary over time depending on the values of ωi, ϕi, ωj , ϕj , and the parameter k.

3.4. Comparison with weighted graphs. There is a significant difference between weighted graphs and quantum
graphs structurally and in applications. In weighted graphs, fixed values are assigned to vertices and edges as weights
such as cost or distance, making them suitable for applications in network routing, shortest path algorithms, resource
allocation, etc. Conversely, quantum graphs feature dynamic vertices with weights that change over time, often
following patterns like sinusoidal functions, and edges that can be entangled, meaning their relationships are described
by time-dependent correlation functions. This dynamic and complex nature of quantum graphs makes them applicable
in advanced fields like quantum computing, where they can model quantum states and entanglement, and in dynamic
systems analysis, where changing relationships over time are crucial (see Figures 4 and 5 and Table 3).
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Figure 4. Comparison of graphs with quantum graphs.

Figure 5. Comparison of weighted graphs with quantum graphs.
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4. Stability of quantum graphs

In this section, we will perform a stability analysis of the quantum graph with dynamic vertices and potentially
entangled edges. The goal is to determine the conditions under which the system remains stable, meaning that small
perturbations in the system’s state will decay over time, leading the system back to its equilibrium state.

4.1. Linear stability analysis. Linear stability analysis involves examining the behavior of small perturbations
around an equilibrium point. For our quantum graph, the equilibrium state is defined by the dynamic weights of the
vertices at a specific time t0.

Let x(t) = [dweight1(t), dweight2(t), . . . ,dweightn(t)] be the state vector representing the dynamic weights of the
vertices. The time evolution of the state vector is governed by a set of differential equations:

dx(t)

dt
= f(x(t), t),

where f is a vector function that describes the time evolution of the state variables.
To perform linear stability analysis, we linearize the system around the equilibrium point x0. The linearized system

can be written as:

dy(t)

dt
= J(x0, t)y(t),

where y(t) = x(t)− x0 is the perturbation vector, and J(x0, t) is the Jacobian matrix of the system evaluated at the
equilibrium point x0:

J(x0, t) =
∂f

∂x

∣∣∣∣
x=x0

.

The stability of the system depends on the eigenvalues of the Jacobian matrix J(x0, t). If all eigenvalues have
negative real parts, the perturbations will decay over time, and the system is stable.

4.2. Eigenvalue analysis. To analyze the stability of the system, we need to compute the eigenvalues of the Jacobian
matrix J(x0, t). The eigenvalues λi are solutions to the characteristic equation:

det(J(x0, t)− λI) = 0,

where I is the identity matrix.
For our quantum graph, the Jacobian matrix J(x0, t) can be derived from the adjacency matrix A(t) and the

dynamic weights of the vertices. The entries of the Jacobian matrix are given by:

Jij(x0, t) =
∂fi
∂xj

∣∣∣∣
x=x0

,

where fi is the i-th component of the vector function f .

5. A small case study

Four vertices with different frequencies and phases

(1) Graph Structure: Vertices: v1, v2, v3, v4, Edges: e12, e23, e34, e41 (all entangled).
(2) State Variables: x(t) = [dweight1(t), dweight2(t), dweight3(t), dweight4(t)].
(3) Time Evolution: dweighti(t) =

1
2 (1 + sin(ωit+ ϕi)) for i = 1, 2, 3, 4.

(4) Interaction: gij(t) = h(dweighti(t), dweightj(t))
for (i, j) ∈ {(1, 2), (2, 3), (3, 4), (4, 1)}.

(5) Adjacency Matrix: A(t) =


0 g12(t) 0 g41(t)

g12(t) 0 g23(t) 0
0 g23(t) 0 g34(t)

g41(t) 0 g34(t) 0

.
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Figure 6. Stability analysis of quantum graph.

5.1. Analysis for t ∈ [0, 10].

(1) Stability: Linear stability analysis by examining the eigenvalues of A(t) over the interval t ∈ [0, 10] can be
performed. Lyapunov functions can be used to further analyze stability.

(2) Synchronization: The dynamic weights synchronize over time and can be checked. This involves analyzing the
phase differences and the interaction functions h.

5.2. Results.

(1) Stability: The system’s stability depends on the eigenvalues of the adjacency matrix and the nature of the
interaction functions. Over the interval t ∈ [0, 10], observe how the eigenvalues change and determine if the
system remains stable.

(2) Synchronization: Synchronization is more complex in this case. If all ωi and ϕi are equal, perfect synchro-
nization can occur. Otherwise, the system may exhibit partial synchronization or complex synchronization
patterns.

The dynamics of a quantum graph with four vertices, each having different frequencies and phases, is shown in
Figure 6. The dynamic weights of the vertices are defined as sinusoidal functions of time, representing oscillatory
behavior. The interaction between vertices is modeled as the product of their dynamic weights. The code calculates
these interactions over a specified time interval and plots the dynamic weights, interactions, and elements of the
adjacency matrix over time. The results show how the weights and interactions evolve, providing insights into the
system’s behavior. The combined dynamics plot illustrates the interplay between individual vertex dynamics and their
interactions, highlighting potential synchronization or complex patterns in the system.

The provided Figure 7 demonstrates phase synchronization by plotting the dynamic weights of four vertices over
time, each with different frequencies and phase shifts. The dynamic weights are calculated using sinusoidal functions,
which inherently oscillate. By plotting these weights on the same graph, we can visually inspect whether the oscillations
of the vertices align or maintain a consistent phase difference. If the vertices are phase-synchronized, their dynamic
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Figure 7. Synchronisation of phases in quantum graph.

weights will show a consistent pattern of oscillation relative to each other, either oscillating in unison or maintaining a
constant phase difference. The interaction functions, plotted in the second subplot, further illustrate the relationships
between the vertices. These functions are products of the dynamic weights of connected vertices, and their consistent
patterns over time indicate synchronized interactions. Together, these plots provide a clear visual representation of
how the phases of the vertices’ oscillations are synchronized within the quantum graph.

6. Quantum network

Quantum graphs can be applied to quantum networks where nodes are connected by quantum channels.

6.1. Key components of quantum networks.

(1) Nodes of quantum networks are the qubits or qudits or any kind of quantum processors. Mathematically, V
in a quantum graph G = (V,E) is the set of such nodes. Examples are trapped ions, superconducting qubits,
and photonic qubits. Nodes (processors) are connected by quantum channels.

(2) Entanglement: Each node vi has a dynamic weight dweighti(t) that changes over time. The dweights represent
the quantum state or the strength of its quantum processing capability. Correlation Function gij(t): The edge
weights gij(t), the correlations represent the strength of the quantum channel between nodes vi and vj .
Following is an example:

gij(t) =
1

4
(1 + sin(ωit+ ϕi)) (1 + sin(ωjt+ ϕj)) .

Adjacency Matrix A(t): The adjacency matrix A(t), where each element Aij(t) corresponds to the weight of
the edge between nodes vi and vj is represented as follows:

Aij(t) =

{
gij(t), if eij exists,

0, otherwise.

6.2. Example: Quantum key distribution (QKD) network. Quantum Key Distribution (QKD) is a secure
communication method that uses quantum mechanics principles to enable two parties to generate a shared, random



REFERENCES 1037

secret key, which can then be used to encrypt and decrypt messages. The security of QKD is based on the fundamental
properties of quantum mechanics, such as the no-cloning theorem and the principle of measurement disturbance.

Let us consider a simple quantum network for QKD with three nodes v1, v2, and v3.

(1) Nodes:
v1: Ram’s quantum processor. v2: Ranjan’s quantum processor. v3: Romario’s quantum processor.

(2) Edges:
e12: Quantum channel between Ram and Ranjan. e13: Quantum channel between Ram and Romario. e23:
Quantum channel between Ranjan and Romario.

(3) Dynamic Weights:
dweight1(t) =

1
2 (1 + sin(ω1t+ ϕ1)) ,

dweight2(t) =
1
2 (1 + sin(ω2t+ ϕ2)) ,

dweight3(t) =
1
2 (1 + sin(ω3t+ ϕ3)) .

(4) Correlation Functions:
g12(t) =

1
4 (1 + sin(ω1t+ ϕ1)) (1 + sin(ω2t+ ϕ2)) ,

g13(t) =
1
4 (1 + sin(ω1t+ ϕ1)) (1 + sin(ω3t+ ϕ3)) ,

g23(t) =
1
4 (1 + sin(ω2t+ ϕ2)) (1 + sin(ω3t+ ϕ3)) .

(5) Adjacency Matrix:
The adjacency matrix A(t) for this network is:

A(t) =

 0 g12(t) g13(t)
g12(t) 0 g23(t)
g13(t) g23(t) 0

 .

7. Conclusion

In this study, the patterns of dynamic weights and correlation functions are analysed and exemplified. But there
may arise a question that there may exist many systems where vertices do not follow any patterns over times. And
edges also do not follow any correlations. In those cases, the functions which fit the vertex values most may be
assumed. Suppose any vertex provides random values over times, the values may not follow any pattern, but the best
fitted curve may be assumed to represent the dweight functions. In that way, any dynamic system can be represented
by quantum graphs. In the future, dynamic systems such as brain networks and diseases networks will be represented
by quantum graphs. And hence, the representation and early detection of diseases may be possible. These are referred
to as the future scope of the study.
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