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Abstract—This work optimizes a flexible antenna environment,
that incorporates both pinching antenna systems (PASS) and
fluid antenna systems (FAS) at the transmitter and the user
sides. Optimizing PASS and FAS presents a non-trivial challenge,
as the wireless network exhibits a highly dynamic topology
and an extensive solution search space. To address this, this
work proposes a quantum graph neural network (QGNN)-based
solution workflow designed to optimize users’ quality of service
by learning the spatial and structural dependencies between the
pinching antenna elements and user ports as a quantum state.
The QGNN approach encodes the wireless network topology, en-
compassing both edges and vertex relationships, into the quantum
state space, and performs optimization through a tunable single-
qubit rotation gate. Overall, the QGNN-based solution shows a
faster loss reduction especially during the early learning episodes
compared to the baseline model. The QGNN achieves an average
training loss approximately 3.7× lower than that of the typical
parameter quantum circuit model during model training. In
summary, this work points out the feasibility of applying graph-
based, data-driven learning, realized through the quantum graph
neural network workflow, to the problem of flexible antenna
optimization.

Index Terms—Flexible antennas; graph neural networks;
quantum computing; wireless system management.

I. INTRODUCTION

IN RECENT years, the transition from fixed to flexible
antenna designs has drawn significant research attention.

Fixed antennas are approaching their performance limits, even
as the demands of next-generation wireless networks grow
substantially: While increasing the number of fixed antennas
can improve wireless system performance, it introduces sub-
stantial computational burden and physical form factor, such
as those required for extremely large-scale massive multiple-
input multiple-output (MIMO) systems. Beyond conventional
architectures, MIMO systems have evolved to encompass
a wide range of reconfigurable electromagnetic structures,
notably structurally reconfigurable antenna systems, known as
flexible antenna systems (e.g., pinching and fluid antennas),
which facilitate dynamic adjustment of antenna position and/or
geometry, thereby optimizing signal propagation and channel
conditions. By physically adjusting the effective antenna po-
sition, these systems introduce an additional spatial degree
of freedom without incurring the excessive physical footprint
associated with conventional fixed antenna arrays. Studies have
explored flexible antenna systems, particularly pinching an-

tenna systems (PASS), in areas such as beamforming optimiza-
tion [1], physical layer security [2], and channel estimation
[3]. Complementing this line of research, studies on fluid
antenna systems (FAS) support the development of flexible
antenna design (including port selection and antenna design
[4], and modeling FAS under various correlation scenarios [5].
As flexible antennas remain in an exploratory phase, the joint
implementation of PASS and FAS is largely underexplored,
and presents challenges related to optimization complexity [6].

In response to these optimization challenges, data-driven
wireless system optimization based on machine learning has
become a new approach to anticipating the growing number
of network elements, many of which are difficult (or even
intractable) to address analytically. For PASS-FAS cases, this
notion can be advanced as graph-based learning, by which
the dynamic structures of the moving antennas can inherently
be represented as topological structures. These topologies
consist of vertices and edges, connecting correlated parts to
form graphs. In a flexible antenna environment, specifically
in a PASS-FAS topology, such a graph-oriented conception
reflect the relationship between a base station (BS) and a user
equipment (UE). This, in turn, allows the use of a graph-
based learning architecture, including graph neural networks
(GNNs). For example, the study in [7] utilizes graph-based
learning to represent and optimize meta-material absorber
designs, while [8] employs a GNN for joint beamforming
and antenna selection optimization. However, graph-based
machine learning approaches typically employ classical neu-
ral networks with a substantial number of parameters and
operations, potentially resulting in considerable processing
overhead.

Conveniently, the growing maturity of quantum computing,
from both hardware and algorithmic perspectives, has made
complex optimization via hybrid quantum-classical learning
feasible (e.g., [9]). Related thereto, many studies have demon-
strated the potential of quantum graph-based learning and
optimization across diverse domains, including transportation
traffic prediction [10], electrical grid optimization [11], and
molecular classification [12]. However, existing literature re-
veals limited exploration on quantum graph-based learning
adoption to FAS optimization, particularly at both the BS
and the UE. This work, therefore, introduces a quantum
graph neural network (QGNN)-based solution. Its principal



contributions, along with the identified research gaps and
challenges, are described as follows:

• This work initiates the study of graph-based learning
for flexible antenna environments, particularly PASS and
FAS at both the BS and the UE. This graph-based
learning translates the vertices and edges according to
their topological representation, such that each compo-
nent of the graph effectively depicts the structure of
the flexible antenna environment. As far as can be as-
certained from the existing literature, this is an early
study that uses a learning-based approach to exploits a
flexible antenna environment, particularly a PASS-FAS
configuration, though a graph representation.1

• This work demonstrates graph extraction to the quan-
tum circuit, forming a quantum graph neural network
(QGNN). The QGNN captures the graph relation through
controlled-unitary operations: The graph’s vertices repre-
sents PASS-FAS pairs, while the edges represents infor-
mation extracted from the wireless network, particularly
channel state information. Thus, the QGNN encodes not
only feature input information, but also network topology
from the wireless environment.2 The QGNN’s parameters
are trained using the parameter-shift rule.

• The numerical results are presented to validate the ef-
fectiveness of the proposed QGNN-based solution. Fur-
thermore, the proposed QGNN-based solution aims to
maximize the user data rate through a quantum learning
workflow, jointly optimizing the selection of BS’s pinch-
ing antenna (PA) elements and the user’s fluid antenna
(FA) ports. The results show that the QGNN exhibits a
steeper decline in loss during the early learning episodes
and eventually achieve a higher rate, demonstrating ca-
pability to capture channel information and the structure
of the PASS-FAS environment.

Notations. The following notation is adopted throughout this
work: Bold-uppercase and lowercase letters represent matrices
and vectors, respectively. The symbols (·)H and (·)T represent
Hermitian and transpose matrices, respectively. The sets of
complex numbers and positive integers are denoted as C and
Z+, respectively. Assuming an arbitrary complex number b,
its complex conjugate is given by b∗. The Kronecker product
is indicated by the symbol ⊗. ∥ · ∥2 represents the Euclidean
norm.

II. WIRELESS PASS AND FAS ENVIRONMENTS

The following section provides a detailed description of the
wireless environment for PASS and FAS networks. Let us
consider downlink communication links with a BS’s PASS
waveguide mounted with N PA elements and a UE with
M ports, operating at carrier frequency of f = 28 GHz,
as shown in Fig. 1 (a). This work focuses on indoor PASS
deployment, particularly ceiling installation. To be specific,
we consider the wireless environment in a square horizontal
plane, x, y, with width Dx = 10 m and length Dy = 10 m.
The waveguide is aligned with the x axis and installed at a
height of Dz = 3 m above the floor level. In addition, each
of PA elements can move along the waveguide within the said
two-dimensional (2D) region, according to the current user
location3. We aim to identify the suitable position of each
PA element (typically closer to the user) so that each element
exhibits phase-shift delays relative to its neighboring elements.
The user, at each time step, is assumed to be distributed
according to the bivariate uniform distribution within the co-
ordinates ψuser

t = [xuser
t , yuser

t , zuser
t ], where xuser

t = [0, Dx] and
yuser
t = [0, Dy]. The UE height remains fixed at zuser

t = 0.5 m.
The system also carefully maintains equal transmit power
across all PA elements, so that the attenuation along the
waveguide is neglectable.

The baseband signal is modulated and fed into the cor-
responding waveguide via a dedicated radio-frequency (RF)
chain. The transmitted signal at the n-th PA elements can
then be written as sn = Zn · v · x ∈ CN×1, where x
denotes the transmitted symbol at particular n port, v ∈
CN×1 represents the transmit beamforming vector, and Z =
diag(z1, z2, · · · , zN ) ∈ CN×N indicates the in-waveguide
channel response from the feed point to the each PA element,
with each entry given by zm,n = e

−j2πϵER
λ

∥∥ψPA
n=0 − ψPA

n

∥∥ ∈ C.
Here, the elements of Z, each of which denoted by zm,n,
corresponds to a phase shift delay (θg) caused by the propa-
gation distance between the feed point (indicated by the index
n = 0) and the (m,n)-th PA elements. The wavelength is
defined as λ = c/f , given the light of speed c = 3× 108 m/s,
while ϵER denotes the effective reactive index, approximated
as 1.4. Therefore, the channel coefficient between a particular
PA element, located at ψPA

n , and its corresponding m-th FA

1In comparison, many studies (e.g., [13], [14]) investigate learning-based
optimization on the BS side, while others (e.g., [15], [16]) address the user
side.

2There are pertinent studies that have explored graph-based learning: The
study in [17] utilizes the classical GNN with continual learning to solve
problems in a dynamic environment. [18] presents robust controllability
learning via generating a network through spatial GNN to maintain high
precision between the training and testing datasets. [19] employs deep graph
reinforcement learning to achieve an improved secrecy rate in physical-layer
security. Despite these advancements, the adoption of quantum graph-based
learning remains unexplored.

3This work considers slow-fading channels, such that adjusting antenna
positions occurs significantly faster than the channel coherence time. Other
deployment scenarios (e.g. outdoor building) and alternative frequency opera-
tions (e.g., millimeter wave and sub-terahertz) can also be accommodated for
future studies.



Fig. 1: An Illustration of (a) the considered PASS-FAS environment, where N movable PA elements are deployed along a
waveguide and (b) the QGNN architecture for joint optimization of PA beamforming and port selection via a quantum learning
workflow.

port, located at ψFA
m , can be written as

hm,n =
√
η
e−j 2πλ ∥ψFA

m−ψPA
n ∥

∥ψFA
m − ψPA

n ∥
, (1)

where the path loss is η =
(
λ
4π

)2

. Then, concatenating all the
channel coefficients, each of which denoted by hm,n, forms
the channel matrix H ∈ CM×N .

PASS-FAS Optimization. Each PA elements transmit its
modulated symbol through the corresponding RF chain, while
each FAS port receives its own signal. Then, the achieved user
rate serves as a key indicator of the PASS-FAS performance,
with the achievable system sum rate formulated as

R =

M∑
m=1

log2

(
1 +

|hH
m Z pm|2

σ2
m

)
, (2)

where hm is the channel vector from all PA elements to the m-
th FAS user port, pm denotes the selected m-th FAS port, and
σ2
m represents the noise variance. The objective is to maximize

R by jointly optimizing the PASS beamforming matrix Z and
port selection P, which can be expressed as

maximize
Z,P

R

subject to 0 ≤ xPA,n,j ≤ LWG ∀n,
△PA,n ≥ △PA,min ∀n,
pm ∈ Popt, ∀m,
∥ZV∥2 ≤ Pmax.

(3a)

(3b)
(3c)
(3d)

(3e)
These constraints ensure the following: (i) Each PA element re-
mains within the waveguide length LWG, as conveyed in (3b).
(ii) A minimum spacing of ∆PA,min = λ/ϵER is maintained, as
described in (3c). (iii) The selected ports must belong to the
feasible set of Popt, as specified in (3d). (iv) The total transmit

power is limited according to (3e).

III. UTILIZING A QUANTUM GRAPH NEURAL NETWORK

This section discusses the integration of the PASS-FAS envi-
ronment with the hybrid quantum-classical machine learning
workflow, particularly the QGNN learning workflow, devel-
oped to address PASS-FAS optimization problems. The key
idea of the QGNN is to represent information and relationships
among wireless network entities as a graph structure. In this
context, the wireless PASS and FAS environment is modeled
as a graph of G = (V, E), where the vertices and edges
capture information and connections within the environment.
Throughout this work, we represent the mutual interactions
between PASS and FAS, such as channel coefficients, as edges,
while the individual PASS and FAS elements are represented
by vertices. For a concrete example, let the set of PASS and
FAS elements be V = {v1, v2, · · · , vm+n}, where v1 · · · vm
correspond to PA elements and vm+1 · · · vm+n correspond to
FAS ports. Then, the adjacent matrix capturing the PASS-FAS
topology is presented by an edge-weight matrix E ∈ CJ×J ,
where J = M × N corresponds to the number of network
elements within the graph. Each element of E is defined as

Ei,j =

e(i−1)M+(j−M), if i ≤M, j > M,
e(j−1)M+(i−M), if i > M, j ≤M,

0, otherwise,
(4)

where ek denotes the channel coefficient representing the
interaction between the n-th PA elements with m-th FAS ports,
with {ek} ∈ HM×N .

State Preparation and Encoding Process. As the informa-
tion is intially in the classical domain, it needs to be prepared
for processing in the quantum domain. To do so, we prepare
two quantum registers. The first, the edge register |e⟩, encodes



the information from edges into a quantum state, and requires
M × N qubits. The second, the vertex register |v⟩, requires
M+N qubits and translates the classical information from the
vertices into quantum states. We applies angle encoding (e.g.,
angular rotations around y- and z-axes), to both the edge and
vertex registers, to transform the classical data into quantum
bits in Hilbert space. Without loss of generality, the encoding
process in the edge circuit uses channel coefficient h as a
feature input. Its real and imaginary parts are separated, and
mapped into quantum angle rotations, followed by X gates to
activate all qubits in this register4. The overall operation for
the encoding process can be expressed as follows.

Uenc =

M⊗
m=1

N⊗
n=1

Xm,n,t Rz(Im(hm,n,t)) Ry(Re(hm,n,t)),

(5)

where Ry(Re(hm,n,t)) and Rz(Im(hm,n,t)) denote rotations
around the y- and z-axes of the Bloch sphere, corresponding
to the real and imaginary parts of hm,n,t ∈ C, respectively.
Similar to the edge circuit, we apply angle encoding with an
identical value to prepare the state in the vertex circuit. These
identical values in the vertex circuit represent similar entities
(e.g., PA waveguide elements and FAS ports), and symmetry
in their initial state avoids introducing bias. All PA waveguides
and FAS port pairs share the same physical configuration and
parameter (each pair has one encoded edge information). By
encoding them identically, all vertices start from a common
reference state in the Hilbert space, such that any subsequence
differences in their states arise solely from the learned message
passing and graph-embedding through the QGNN circuit.

Quantum Graph Neural Network. Having discussed the
encoding layer Uenc, we now focus on the QGNN layer,
detailing its design and operation. In this layer, we introduce
the controlled-unitary operation parameterized by a learnable
variable, denoted by CU(θ). Unlike the trainable layers in
typical parameterized quantum circuit (PQC) design, the con-
trol qubit of CU(θ) resides in the edge circuit, while the
corresponding unitary operation, incorporating two qubits, is
applied within the vertex circuit (um, vn). These particular
operations extract the information from the wireless topology
elements in (4), forming a quantum graph embedding. The
parameterized controlled-unitary operation can be compactly
written as

UQGNN(θ) =

M∏
m=1

N∏
n=1

CUem,n(um,vn)(θm,n), (6)

4As the initial state of quantum register is |0⟩, the X gates preserve
the encoded channel information while transforming the qubit basis. The X

operator, given by X =

[
0 1
1 0

]
, effectively changes the computational basis

states from X |0⟩ → |1⟩, or vice versa. By doing so, each edge qubit ensures
that only active PA–FAS links can control the subsequent unitary operations
applied to the vertex register.

with each gate defined as
CUem,n(um,vn)(θm,n) = |0⟩ ⟨0|em,n

⊗ Ium,vn+

|1⟩ ⟨1|em,n
⊗ (CZum→vn Ry(θm,n)CZvn→um

) .
(7)

Once information is transferred through the quantum domain,
the qubits cannot be interrupted during computation. To ensure
that the CU gates preserve the corresponding um and vn,
representing the PA waveguide and the FAS user port, the
SWAP gates are included within the QGNN layer5.

Quantum Circuit Measurements. Following the QGNN
layer, the measurement process is applied at the end of the
circuit. We observe the particular information in the circuit
by projecting it onto an observable operator M, resulting in
classical outcomes that can be translated into optimization
variables, such as Z and P. To accomplish this M ·N/2 = 3
chosen qubits associated with the PA waveguides are observed
(measured) in the vertex register: The expectation value of
measuring a specific M can be defined using the trace operator
Tr(·), as in

Tr
(
M · UQGNN · |ψenc⟩ ⟨ψenc| · U†

QGNN

)
. (8)

Here, |ψenc⟩ encodes the PAS-FAS graph structure, and UQGNN
processes this information according to the graph topology.
Then, by applying the measurement operator M along the
z-axis to the i-th encoded output state |ψenc⟩, the informa-
tion is projected onto the computation basis |0⟩. Finally,
the predicted measurement outcome of the QGNN is ob-
tained by taking the trace of the resulting density operator,
UQGNN · |ψenc⟩ ⟨ψenc| · U†

QGNN, considering the measurement
operator M. Furthermore, this work uses an unsupervised
approach to perform a hybrid quantum machine learning
workflow. The loss function LPA

n

(
θ
(t)
i ,Z,P;H(t)

)
, then, is

defined as the negative achieved user rate pertinent to (3). As
a result, minimizing training loss aligns with maximizing the
objective function in (3). Since the mobility of the FAS user is
assumed to be limited, such an unsupervised approach remains
effective.

Output of the QGNN. As shown in Fig. 1 (b), the learning
workflow operates in two stages of execution: in the first
stage, the PA beamforming matrix Z is obtained, and in the
second stage, the port selection P is determined at the UE side.
Consequently, the QGNN produces the following optimization
variables (as formulated in (3)):
1) With respect to PA elements: The position matrix Ψt

represents the coordinates of N PA elements deployed along
a single waveguide and is expressed as

Ψt =
[
ψ1,t · · · ψN,t

]T
, (9)

ψPA
n,t = [xPA

n,t, y
PA
n,t, z

PA
n,t] ∈ R3. (10)

Here, Ψt contains the three-dimensional coordinates of all PA
elements, at time t. Since all PA elements are mounted on
the same waveguide, the coordinates along y- and z- axes

5Theoretically, a SWAP gate allows the qubits to be interchanged without
altering the hardware. For example, SWAP(|um, vn⟩) → |vn, um⟩. To this
purpose, the swap gate is used to exchange the positions of qubits according
to their corresponding PA waveguide and FAS ports.



remain fixed, while only x-axis coordinates are optimized
for PA beamforming. According to the constraints defined in
Eqs. (3b) and (3c), each of PA elements is placed within
the physical length of its waveguide while maintaining a
minimum distance from its neighboring elements. To satisfy
these requirements, an auxiliary vector is constructed as x̃PA

t =
[x̃PA

1,t, x̃
PA
2,t, · · · , x̃PA

N,t], where the n-th entry is given by

x̃PA
n,t = x̃PA

1,t +

n∑
a=2

(
∆̃PA
a,t

)
, (11)

where ∆̃PA
a,t = max

[
∆PA,min, ba,t

LWG
N

]
and ba,t ∈ [0, 1]

is obtained from the QGNN output associated with the
PA elements. These terms ensure that both the length and
spacing constraints are satisfied. By optimizing the PA co-
ordinates, the BS beamforming matrix at time t is ob-
tained as one of the optimization variables in (3), expressed
as Zt = diag [z1,t, z2,t, · · · , zN,t], where zn,t denotes the
steering vector of the n-th PA element, given by zn =

e
−j2πϵER

λ

∥∥ψPA
0,t − ψPA

n,t

∥∥.
2) With respect to FAS ports. The port selection vector at time
t is represented as Pt = [p1,t, p2,t, · · · , pM,t]

T ∈ Z(M−1)×1
+ ,

where each pm,t ∈ Z+ denotes the selected FAS port index
associated with the n-th PA element. According to the se-
lection port constraint in (3d), the optimized port index for
each PA element choose from a discrete set of available ports,
denoted by Popt = {1, 2, · · · ,Mport} ∈ ZM×1

+ , where Mport
indicates the total number of available ports indices. To satisfy
this constraint, the QGNN output corresponding to the m-th
FAS port, bm,t ∈ [0, 1], is quantized to the nearest entry of
Popt using a scaling function π(·), defined as
pm,t = {π (Vmin) , π (Vmax)} ,
π(v) = argmin |v ·Mport − popt,u|,∀v ∈ {Vmin, Vmax} .

(12)

Here, Vmin = minm bm,t and Vmax = maxm bm,t define the
lower and upper bound of the QGNN outputs at time t,
respectively. The function π(v) maps each continuous-valued
QGNN output variable into a valid discrete of FAS port within
the set of Popt.

IV. PERFORMANCE ANALYSIS

The following section demonstrates a QGNN-based solution
for the joint optimization of flexible antenna systems. We
consider a setup comprising of a PASS at the BS and a FAS
at the UE, aiming to maximize the user rate. This involves
an indoor ceiling-mounted waveguide equipped with N = 3
PA elements. All PA elements are positioned at a ceiling
height of zPA = 3 m, with a minimum spacing of ∆PA,min.
The UE, located at 0.5 m above the floor level, operates
an FAS with M ports. The UE randomly located within a
square region of Dx ×Dy m2, following a bivariate uniform
distribution. The system operates at a carrier frequency of
28 GHz. For initialization, the PA elements are placed along
the x-axis at [0, 1, 2] m and are iteratively updated during
the training process. The QGNN requires as input both the
channel information (encoded in the edge circuit qubits, as
the state |e⟩) and the flexible antenna’s topology (encoded

Fig. 2: Training loss performance of the proposed QGNN-
based solution.

in the vertex circuit qubits, as the state |v⟩), represented
as a graph. The QGNN circuit is processed using the IBM
Qiskit AerSimulator backend, and eventually measured
with Nshots = 1024 shots. The QGNN model is trained using
a gradient descent approach with the parameter-shift rule. The
learning rate decays according to γt+1 = γt√

t+1
.

The effectiveness of the QGNN training process is shown in
Fig. 2, as the average training loss values. The “non-QGNN”
model is implemented as a PQC baseline without any graph
embedding mechanism, with the typical circuit shown in [20,
Fig. 5].6 The QGNN achieves a markedly lower loss value,
converging around −0.485, whereas the non-QGNN model
reaches only −0.129 on average. Such a substantial difference
of approximately 0.36 in the final loss values further high-
lights the improved trainability of the QGNN model. These
performance improvements arise from the QGNN’s ability to
leverage the graph-structured representation of the PASS-FAS
environment, effectively learning both the channel information
and the PA-FAS connections. By embedding these structural
correlations through its edge–vertex circuits, the QGNN can
better capture the non-linear mapping from the physical con-
figuration. In contrast, the non-QGNN relies solely on the
channel feature input to learn the parameterized rotations
approximating the optimization landscape. Consequently, it
lacks the inductive bias provided by the structure of the PASS-
FAS system, resulting in slower convergence and higher loss.

Furthermore, the reduction in training loss consistently
translates into a steady improvement in system performance,
particularly in the achieved rates, defined in (3). Fig. 3 presents
the achieved rate performance and the corresponding rate
improvement of the proposed QGNN-based solution. As ob-
served in Fig. 3 (a), the QGNN attains rates of approximately
3× 106 bps/Hz, while the non-QGNN baseline achieves only

6The number of gates and quantum operations in the baseline model is kept
identical to those employed in the QGNN for a fair performance comparison.
The baseline model is adjusted to include double-layered entanglement blocks
to match the circuit of the QGNN.



Fig. 3: The performance of the QGNN-based solution, as
indicated by: (a) the achieved user rates and (b) the percentage
rate improvement achieved over the Non-QGNN model.

around 0.8×106 bps/Hz, and remains stable across the learning
iterations. This significant gap underscores the efficacy of the
proposed QGNN workflow, as further shown in Fig. 3 (b),
where the QGNN consistently maintains an improvement
factor of about 3.7× over the baseline model. During the
early episodes, slight fluctuations are observed, corresponding
to the model’s exploration phase as it optimizes the learnable
parameters CU(θ) parameters in (7). Nevertheless, the shaded
area around the line in Fig. 3 (b) shows a narrow variance,
indicating strong training stability. These results confirm the
feasibility of the QGNN to effectively capture the flexible
antenna topology, particularly in the PASS-FAS environment,
thereby improving the wireless communication performance.

V. CONCLUSION AND FUTURE WORKS

This work presents a QGNN-based workflow to jointly
optimize flexible antennas at both the BS and the UE. The
proposed solution enables the QGNN to maximize user rates
by adaptively optimizing PASS and FAS-related parameters.
Such optimization relies not solely on channel feature informa-
tion, but also on a graph-based representation that captures the
relationships between PA elements, at the BS, and FAS ports,
at the UE. As an initial effort toward graph-based optimization
of flexible antenna systems using a QGNN, this work opens
the possibilities for quantum graph learning, particularly for
joint PASS-FASS optimization. Future extensions may include
dynamic graph representations as an adjustable circuit (e.g.,
[21]), enabling QGNNs to dynamically adapt its vertex struc-
ture and circuit configuration in response to changes in flexible
antenna topology, thus supporting more robust and intelligent
implementations of future flexible antenna systems.
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