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Quantum Machine Learning for Robust Channel
Estimation in Cyclic Prefix-Free OFDM Systems

With Impulsive Noise
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Abstract—Channel estimation in OFDM systems requires min-
imal complexity with one-tap equalizers and it is generally
performed based on pilot symbols (PS) using least squares (LS).
However, in a practical environment where impulsive noise may
be present, this method may not be effective; furthermore, the
minimal complexity required depends on cyclic prefixes (CP),
which must be sufficiently large to cover the channel impulse
response. In contrast, the use of PS and CP decreases the useful
information that can be conveyed in an OFDM frame, thereby
degrading the spectral efficiency of the system. In this context,
we propose the use of quantum machine learning algorithms for
channel estimation in OFDM systems with a reduced number
of PS, without PS, and without CP. Our approach involves
adapting classical machine learning models, specifically support
vector regression and K-means clustering, to their quantum
counterparts by integrating quantum kernels and encoding
strategies suitable for channel modeling. The performance of the
resulting quantum models is evaluated in comparison to LS and
classical learning-based estimators. The viability of our approach
is substantiated by computational simulation results obtained in
frequency-selective channel models with the presence of non-
Gaussian impulsive noise interfering with the symbols.

Index Terms—Channel estimation, OFDM systems, QML,
QSVR, QK-Means, LS.

I. INTRODUCTION

ORTHOGONAL Frequency Division Multiplexing
(OFDM) has emerged as a prominent scheme for

high-bit-rate wireless networking standards [1]–[6]. Its
primary advantage lies in its ability to eliminate intersymbol
interference (ISI) and intercarrier interference (ICI) without
requiring complex equalization filters at the receiver. While
ISI is mitigated through the use of a cyclic prefix, ICI
poses challenges in dynamic channels or when there are
local oscillator mismatches with high carrier frequency
offsets (CFOs). Common strategies to improve the useful
data rate in OFDM systems include reducing the pilot
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rate, increasing the number of subcarriers, or raising the
modulation order. However, each approach introduces specific
trade-offs. Reducing the pilot rate compromises the accuracy
of channel estimation, making the system more vulnerable
to rapid channel variations, frequency selectivity and noise.
Increasing the number of subcarriers, while maintaining the
same bandwidth to prevent adjacent channel interference,
escalates both computational complexity and the required
clock speed for signal processing. Lastly, adopting a higher
modulation order degrades the bit error rate (BER) at the
receiver.

In the context of the advancement of digital communi-
cation systems, Machine Learning (ML) has been widely
employed to address complex problems [7]–[11]. Support
Vector Regression (SVR) has demonstrated effectiveness in
tackling challenges such as channel estimation in nonlinear
environments [7], while unsupervised ML techniques like K-
Means have been proposed to solve a variety of problems
in digital communications [10], including channel estimation
[11].

The integration of Quantum Machine Learning (QML)
into modern communication networks has gained increasing
attention due to its potential to enhance data processing,
security, and network optimization. As 6G networks advance
beyond their 5G predecessors, the incorporation of Quantum
Computing (QC) is expected to play a crucial role, not
only in areas such as Quantum Key Distribution (QKD) but
also in enabling rapid data analysis and improved network
efficiency through QML techniques [12]. The convergence of
ML and quantum communication has already led to significant
advancements, particularly in optimizing quantum protocols
such as quantum key distribution, quantum teleportation, and
quantum secret sharing, enabling more secure and efficient
large-scale communication networks [13]. A key challenge in
scaling up QML systems lies in the fragile nature of quantum
processors. Despite this growing interest, several challenges
still limit the practical adoption of QML in, for example, real-
world wireless systems. Contemporary quantum processing
units (QPUs) operate in the noisy intermediate-scale quantum
(NISQ) regime, with limited qubit counts, short coherence
times, and non-negligible gate noise, which constrain circuit
depth and scalability. These limitations often push QML-based
solutions toward remote or hybrid deployments, increasing
latency and complicating real-time operation. In addition,
variational QML models suffer from trainability issues such
as barren plateaus and commonly rely on idealized data-
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access assumptions (e.g., QRAM) that are not yet realizable
in practice. Moreover, most QML-for-communications studies
remain simulation-based, while SDR and testbed demonstra-
tions, where latency and system integration challenges become
evident, are still scarce. Consequently, further advances in
algorithms, hardware, and system-level integration, including
SDR–QPU prototyping and end-to-end latency evaluation, are
required before QML can be reliably deployed in operational
wireless networks [14]–[16]. However, recent developments
in distributed quantum machine learning (DQML) propose
integrating quantum processor units (QPUs) via classical com-
munication, effectively mitigating hardware limitations while
maintaining competitive classification accuracy [17]. This ap-
proach paves the way for scalable quantum-enhanced ML
models, which can be deployed even on current intermediate-
scale quantum processors. Additionally, the synergy between
ML and quantum computing has opened new research avenues,
particularly in error correction, quantum cryptography, and
optimizing quantum network architectures [18]. Recent inves-
tigations have also expanded into adaptive modulation schemes
to improve system performance. For instance, works such
as [19] demonstrate that Quantum Fisher-preconditioning can
stabilize learning in noisy environments for link adaptation,
while [20] proposes intelligent architectures for optimizing
channel selection and modulation in dynamic conditions.

These recent advancements underscore the growing rele-
vance of QML in next-generation wireless communication
systems, reinforcing the motivation for exploring Quantum
Support Vector Regression (QSVR) and Quantum K-Means
(QK-Means) for channel estimation in OFDM systems.

In this study, we propose the use of QSVR and QK-
Means for channel estimation in an OFDM system without
a CP, particularly in frequency-selective channels with the
presence of impulsive noise. Our work aims to contribute to
the field by integrating well-established quantum algorithms
into a relevant and challenging telecommunications problem.
The removal of the CP, while beneficial for spectral efficiency,
introduces complexities that require robust estimation tech-
niques. The integration of QSVR and QK-Means into this
context represents a novel application of QML, leveraging
quantum kernels and clustering to enhance channel estimation
performance. Additionally, the experimental comparison with
classical methods demonstrates that QSVR surpasses SVR
in certain conditions, such as with 16-QAM modulation,
indicating that QML methods can offer performance gains
under specific scenarios. At the same time, the sensitivity of
QK-Means to impulsive noise highlights the need for further
exploration and refinement of quantum-based techniques for
practical deployments. By addressing a critical issue in modern
wireless communications and providing an experimentally
validated assessment of QML methods, this study aligns with
the ongoing efforts to enhance the efficiency and reliability of
next-generation wireless systems. The presented results and
discussions contribute to the growing body of research ex-
ploring the intersection of QC, ML, and telecommunications,
reinforcing the relevance and potential impact of quantum-
assisted solutions in real-world communication networks.

This article is organized as follows. Section II presents the

OFDM system modeling framework, describing the key com-
ponents and signal representations used throughout the study.
Section III presents the classical channel estimation methods,
including LS, SVR and K-Means clustering, with emphasis
on their formulation and limitations in noisy environments.
Section IV presents the quantum-based methods for channel
estimation. It includes a discussion of quantum kernels and
Pauli-based feature maps, followed by the description of the
proposed QSVR and QK-Means models. This section also
presents a theoretical analysis of the computational complexity
of classical and quantum models. Section V presents the sim-
ulation results and comparative analysis under various noise
conditions and modulation schemes. Section VI concludes the
paper and outlines possible directions for future research.

II. OFDM SYSTEM MODELING FRAMEWORK

A Single Input Single Output (SISO) scenario was con-
sidered in this study. The complete block diagram of the
implemented OFDM system is shown in Fig. 1. The system
was tested both with and without the addition of the cyclic
prefix. Additionally, the channel estimators were placed in
different positions: SVR and QSVR were applied in the time
domain, as shown in the Fig. 1, while LS, K-Means, and
QK-Means were positioned after the DFT. In this system, the
input bits (b) are mapped into frequency domain symbols (s),
which are then transformed into time domain samples (x ).
The received signal in the time domain is denoted by (y),
while its corresponding frequency domain representation is
(ŝ). Finally, the estimated bits after processing are denoted
by (b̂). These notations correspond to different stages of the
OFDM transmission and reception process.

Fig. 1: Block diagram of the implemented OFDM system.

The OFDM signal can be expressed in the time domain by
[1]

x[n] =

K−1∑
k=0

ske
j2π k

K n, (1)

where sk is the data symbol on the k-th subcarrier and K is
the number of subcarriers in the OFDM symbol.

The signal at the receiver can be written by

y[n] =

K−1∑
k=0

skHke
j2π k

K n + ωn + bngn, (2)

where y[n] is a time-domain sample before DFT transforma-
tion, Hk is the channel’s frequency response at the k-th subcar-
rier and ωn is an additive white Gaussian noise (AWGN), and
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bngn is the impulse noise modeled as a Bernoulli–Gaussian
process, i.e., the product of a real Bernoulli process bn with
Pr(bn = 1) = p and a complex Gaussian process gn [21].
Then, residual noise at the receiver side is given by the sum
of both terms zn = ωn + bngn.

III. CHANNEL ESTIMATION

Channel estimation can be performed in the time domain
or the frequency domain and with or without the use of
pilots. When using pilot symbols sp, they are typically inserted
between data symbols. These pilot symbols allow for the initial
estimation of the channel’s frequency response across a subset
κp of subcarriers, known as pilot positions, with a cardinality
|κp|. Then, the channel’s frequency response is interpolated
across the remaining K−|κp| subcarriers. Therefore, the signal
at the receiver can be rewritten as

y[n] =
∑
k∈κp

sp(k)Hp(k)e
j2π k

K n + en, (3)

where, y represents the received signal in the time domain;
sp(k) denotes the pilot symbol transmitted on the k-th subcar-
rier; Hp(k) represents the frequency response of the channel
at the k-th subcarrier and

en =
∑
k/∈κp

s(k)H(k)ej2π
k
K n + zn (4)

covers residual noise and interference from non-pilot sub-
carrier data symbols. Here, these unknown symbols carrying
information will be considered as noise for the time domain
estimation methods. It is well known that for a channel
impulse response with a maximum of L resolvable paths (and,
consequently, degrees of freedom), then |κp| ≥ L [22].

For estimation without the use of pilots (blind estimation),
the estimator must extract information about the channel
from the data. In this case, the receiver knows the type of
modulation applied to the data at the transmitter and estimates
the phase and amplitude deviation caused by the channel. With
this information, it is possible to describe the channel and
equalize the data.

In this study, we will evaluate the performance of vari-
ous channel estimation techniques. The estimators selected
for comparison have been carefully chosen based on their
relevance and effectiveness in the context of our investigation:

A. LS

The least squares (LS) channel estimator yields the esti-
mation of the channel’s frequency response at the pilot tone
positions as referenced in [23]

Ĥ(k) =
ŝp(k)

sp(k)
, (5)

where ŝp(k) represents the received signal on the k-th sub-
carrier in the frequency domain, while sp(k) denotes the pilot
signal transmitted on the k-th subcarrier. Following the esti-
mation process, a linear interpolation technique is employed to
derive the channel’s frequency response across all subcarriers
within the OFDM symbol.

B. SVR

SVR is an extension of the widely-known Support Vector
Machine (SVM) technique, initially proposed by Drucker et
al. [24]. While SVM aims to find an optimal hyperplane for
classification tasks, SVR seeks an optimal hyperplane with
an ε-tube around it to accommodate a continuous output
variable. This ε-tube ensures that most data points fall within
its boundaries. Like SVM, SVR employs the kernel trick to
map the input data into a higher-dimensional feature space,
facilitating linear regression analysis.

Considering that SVR was originally designed to operate
on real-valued samples [25], we adapt our methodology to
handle OFDM symbols, which are typically complex-valued.
Our proposed SVR estimator is divided into two parallel
estimators, each focusing on either the real part ℜ(y[n]) or the
imaginary part ℑ(y[n]) of the OFDM symbol. For simplicity
and clarity, we detail only the estimation process for the
real part below, as the development for the imaginary part
is analogous.

Considering the slack variables ξ+i and ξ−i , respectively, for
the positive and negative components in the real part, we arrive
at a formulation whose task boils down to minimizing:

1

2
∥Hp(k)∥2 + C

l∑
i=1

(ξ+i + ξ−i ), (6)

subject to

ℜ(y[n])−
∑
k∈κp

ℜ(sp(k)Hp(k)e
j2π k

K n) ≤ ε+ ξ+i ; (7)

−ℜ(y[n]) +
∑
k∈κp

ℜ(sp(k)Hp(k)e
j2π k

K n) ≤ ε+ ξ−i ; (8)

ξ+i , ξ
−
i ≥ 0, (9)

where l is the number of training constraints (i.e., slack
variable pairs) derived from the real-valued received samples.

In the imaginary part, a similar procedure is performed.
The positive constant C determines the trade-off between
the flatness of the hyperplane and the amount up to which
deviations larger than ε are tolerated [3].

By making zero the primal-dual functional gradient with
respect to Hp(k), we get the Lagrange multipliers φ+

n and φ−
n

for the positive and negative components, respectively. The
expression for channel estimated real values at pilot positions
is:

ℜ(Ĥp(k)) =

K−1∑
n=1

(φ+
n − φ−

n )ℜ(sp(k)), (10)

After estimating the real and imaginary parts of Ĥp(k), we
combine the values to obtain the complex estimation of Ĥp(k).

SVR allows for the use of different kernel functions such
as linear, polynomial, or radial basis function (RBF). The
choice of kernel depends on the nature of the problem and
the characteristics of the dataset. In this study, we employ a
variety of kernels, including traditional ones such as the linear
and RBF, alongside the innovative quantum kernel.
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C. K-Means

Traditional channel estimation methods rely on pilot signals,
which consume spectral resources and reduce efficiency. An al-
ternative approach is to use unsupervised learning techniques,
such as K-Means, to estimate the channel directly from the
received symbols, eliminating the need for pilots [11]. In this
context, K-Means is applied to group the received symbols
into clusters that correspond to the modulated constellation
points.

K-Means is an unsupervised learning algorithm widely used
for data clustering, which organizes unlabeled data points into
distinct groups based on similarity. Unlike supervised meth-
ods, the input data used by K-Means does not have predefined
class labels. Instead, the algorithm iteratively partitions the
data into clusters by minimizing intra-cluster variance, making
it particularly suitable for problems where underlying structure
must be inferred directly from the data.

Clustering algorithms can be classified as exclusive, over-
lapping, hierarchical, or probabilistic. K-Means falls under the
“exclusive” or “hard” clustering category, where each data
point belongs strictly to one cluster. This type of analysis is
commonly applied in domains such as market segmentation,
document and image clustering, and compression tasks, owing
to its conceptual simplicity and computational efficiency. As
a centroid-based method, K-Means operates by initializing
cluster centroids and refining them iteratively to minimize the
distance between data points and their assigned centroid. The
centroid, which represents the center of a cluster, is typically
computed as the mean of all points in that cluster.

In a communication system employing QPSK modulation,
the received symbols naturally form four clusters in the
complex plane, each corresponding to a different symbol in
the constellation [26]. Given N received symbols and M = 4
expected clusters, the centroid of each cluster Sm, denoted
cm,k, is calculated as the average of the symbols assigned to
that cluster [27]:

cm,k =
1

|Sm|
∑

ŝk∈Sm

ŝk, m = 1, 2, 3, 4, (11)

where ŝk represents the received symbol at subcarrier k.
Assuming normalized QPSK symbols (unitary magnitude:

|sm| = 1), the centroids cm,k approximate the channel
response Hk scaled by the transmitted symbols sm. The
channel’s amplitude Ak and phase θk at subcarrier k are
derived as follows:

Ak = exp

(
Re

(
1

4

4∑
m=1

log(cm,k)

))
, (12)

where the logarithmic averaging cancels noise and isolates the
channel gain. And

θk = Im

(
1

4

4∑
m=1

log(cm,k)− π

)
, (13)

where subtracting π corrects for the inherent π
4 -rotational

symmetry of QPSK symbols. Finally, the estimated channel
response at each subcarrier is given by:

Ĥ(k) = Ake
jθk . (14)

This method has advantages over least squares (LS)-based
estimation, as the noise effect can be mitigated through the
averaging operation on the clusters, making the method more
robust to additive noise.

Although classical K-Means provides a viable approach to
pilotless channel estimation, its computational complexity can
become a limiting factor, especially for large-scale scenarios.
To address this, we will later introduce a QK-Means algorithm,
which aims to improve clustering efficiency and potentially
improve the overall estimation performance.

IV. QUANTUM METHODS FOR CHANNEL ESTIMATION

A. Quantum Kernels

Quantum kernels play a fundamental role in QML by using
quantum computing principles to process and analyze data.
They extend classical kernel methods into a quantum frame-
work, allowing the representation of complex data structures
in higher-dimensional quantum feature spaces [28]–[30]. This
approach is particularly advantageous in learning tasks where
conventional methods struggle to efficiently capture intricate
relationships, such as in high-dimensional or nonlinearly sep-
arable problems [31].

At the core of quantum kernel methods lies the quantum
feature map, which implements the kernel trick in a quantum
setting [29]. A quantum feature map is a function ϕ : X →
H that embeds a classical data point x into a corresponding
quantum state in a Hilbert space. The quantum kernel function
K(xi,xj) measures the similarity between two data points
xi and xj by computing the fidelity between their respective
quantum feature states |ϕ(xi)⟩ and |ϕ(xj)⟩. Mathematically,
the quantum kernel is defined as:

K(xi,xj) =
∣∣⟨ϕ(xi)|ϕ(xj)⟩

∣∣2. (15)

Here, the quantum feature states are generated by applying
a parameterized unitary transformation Uϕ(x) to an initial
reference state:

|ϕ(xi)⟩ = Uϕ(xi)|0⟩. (16)

On a quantum computer, the kernel matrix is estimated by
executing a quantum circuit for each pair of training sam-
ples [32]. The kernel value, which reflects the fidelity of two
quantum states, can be approximated by measuring the prob-
ability of obtaining an all-zero bit-string in the computational
(Z) basis. During inference, the prediction for a new data
point x is performed by computing its kernel similarity with
the support vectors, which typically form a small subset of
the training data, thereby reducing the computational overhead
compared to evaluating against all training samples [33].

B. Pauli Feature Maps

The Pauli Feature Map, introduced by Havlı́ček et al. [30],
is a quantum feature mapping method that uses Pauli gate
operations to efficiently encode classical data into quantum
states. This encoding enables the representation of higher-
order correlations between input data points, allowing quantum
kernel methods to capture complex relationships that may
not be easily discernible using classical approaches. Such
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capabilities are particularly useful in tasks like classification,
regression, and clustering, where accurately capturing data
dependencies is crucial for predictive performance.

This mapping transforms an input vector x ∈ Rd into an
d-qubit quantum state |ψ(x)⟩ by applying a unitary operator

UΦ(x) =
∏
r

UΦ(x)H
⊗d, (17)

where

UΦ(x) = exp

(
i
∑
S∈I

ϕS(x)
∏
k∈S

Pk

)
. (18)

In this formulation S denotes a set of qubit indices describing
the connectivity of the feature map, I is the collection of
all such index sets and Pk ∈ {I, X, Y, Z} are Pauli opera-
tors applied in the encoding. The operator H represents the
Hadamard gate, which is applied to each qubit in the initial
state as H⊗d. The variable r is the number of repetitions
in (17) to obtain UΦ(x). The encoding function is defined as
follow:

ϕS : x 7→

{
xi if S = {i},
(π − xi)(π − xj) if S = {i, j}. (19)

The encoding function (19) was designed to capture both
individual feature contributions (xi) and pairwise interactions
(xi, xj), enabling the quantum model to represent complex
data relationships in the Hilbert space [30]. However, other
encoding strategies may be considered depending on the
problem at hand. Recent works have explored methods to
analyze and optimize quantum feature maps, including criteria
for determining their suitability for classification tasks [34].

C. QSVR
In our study, we integrate a 5-qubit quantum kernel into

SVR algorithm for channel estimation in OFDM systems.
The QSVR model takes advantage of quantum-enhanced
feature mapping to improve estimation accuracy, capturing
complex non-linear relationships within the received signal.
The number of pilot tones, crucial for an accurate estimation,
corresponds to the number of qubits in our quantum model.

To configure the QSVR model effectively, we systemati-
cally explored different hyperparameters, including: (i) feature
encoding functions, (ii) Pauli matrix sequences, (iii) number
of repetitions, and (iv) types of entanglement, evaluating
their impact on performance. These configurations were im-
plemented using the PauliFeatureMap class from the Qiskit
Python package [35]. Specifically, the number of repetitions
(r) refers to how many times the encoding function is applied,
influencing the richness of the feature space, while the type
of entanglement determines how qubits are interconnected,
affecting how information is distributed across the quantum
system.

For illustration, consider a 2-qubit feature map with the
following configuration: (1) Encoding function ϕS(x) = ϕS ;
(2) Interaction set I = {{1}, {2}, {1, 2}}; (3) Pauli operators
Pk, where each Pk is a Pauli Z matrix acting on the k-th
qubit. With this setup, Equation (18) simplifies to:

Uϕ(X) = e(i(x1Z1+x2Z2+(π−x1)(π−x2)Z1Z2)). (20)

The sequence of Pauli matrices Z1, Z2, and Z1Z2 in Eq.
(20) is represented as [Z,Z,ZZ], which corresponds to the
ZZFeatureMap. This example clarifies the notation used to
define Pauli sequences in our feature maps [30].

During our experimental setup, we tested multiple feature
encoding functions, specifically those proposed by Suzuki et
al. [34], as well as different Pauli matrix sequences of the
form:

[P1, P2, P3P4], with Pi ∈ {I, X, Y, Z}. (21)

Additionally, we explored various entanglement structures,
ranging from linear to full connectivity, and examined different
values for the number of repetitions in the encoding layers.
After extensive testing across these configurations, we found
that the best results were achieved using the ZZFeatureMap
as the feature map, linear connectivity for entanglement, and
a single repetition (r = 1).

Although this configuration yielded the most accurate re-
sults, the underlying reasons for its superiority are not yet
fully understood. Further exploration into how entanglement
topology and encoding depth influence model performance
may provide deeper insights into this behavior. In particular,
the role of entanglement in enhancing the learning capacity of
quantum kernels remains an open question.

While numerous configurations were tested, we present
results for the best-performing case, as it provides the most
relevant insights into the potential of QSVR for channel
estimation. A more detailed investigation of the impact of
different encoding choices is beyond the scope of this work but
remains an important direction for further understanding the
effectiveness of quantum kernels in communication systems.

D. QK-Means

The distance calculation in the K-Means algorithm can be
improved using a quantum approach to estimate the distances
between dataset points more efficiently [36]. In this section,
we describe how distance computation is performed in the
quantum version of K-Means.

First, we encode two classical data points, x and y, which
are complex numbers, into the quantum states |x⟩ and |y⟩,
respectively. This is achieved by applying the U3 gate to the
initial state |0⟩, preparing the desired quantum states. The U3

gate is defined as

U3(θ, π, 0) =

[
cos
(
θ
2

)
−eiπ sin

(
θ
2

)
eiπ sin

(
θ
2

)
cos
(
θ
2

) ]
, (22)

where θ represents the phase of the complex number being
encoded.

Once the data points are encoded, we apply the SWAP
test to compute the distance between them based on the
orthogonality of their quantum states. Let |x⟩ and |y⟩ be the
quantum states obtained after applying the Hadamard gate and
angle encoding to the initial |0⟩ states.

To implement the SWAP test, we first create a superposition
by applying a Hadamard gate to an ancilla qubit, |0anc⟩. We
then perform a controlled-SWAP operation, using |0anc⟩ as the
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control qubit. Finally, another Hadamard gate is applied to the
ancilla, leading to the transformation:

|0anc⟩ |x⟩ |y⟩ →

{
1
2 |0anc⟩ (|x⟩ |y⟩+ |y⟩ |x⟩)+
1
2 |1anc⟩ (|x⟩ |y⟩ − |y⟩ |x⟩). (23)

The complete quantum circuit is illustrated in Fig. 2:

|0⟩anc H • H

|0⟩ H U3 ×

|0⟩ H U3 ×

Fig. 2: Swap Test circuit used to estimate the inner product
between two quantum states.

The probability of measuring |0anc⟩ is given by:

P (0anc) =
1

2
+

1

2
|⟨x|y⟩|2. (24)

The term |⟨x|y⟩|2 quantifies the similarity between quantum
states |x⟩ and |y⟩, enabling distance inference between data
points x and y. The fidelity measure, computed via the SWAP
test circuit, serves as the basis for minimizing the clustering
objective function:

argmin
S

k∑
i=1

∑
x∈Si

(
1− |⟨x|ci⟩|2

)
, (25)

where ci represents the centroid of cluster Si. The algorithm
proceeds through classical K-Means iterations (Section III-C),
with quantum distances maintaining accuracy as shown in
Figs. 3, 4, and 5, consistent with prior work [36], [37].

E. Complexity of Classical and Quantum Models

Channel estimation in CP-free OFDM presents significant
computational challenges, including increased computational
load due to larger search spaces in estimation algorithms and
instability in traditional methods when dealing with impul-
sive noise and high-dimensional frequency-selective channels.
These challenges are particularly pronounced in frequency-
selective channels affected by impulsive noise. Classical meth-
ods, such as LS and MMSE estimators, face trade-offs be-
tween computational efficiency and accuracy, particularly in
CP-free OFDM where inter-symbol interference and noise
sensitivity are exacerbated. Although MMSE provides better
performance in frequency selective channels, its computational
cost makes it prohibitive for practical applications. To address
these limitations, this study investigates the potential of QSVR
and QK-Means for CP-free OFDM channel estimation. Using
quantum kernel methods and quantum clustering techniques,
these approaches aim to improve feature representation and
computational scalability, particularly in frequency-selective
and impulsive noise environments.

Classical SVR is a well-established regression technique
for channel estimation [38], [39]; however, its worst-case

computational complexity of O(N3) in the quadratic pro-
gramming step can be a major limitation, particularly in real-
time OFDM systems with high subcarrier counts and rapidly
changing channel conditions. In practice, heuristic methods
such as SMO [40] and sparse approximations [41] can signif-
icantly reduce the effective complexity, making SVR feasible
in some real-time scenarios, though these techniques often
involve trade-offs in accuracy and adaptability. In scenarios
where the channel impulse response (CIR) is highly frequency
selective, the dimensionality of the channel estimation problem
in OFDM systems can increase significantly, exacerbating the
computational burden. These challenges motivate the explo-
ration of alternative approaches, such as quantum-enhanced
regression techniques, to achieve more scalable and efficient
channel estimation.

The computational complexity of classical and quantum
methods diverges significantly in high-dimensional regimes,
as summarized in Table I, where N represents the number
of training samples and d is the data dimension. Classical
methods often struggle with the exponential growth of feature
space dimensionality, leading to increased computational bur-
den and inefficient scalability. In contrast, quantum methods,
particularly those utilizing Quantum Random Access Memory
(QRAM), can efficiently encode and access high-dimensional
data representations, enabling computational advantages over
classical approaches [42]. As shown in Table I, QRAM-based
quantum algorithms demonstrate improved scaling in kernel-
based learning tasks.

Criterion Classical SVR QSVR [42]

Kernel Evaluation O(d) O(logN)
Kernel Matrix O(N2d) O(logNd)
Training O(N3) O(logNd))
Data Dimensionality Struggles for d ∼ 103 Handles exponential d

TABLE I: Comparison of computational complexity for SVR
and QSVR approaches.

QSVR takes advantage of quantum kernel methods to
encode frequency-domain channel data into high-dimensional
Hilbert spaces. As discussed in [30], quantum kernels enable
implicit feature mapping, which in certain cases may lead to
improved model expressiveness. However, practical computa-
tional speedups remain contingent on efficient quantum data
access and noise robustness, as current quantum kernel eval-
uations scale at least quadratically in N and require O(N3)
measurements to maintain generalization performance in the
presence of noise [43]. Our experimental results on quantum
simulators suggest that QSVR can enhance regression perfor-
mance in 16-QAM modulation scenarios, particularly in the
presence of sparse, high-magnitude noise. This improvement
appears to stem from the expressive power of quantum feature
maps in capturing nonlinear channel distortions and reducing
prediction error. However, further investigation is required to
validate these advantages on real quantum hardware.

The computational advantages of quantum methods extend
beyond regression tasks to unsupervised learning paradigms
such as clustering. Classical K-Means, a cornerstone algorithm
for partitioning data into M groups [44], faces scalability
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bottlenecks in CP-free OFDM systems when clustering data
in the presence of ISI or with impulsive noise. Each iteration
of classical K-Means involves calculating pairwise Euclidean
distances between N data points and M centroids in d-
dimensional space (O(NMd)), assigning points to the nearest
cluster (O(NM)), and updating centroids (O(Nd)), resulting
in an overall per-iteration complexity of O(NMd). While
heuristic optimizations exist, the quadratic dependence on N ,
M , and d becomes prohibitive for real-time applications with
dynamic channel conditions.

QK-Means addresses these limitations by redesigning key
steps through quantum parallelism [42]. Data points are en-
coded into O(logN) qubits via amplitude embedding [45],
a process requiring O(N logN) initial operations to prepare
quantum states. Once encoded, quantum subroutines replace
classical computations: distances are calculated using Swap
tests [46] with O(logN) complexity per data-centroid pair
(assuming parallel execution across all pairs), and Grover’s
search [47] reduces cluster assignment from O(M) to O(

√
M)

per point. However, centroid updates remain classical (O(Nd))
because computing the mean of quantum-encoded data re-
quires measurement, which collapses quantum superposition
into classical values.

A detailed comparison of classical and quantum K-Means
complexities is provided in Table II. While the quantum variant
theoretically reduces scaling in distance and assignment steps,
its practical efficacy depends on efficient state preparation and
error-resilient hardware. For example, the O(N logN) initial-
ization cost of amplitude embedding, often underemphasized
in theoretical analyses, can dominate the run time for small
N . Additionally, Swap tests require high-fidelity qubits to
preserve coherence in parallel execution, making large-scale
implementations challenging. These constraints are similar to
those in QSVR, where quantum kernel evaluations depend on
stable quantum hardware and, in some cases, efficient QRAM
access.

Step K-Means QK-Means

Initial Encoding O(1) O(N logN)
Distance Calculation O(NMd) O(NM logN)

Cluster Assignment O(NM) O(N
√
M)

Centroid Update O(Nd) O(Nd)

TABLE II: Computational complexity comparison between K-
Means and QK-Means.

V. RESULTS

To validate the proposed QSVR and the QK-Means ap-
proach, and to compare their performance against the classical
SVR and LS in channel estimation, we analyzed mean square
error (MSE) curves, where

MSE = E[|H − Ĥ|2] (26)

considering the simulation parameters summarized in Ta-
ble III.

In the proposed QSVR estimator, each pilot tone used
during channel estimation gives rise to one feature in the

Parameter Value
Number of subcarriers (K) 16
Subcarrier modulation QPSK and 16-QAM
Cyclic prefix length (subcarriers) 4 and 0
Number of pilot subcarriers (Sp) 5
channel impulse response [1 0 0.3 + j0.3]

channel coherence band 0.5
(in terms of system bandwidth)

TABLE III: Simulation parameters.

regression model, and the Pauli-based quantum feature map
encodes these features using one qubit per dimension. Conse-
quently, the number of qubits is exactly equal to the number of
pilot tones. In standard OFDM configurations, increasing the
number of subcarriers typically requires increasing the number
of pilot tones to maintain estimation accuracy and avoid exces-
sive interpolation gaps. Under this feature-map architecture,
such an increase will proportionally increase the number of
qubits and thus the size of the quantum circuit. Because the
cost of simulating quantum circuits grows exponentially with
the number of qubits, large OFDM scenarios are not compu-
tationally feasible on classical hardware. For this reason, our
study focuses on a controlled comparative analysis under a
tractable configuration rather than on scalability optimization.
Future work may explore adaptive pilot strategies or alternative
quantum encodings that reduce qubit requirements.

Since our goal is to evaluate the performance of the al-
gorithms in a frequency-selective wireless channel, we se-
lected a two-tap multipath channel with impulse response
given by h[n] = δ[n] + (0.3 + 0.3j)δ[n − 2], i.e., h =[
1 0 0.3 + 0.3j

]
, [48]. This channel model meets the re-

quirements for the proposed tests.
In this work, the unit was considered in terms of subcarriers

(since the channel is discrete and normalized by the sampling
rate), so we can consider that the coherence bandwidth of the
channel is: Bc ≈ 1

τmax
= 1

2 = 0.5 (in terms of normalized
frequency or system bandwidth).

To enable testing with all estimators, a packet-based trans-
mission was considered. For the SVR and QSVR estimators,
each packet consists of a header formed by two OFDM sym-
bols containing only the pilot tones in their specific positions
sp(k), k ∈ κp and zero in the other subcarriers. These two
symbols will generate two sequences of 16 samples in the
time domain, which will be used to obtain the support vectors
of the regressor, as described in section III-B. For the LS
estimator, each packet contains 10 OFDM symbols containing
data and interleaved pilots, in the proportion 3 : 1. At the pilot
positions, the frequency response of the channel is estimated,
and then a linear interpolation is performed. And, in the K-
Means and QK-Means estimators, packets with 10 OFDM
symbols containing only data were used to obtain the centroid
and estimate the channel, as described in section III-C. For
each estimator, 100 packets were transmitted to calculate the
average and estimate the MSE .

We studied the performance variation in the system due to
changes in the kernel and free parameters of the SVR, the
type of coding of the classical data into quantum ones in the
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QSVR and the amount of data required for the estimation using
K-Means and QK-Means. For the SVM-based estimators, we
tested the linear, radial and polynomial kernels and varied the
parameter C from 1 to 1000. The optimal parameter found for
C was C = 100, and kernel RBF. To generate the quantum
kernel and calculate the distance between the centroids and
samples in the QK-Means, we used the Qiskit Python pack-
age [49] to execute the tasks in a local quantum simulator. The
number of blocks transmitted in the K-Means and QK-Means
estimator was gradually increased until perfect convergence
in the average was observed, this fact was obtained with the
transmission of around 1000 blocks. Fig. 3 shows the MSE
performance as a function of the signal-to-noise ratio (SNR)
for the first test with cyclic prefix and Gaussian noise.

Fig. 3: MSE performance comparison in OFDM system with
CP and AWGN.

Analyzing the performance of the MSE obtained from
the tested estimators, we observe in Fig. 3 that the MSE
curve obtained with the LS estimator does not decay due
to the small number of pilot tones, which caused significant
spacing between them and poor estimation of the interpolated
subcarriers. Several tests, varying the number of subcarriers
and pilot tones, were performed with the LS estimator and
corroborate the conclusion presented. In contrast, the curves
obtained with the SVR, QSVR, K-Means and QK-Means
estimators demonstrate good performance in terms of MSE.
It is important to remember that K-Means and QK-Means,
because they do not use pilot tones, act on all subcarriers and,
therefore, do not require interpolation, in addition to requiring
a large volume of data for perfect convergence to the mean,
demanding a large volume of data processing and increasing
the computational complexity of the system. Another point
that deserves attention is that the interpolation of SVR and
QSVR is performed during the FFT, since the estimation is

performed in the time domain. This fact reduces the volume
of data processing and the computational complexity of the
system.

Fig. 4 shows the MSE performance as a function of SNR
for the second test, where the system operates with a CP and
is subject to impulsive noise. The impulse noise distortion
follows a Bernoulli–Gaussian process with p = 0.05 and the
impulse power is set 20 dB higher than the signal variance
at the receiver input. The MSE curves for the LS and SVR
estimators remain unchanged compared to the first test, which
was performed without impulsive noise. This suggests that,
under the adopted transmission parameters, impulsive noise
has a negligible impact on these estimators. In contrast, the
MSE curves obtained with the QSVR, K-Means and QK-
Means estimators show a worsening in performance, likely
due to their sensitivity to impulsive noise. However, QSVR
maintains the expected reduction in MSE as SNR increases,
suggesting that the quantum kernel retains useful structural
properties from the input data despite this degradation. This
behavior can be attributed to the quantum kernel’s ability
to map input data into a higher-dimensional Hilbert space,
making samples more distinguishable. As SNR increases, the
impact of noise diminishes, allowing the quantum feature map
to better preserve the underlying data structure. Consequently,
the model’s generalization capability improves, leading to a
steady decline in error. The expressibility of the quantum
feature map plays a key role in this process, as an effective
mapping enhances the robustness of the regression model,
ensuring error reduction even in the presence of some per-
formance degradation.

These results indicate that impulsive noise slightly changes
the input signal characteristics, which are analyzed in more
detail below. Additionally, a plateau is observed in the MSE
curves of the K-Means and QK-Means estimators, suggesting
their increased susceptibility to impulsive noise. This behavior
implies that their clustering-based structure struggles to adapt
effectively to the presence of non-Gaussian noise.

In the third test, the CP was removed from the system
while the impulsive noise and AWGN were maintained. The
MSE performance as a function of SNR for this test is
shown in Fig. 5, where we observe that the MSE curves
for LS, SVR and QSVR estimators remain nearly unchanged
compared to previous tests with CP. This result suggests that
the absence of CP does not significantly affect the performance
of these estimators under the adopted transmission parameters.
Conversely, the MSE curves for K-Means and QK-Means
show a significant deterioration, reinforcing their sensitivity to
interference noise, likely due to the clustering-based structure,
which may struggle with the increased symbol dispersion in
the absence of CP.

To further investigate the slightly worse performance of
QSVR compared to SVR, a final test was conducted using
a different modulation scheme. This test was motivated by
the use of QPSK modulation, where symbol differences are
only in phase, while amplitude remains constant. We assumed
that this behavior could be more appropriate to the RBF kernel
used in SVR than to the quantum kernel of QSVR, which may
depend on broader feature distributions. To evaluate this, we
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Fig. 4: MSE performance comparison in OFDM system with
CP and impulsive noise

Fig. 5: MSE performance comparison in OFDM system with
impulsive noise and without CP.

tested the 16-QAM modulation, which introduces both phase
and amplitude variations in the constellation. In this test we
included the LMMSE algorithm with the channel correlation
matrix and Gaussian noise variance known to the receiver [50].
The purpose of this inclusion is to observe the behavior of
a classical optimal algorithm with the parameters adopted in
this simulations. The results, presented in Fig. 6 confirm that
QSVR outperforms SVR in this setting, supporting the idea
that the performance of QSVR is strongly influenced by the

nature of the training samples and how they are mapped into
quantum bits during kernel generation. The K-Means and QK-
Means estimators were not included in this test, since they
were developed for QPSK modulations and their study for
16-QAM modulation is beyond the scope of this work. Since,
with 16 centroids of different amplitudes and phases, obtaining
the unambiguous channel frequency response becomes a new
problem to be investigated. The LS estimator performed very
poorly, as expected, due to its inability to efficiently deal with
interfering noise, as discussed in previous tests. The LMMSE
estimator performed very similarly to the LS estimator, and
this is justified by the same reasons. Tests were also performed
with the LMMSE in various scenarios, which corroborated the
conclusion reached, showing that improving its performance
requires a larger number of pilots.

Fig. 6: MSE performance comparison in OFDM system with-
out CP with 16-QAM modulation.

VI. CONCLUSIONS

This work investigated the application of QML techniques,
specifically QSVR and QK-Means, for channel estimation in
OFDM systems. While these algorithms are established in
the ML literature, their use in wireless communications is
still limited. By adapting them to OFDM channel estimation
and evaluating their performance under various transmission
conditions, this study contributes to bridging QML and com-
munication systems. Simulations covered realistic scenarios
including AWGN, impulsive noise, limited pilot density, and
absence of CP. The LS and LMMSE estimator showed poor
performance in pilot-sparse environments due to interpolation
and noise sensitivity. K-Means and QK-Means performed well
under AWGN without requiring pilots but demanded large
datasets and were vulnerable to impulsive noise and ISI. Both
SVR and QSVR demonstrated robustness under such adverse
conditions, with QSVR outperforming SVR in multilevel
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modulations like 16-QAM, indicating the quantum kernel’s
superior ability to extract structural features from input data.
Although the experiments relied on classical simulations, the
results suggest that using scalable quantum hardware with
idealized QRAM could significantly reduce computational
complexity. This study reinforces the feasibility and potential
benefits of applying QML to wireless communication tasks.

Future work may explore more advanced quantum kernel
architectures tailored for communication signals, integration
with quantum channel models, and the application of these
methods in emerging areas such as 6G networks and massive
MIMO. Additionally, Blind channel estimation study with K-
Means and 16-QAM modulation. And, investigating hybrid
quantum-classical schemes that combine quantum feature ex-
traction with classical post-processing may offer a promising
path toward practical deployment in near-term quantum de-
vices.
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