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Abstract—Radio frequency fingerprint identification (RFFI)
offers a promising physical-layer method to authenticate devices
based on unique hardware impairments. However, existing RFFI
systems use deep learning (DL) models that are resource-
intensive. Training is particularly demanding, requiring repeated
updates to a large number of parameters. In this paper, we
introduce a quantum-assisted training (QAST) framework to
address training inefficiencies in RFFI. QAST integrates a
quantum neural network (QNN) with a mapping network to
generate parameters for a classical DL model. This indirect
training strategy substantially reduces the number of trainable
parameters and the overall memory requirements compared to
direct training of the DL model. We achieve this by introducing
a multimodal mapping network that effectively learns the QNN
output. This network generates multiple classical parameters
from a shared quantum representation, thereby reducing qubit
requirements and lowering the risk of barren-plateau-related
trainability degradation. We also propose a new embedding
method that reduces the size of the embedding matrix and
yields a 15% to 30% reduction in training time. The tailored
QAST framework trains the RFFI model while requiring only
10% of the original number of parameters while maintaining
comparable accuracy, thereby substantially reducing memory
and computational overhead and enabling efficient training or
retraining in resource-limited environments.

Index Terms—Device authentication, model compression,
quantum machine learning, radio frequency fingerprint identifi-
cation (RFFI), training optimization.
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I. Introduction

Wireless communications are now integral to every aspect
of modern life, and the need to ensure device security and
authenticity has intensified. By their nature, wireless devices
are vulnerable to a wide range of threats, including denial-
of-service attacks, impersonation attacks, man-in-the-middle
attacks, and unauthorized access [2]. Wireless networks are
generally protected by cryptographic means. However, cryp-
tographic solutions usually involve key management and can
require significant computational power, which may not be
suitable for edge devices or resource-constrained systems [3].

In this context, radio frequency fingerprint identification
(RFFI) offers an alternative, non-cryptographic approach to
physical layer-based authentication. The idea behind RFFI
is to exploit the unique characteristics of radio frequency
(RF) hardware front-end to identify a particular device [4].
Unique signatures are superimposed on transmitted RF sig-
nals as a result of subtle manufacturing imperfections found
in hardware components such as oscillators, amplifiers, and
modulators [5]. These attributes can then be exploited to
differentiate among devices, even if they are from the same
manufacturing batch [6]. RFFI has the potential to provide a
powerful approach to security for various types of wireless
technologies, including long-range (LoRa) [6], ZigBee [7],
and Wi-Fi [8]. Recently, the robustness of the classification
accuracy of RFFI models and their resistance to channel
variations have been investigated, with the authors of [9]–
[11], reporting high success rates for device recognition. These
findings demonstrate that RFFI has significant potential as a
device authentication solution.

Despite this promise, the practical deployment of RFFI faces
a number of challenges, such as the intensive computation
and memory required for training and retraining RFFI mod-
els. Modern RFFI systems need sophisticated deep learning
(DL) models, such as convolutional neural networks (CNNs),
multilayer perceptrons (MLPs), and recurrent neural networks
(RNNs) to tackle the high-dimensional, dynamic, and noisy
RF signals [12]–[14]. These models typically require millions
of parameters [6], imposing substantial computational and
memory costs. Moreover, during the training process, these
parameters must be continually updated, further increasing
the resource burden. This issue is discussed in detail in
Section III-B.

To address the model complexity, several compression
strategies have been explored. In [15], the authors demon-
strated that structured pruning can reduce convolutional layers
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by 27.2x, as well as deliver inference speed-ups of 11.5x on
field-programmable gate arrays (FPGAs) and 3x on smart-
phones, while causing only a drop in accuracy of less than 1%.
Similarly, the authors of [16] proposed unstructured pruning
for an RFFI model, enabling the removal of up to 70%
of weights post-training without compromising classification
accuracy. However, these methods primarily target the infer-
ence phase and assume offline training. The full model must
still be stored and trained over several epochs. In addition,
prior work [17], [18] applied knowledge distillation (KD)
to transfer knowledge from a large pretrained teacher to a
compact student. However, KD requires a large pretrained
teacher, which must itself first be trained at full size, and
therefore leaves the issue of training inefficiency unresolved.

In this context, quantum machine learning (QML) offers
much promise. Relying on underlying quantum principles, in-
cluding superposition, entanglement, and quantum parallelism,
QML can deal with high-dimensional and noisy RF signals
in an effective way [19]–[22]. Both experimental results and
theoretical analyses indicate that QML can enhance accu-
racy, reduce model complexity, and speed up convergence in
certain applications [23]–[25]. However, QML is still in its
early stage and faces several key challenges, particularly in
encoding large-scale datasets due to qubit coherence limits
and circuit complexity [26], [27]. Practical deployment is
further hindered by the need for quantum hardware during
inference, which is impractical given the current scarcity
of scalable quantum computers. An emerging solution to
these limitations is QuantumTrain (QT), initially introduced
for image classification tasks [28], [29]. The QT framework
incorporates a quantum parameter generator (QPG), which
combines a quantum neural network (QNN) with a classical
mapping network to generate trainable parameters for a DL
model. This design bypasses the data encoding bottleneck
by processing inputs entirely in the classical domain. The
trained model remains purely classical, enabling inference
on standard hardware while retaining the benefits of QML-
assisted training. This approach improves training efficiency
and significantly reduces the number of trainable parameters
compared with conventional training methods.

In this paper, we propose a novel quantum-assisted training
(QAST) framework for RFFI systems, building upon the QT
approach by introducing an embedding strategy and a mapping
network. Specifically, we tackle one of the most pressing
bottlenecks in QT, which is excessive training time. We do
this by introducing a new embedding method that reduces
the size of the embedding matrix, thereby decreasing the
computational load on the mapping network and reducing
the training time of the QAST framework. Additionally, we
introduce a multimodal mapping network (MultiMapNet) that
efficiently converts quantum outputs into classical parameters
through a grouping strategy. This design enhances the utiliza-
tion of QNN outputs, reduces qubit requirements, mitigates
the risk of barren-plateau-related trainability degradation, and
enables stable, scalable training. Our main contributions are
highlighted as follows:

• We identify and address a significant limitation of many
existing RFFI systems that is often overlooked—their high

computational and memory demands during training,
which makes them difficult to implement, especially in
resource-limited scenarios.

• We propose a new embedding strategy for QAST frame-
work that employs sine and cosine functions restricted to
one complete cycle to provide quantum state information
corresponding to the output probabilities of the QNN.
The new embedding function reduces the size of the
embedding matrix from [P × (Q + 1)] to [P × 3],
independent of the qubit count Q, thereby reducing the
computational load on the mapping network.

• We introduce a MultiMapNet that generates multiple
classical parameters from a shared quantum representa-
tion and leverages multimodal learning to capture output
probability distributions effectively. Instead of mapping
each QNN output to a single parameter, MultiMapNet
generates multiple parameters from a single QNN output
feature. This design enhances the utilization of QNN
outputs. By adjusting the group size and treating the
number of qubits as a tunable hyperparameter, the ap-
proach reduces qubit overhead and thereby lowers the
risk of barren-plateau-related trainability degradation in
the QAST framework.

• We conduct extensive experiments to evaluate the per-
formance of our proposed approach by using QAST
to train an RFFI model to classify commodity Wi-Fi
devices. We experimentally demonstrate that the proposed
QAST framework enables the training of DL-based RFFI
models with 90% fewer parameters than models trained
using classical methods, without compromising accuracy
relative to classical methods. The results also show that
the proposed embedding method can reduce training time
by more than 15% for 5–6 qubits and more than 30%
for 7–10 qubits, compared with the existing embedding
strategy utilized in the QT framework.

The rest of the paper is organized as follows: Section II
introduces some quantum computing preliminaries. Section
III presents the RFFI system and defines the research chal-
lenges. Section IV details the design of the QAST framework,
while Section V analyzes its parameter efficiency. Section VI
presents the experimental setup and highlights the key results.
Finally, Section VII concludes the paper.

II. Quantum Computing Preliminaries

A. Qubits and Quantum States

A qubit is the basic unit of quantum computing. Classical
bits exist exclusively in states of 0 or 1.Unlike classical bits,
qubits can exist in superpositions of the basis states |0⟩ and
|1⟩, which can be represented mathematically as

|ψ⟩ = a|0⟩+ b|1⟩, (1)

where a and b are complex amplitudes satisfying the nor-
malization condition |a|2 + |b|2 = 1. Upon measurement, the
qubit collapses to |0⟩ or |1⟩ with probabilities |a|2 and |b|2,
respectively [30].



3

In quantum mechanics, measurement outcomes are inher-
ently probabilistic. The probability of obtaining a specific
outcome corresponding to a basis state |i⟩ is given by [31]

pi = |⟨i|ψ⟩|2, (2)

where |i⟩ is a computational basis state (e.g., |00 · · · 0⟩,
|00 · · · 1⟩) and |ψ⟩ is the quantum state before measurement.
The inner product ⟨i|ψ⟩ yields the probability amplitude asso-
ciated with observing the system in state |i⟩. This amplitude
is a complex number, so the probability is obtained by taking
the squared magnitude (i.e., |⟨i|ψ⟩|2). The notation |·⟩, called
a ket, denotes a quantum state as a column vector, while
⟨·|, called a bra, denotes its conjugate transpose, yielding a
row vector whose elements are the complex conjugates of the
corresponding ket components.

B. Quantum Gates and Parameterized Quantum Circuits
Quantum gates are the essential components of quantum

circuits used to manipulate quantum states. Parameterized
quantum gates are a subset of quantum gates that allow fine-
tuning of quantum operations through adjustable parameters.
These gates are primarily classified into two groups: single-
qubit gates and multi-qubit gates. For example, a parameter-
ized single-qubit gate is the U3 gate, which has three real
rotation parameters θ, φ, λ. It is represented as a 2×2 unitary
matrix, indicating that it acts on a single qubit (since gates
acting on n qubits are represented by 2n × 2n matrices).

U3(θ, φ, λ) =

[
cos

(
θ
2

)
−eiλ sin

(
θ
2

)
eiφ sin

(
θ
2

)
ei(φ+λ) cos

(
θ
2

)] . (3)

Multi-qubit gates perform operations on two or more qubits
and play a crucial role in establishing quantum correla-
tions, especially entanglement among qubits. For example, the
controlled-U3 (CU3) gate is employed to create entanglement
between qubits. The CU3 gate applies the U3 operation to a
target qubit conditioned on the state of the control qubit and
is defined as follows [32]

CU3(θ, φ, λ)q0,q1 =


1 0 0 0
0 cos

(
θ
2

)
0 −eiλ sin

(
θ
2

)
0 0 1 0
0 eiφ sin

(
θ
2

)
0 ei(φ+λ) cos

(
θ
2

)
 ,
(4)

where q0, q1 denote the control and target qubits, respectively.
Parameterized quantum circuits (PQCs) are typically com-

posed of layers of parameterized single-qubit gates and multi-
qubit gates. When a PQC is used as a QNN, the parameters of
these gates are treated as trainable variables that are iteratively
updated through classical optimization. This training process
enables the circuit to minimize a task-specific loss, such as
classification or regression problems.

III. Conventional RFFI Approach and Problem
Statement

A. Conventional RFFI System
As shown in Fig. 1, there are Nc devices under test (DUTs)

to be classified by a receiver (Rx). A conventional DL-based
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Fig. 1. The overall RFFI system model.

(a) (b)

Fig. 2. Preamble part of a Wi-Fi packet. (a) In-phase part of the time-domain
signal. (b) The power spectrogram.

RFFI system consists of two stages, i.e., training and inference.
In the training stage, labeled packets from various known
devices are collected to form a training dataset, which is
subsequently used to train the DL model. Once training is
complete, the DL model is employed in the inference stage to
identify the transmitting device.

1) Signal Processing: In both the training and inference
stages, the raw received signals undergo signal processing,
including carrier frequency offset (CFO) compensation, nor-
malization, and signal representation.

Specifically, for Wi-Fi signals, CFO compensation is first
applied to reduce its impact on RFF feature extraction [13].
Next, power normalization is performed to ensure consistency
across signals [13]. An example of the normalized signal is
shown in Fig. 2(a).

Signal representation in RFFI converts the time-domain
in-phase and quadrature (IQ) samples to a proper domain
to reveal hardware features. In the literature, various signal
representations have been employed for RFFI, including IQ
samples, the magnitude of fast Fourier transform (FFT) results,
and spectrograms derived from the short-time Fourier trans-
form (STFT) [13]. In this work, we adopt the spectrogram as
the signal representation because of its ability to capture both
time and frequency domain information.

The normalized signal is transformed into the
time–frequency spectrogram by applying a discrete-time
STFT, which can be defined as

X (k,m) =

N−1∑
n=0

x [n+mH]w [n] e−j2π k
N n, (5)

where X(k,m) denotes an element of the complex STFT
matrix, m = 1, 2, . . . ,M is the window index, and k =
0, 1, . . . , N − 1 is the frequency bin index. The function w[n]
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TABLE I
Architecture of the classical CNN model

Layer Block Output Shape Parameters

Conv2d(1→8) + BN + MP [8, 17, 10] 96
Conv2d(8→16) + BN + MP [16, 9, 6] 1,200
Conv2d(16→32) + BN [32, 11, 8] 4,704
FC (2816 → 128) 128 360,576
Dropout (0.3) 128 0
FC (128 → 15) 15 1,935

Total — 368,511

represents the windowing function of length N applied to each
segment of the signal, and H is the hop size, determining the
number of samples by which the window shifts each time. In
this study, the window length N is set to 32 samples, and the
hop size H is set to 16 samples.

The absolute value of the complex matrix X is computed,
which effectively removes the phase information, preserving
only the amplitude of X . The power spectrogram, computed
in the logarithmic domain, is obtained from (5) as

XdB = 10 log10

(
|X|2

)
, (6)

which is used as the input to the RFFI model. An illustration
of this representation is shown in Fig. 2(b).

2) Deep Learning Model: Various DL models have been
utilized in RFFI systems, such as CNNs, RNNs, and MLPs. In
this work, we are inspired by the CNN-based RFFI model pro-
posed in [6] and use it as a case study, as CNNs are well-suited
for processing spectrograms. The CNN architecture is shown
in Table I. It is built with three sequential 2D convolutional
layers, utilizing 3×3 kernel sizes and containing 8, 16, and
32 filters, respectively. Each convolutional stage incorporates
batch normalization (BN) and employs the rectified linear unit
(ReLU) activation function. To reduce spatial dimensions and
extract dominant features, 2×2 max-pooling (MP) layers are
inserted after the first and second convolutional layers. A
dropout layer is included prior to the fully connected (FC)
layers to mitigate overfitting. The final FC layer comprises
128 neurons and employs the Leaky ReLU activation function,
accompanied by a dropout rate of 0.3.

B. Problem Statement
RFFI models require significant computational and memory

resources, particularly during the training stage. This issue is
further exacerbated in real-world deployments, where RFFI
models must be continually fine-tuned on newly collected data
to support on-the-fly learning. Continuous training is essential
because the hardware characteristics can drift over time due
to factors such as aging, necessitating frequent model updates
to maintain identification accuracy.

With the rapid expansion of wireless networks, the number
of connected devices continues to rise, placing increasing
demands on computational and memory resources. In RFFI
systems, this trend directly affects the scalability of model
training and retraining, as the growing number of devices pro-
duces larger and more diverse datasets that must be processed.

Accommodating such datasets often necessitates the use of
more complex DL models to achieve accurate device identifi-
cation. However, training these models for RFFI is inherently
resource-intensive, particularly in terms of memory consump-
tion, as the total footprint includes memory for storing not
only the model parameters, but also the associated gradients,
optimizer states, and the intermediate activations that must be
retained for backpropagation [33], [34]. As a result, traditional
training methods are often impractical in environments with
constrained computing and memory resources. This limitation
highlights the pressing need for training-efficient models capa-
ble of supporting on-the-fly learning in RFFI systems without
overburdening the underlying infrastructure.

IV. Quantum-Assisted Training Framework
A. Overall Quantum-Assisted Training Framework

Our QAST framework is a hybrid quantum-classical ma-
chine learning approach designed to enhance the training
efficiency of classical neural networks by leveraging quantum
computing. The overall structure of the QAST framework is
illustrated in Fig. 3.

At its core, QAST employs a QPG to dynamically produce
the parameters (weights and biases) of a target classical model,
such as the CNN model commonly used in the RFFI. The
QPG comprises three modules: a QNN, an embedding module,
and a mapping network. The QNN, implemented as a PQC,
generates a measurement probability vector from quantum
computations. In the embedding module, the probability vector
is augmented to indicate that the probabilities correspond
to a unique computational basis state. Finally, the mapping
network, a classical neural network, translates these augmented
probabilities into the weights and biases of the model. Notably,
QAST treats classical DL architectures generically, relying
only on the total number of parameters C rather than their
specific structure.

In this framework, the classical CNN neither stores inter-
mediate layer activations nor trains its own weights. Instead,
the QPG is responsible for producing the required parameters
dynamically for each forward pass. As a result, only the QNN
and mapping network are trained, thereby reducing trainable
parameters compared to conventional approaches.

B. Quantum Neural Network
In this work, a QNN utilizes the U3 gate, a single-qubit

gate that enables precise manipulation of quantum states [32],
and the CU3 gate, which is employed to create entanglement
between qubits. The QNN structure is given in Fig. 3(a),
which shows the layering of PQC (U3 and CU3 gates) over Q
qubits. Notably, the CU3 gate is often designed with a circular
layout in quantum circuit diagrams. This layout visually rep-
resents the conditional nature of the gate, where the control
qubit influences the application of the U3 gate to the target
qubit [32]. As the CU3 gate requires both a control and a target
qubit, the minimum number of qubits required to construct the
QNN is two. The CU3 gate is crucial for constructing multi-
qubit interactions within the QNN, enabling the generation
of complex quantum states necessary for learning tasks. We
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Fig. 3. The proposed quantum-assisted training framework. (a) Quantum parameter generator. (b) Classical CNN based RFFI model. (c) Gradient calculation.

represent the QNN as a function f(β), where β is the set
of trainable parameters. The QNN output quantum state is
expressed as

|ψ(β)⟩ =
(∏

i

CU i,i+1
3

∏
j

U j
3

)
|0⟩⊗Q, (7)

where U j
3 denotes a single-qubit U3 rotation applied to qubit

j, CU i,i+1
3 is a controlled-U3 gate with control qubit i and

target qubit i+1,
∏

i and
∏

j denote ordered products of gates
applied sequentially over qubit indices i = 1, . . . , Q − 1 and
j = 1, . . . , Q, respectively. With Q qubits, the Hilbert space
has dimension 2Q, hence 2Q possible measurement outcomes.

The measurement outcome probabilities of the QNN output
state |ψ(β)⟩ in the P = 2Q computational basis can be
collected into the probability vector

Ψ =


|⟨ϕ1|ψ(β)⟩|2

...
|⟨ϕk|ψ(β)⟩|2

...
|⟨ϕP |ψ(β)⟩|2

 , (8)

where |ϕ1⟩ denotes the first computational basis state
(|00 · · · 0⟩), k ∈ {1, 2, . . . ,P} indexes the computational basis
state, and |⟨ϕk|ψ(β)⟩|2 is the probability of obtaining the
outcome |ϕk⟩ upon measurement.

Each U3 gate and each CU3 gate has three independently
trainable rotation parameters, as defined in (3) and (4), re-
spectively. In a single block, one U3 is applied to each of the
Q qubits and one CU3 is applied per qubit in the circular

entangling layer, yielding six trainable parameters per qubit.
The number of trainable QNN parameters is therefore

Nβ = 6Q, (9)

for the single-block configuration (nblocks = 1) used in this
work. For L blocks, the count generalizes to Nβ = 6QL.
While the U3 and CU3 gates share the same parameter count,
their parameter values are distinct and independently trainable.

C. Embedding

The primary objective of the embedding function is to
enrich the measurement probabilities by providing information
that indicates these probabilities correspond to a unique com-
putational basis state. This enriched representation provides
the mapping network with richer information, thereby enabling
more effective learning.

1) Existing Method: In [28], [32], the authors constructed
the embedding matrix by combining the measurement proba-
bility |⟨ϕk|ψ(β)⟩|2 with the corresponding computational basis
state |ϕk⟩. The embedding matrix can be expressed as

E(Ψ) =


|ϕ1⟩ ∥ |⟨ϕ1|ψ(β)⟩|2

...
...

...
|ϕk⟩ ∥ |⟨ϕk|ψ(β)⟩|2

...
...

...
|ϕP⟩ ∥ |⟨ϕP |ψ(β)⟩|2

 , (10)

where the ∥ represents the concatenation operation, and the
matrix E(Ψ) ∈ [0, 1]P×(Q+1). For instance, the first row of
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the embedding matrix E(Ψ), can be given as

E(Ψ)1 = |ϕ1⟩ ∥ |⟨ϕ1|ψ(β)⟩|2 (11)
= [0, 0, . . . , 0︸ ︷︷ ︸

Q elements

, |⟨ϕ1|ψ(β)⟩|2]. (12)

Because classical DL parameters can be both positive and
negative, the basis-state matrix is encoded such that each
qubit’s state is assigned a value of −1 for |0⟩ and +1 for |1⟩.
Thus, the matrix E(Ψ) ∈ [−1, 1]P×(Q+1). The embedding ma-
trix is illustrated in Fig. 4(a). For example, the computational
basis states of a two-qubit system are represented as

Φ =


−1 −1
−1 +1
+1 −1
+1 +1

 . (13)

However, the existing method presents a significant scala-
bility challenge when training a very large DL model as the
number of qubits Q increases. The embedding matrix grows
exponentially with Q, which significantly impacts computa-
tional efficiency. This not only increases memory usage but
also leads to substantially longer processing times.

2) Proposed Method: To address these limitations, we
propose a new embedding function that is inspired by the posi-
tional encoding used in the Transformer model [35], a widely
adopted architecture in natural language processing. Rather
than employing multiple frequencies, which can introduce
unnecessary complexity, our method introduces a compact si-
nusoidal embedding based on sine and cosine functions within
a single period. This approach ensures a unique representation
for each computational basis state and generates outputs with
both positive and negative values. The proposed embedding
matrix can be mathematically described as

E(Ψ) = [E0, E1,Ψ] , (14)

where E0 and E1 are embedding vectors, which provide
a compact, unique tag for every measurement probabilities.

Therefore, the triplet [E0, E1,Ψ] preserves the identity of the
corresponding computational basis state associated with each
probability. Expanding (14) explicitly

E(Ψ) =


E0,0, E1,0, |⟨ϕ1|ψ(β)⟩|2

...
...

E0,ke
, E1,ke

, |⟨ϕk|ψ(β)⟩|2
...

...
E0,P−1, E1,P−1, |⟨ϕP |ψ(β)⟩|2

 , (15)

where E0,ke
and E1,ke

are the two sinusoidal embedding
components, defined as

Eι,ke
= sin

(
ke
P
2π +

ιπ

2

)
, (16)

where ι = 0, 1 is the embedding index, and ke is the quantum
state index with ke ∈ {0, 1, 2, . . . ,P − 1}.

When ι = 0, the embedding is a sine function

E0,ke = sin

(
ke
P
2π + 0

)
= sin

(
ke
P
2π

)
. (17)

When ι = 1, the embedding is

E1,ke
= sin

(
ke
P
2π +

π

2

)
= cos

(
ke
P
2π

)
. (18)

which becomes a cosine function. Thus, the pair of sinusoidal
embedding components for a given k is

(E0,ke , E1,ke) =

(
sin

(
ke
P
2π

)
, cos

(
ke
P
2π

))
. (19)

Since sine and cosine functions range from −1 to 1, the
embedding outputs contain positive and negative values.

We now prove that this embedding is unique for each
computational basis state.

Theorem 1 (Uniqueness of the Pair of Sinusoidal Embedding
Components): Let Q ∈ N be a positive integer, and let
ke ∈ {0, 1, . . . ,P−1}. Then the pair of sinusoidal embedding
components (E0,ke

, E1,ke
) is unique for each distinct k.

Proof: Suppose, for the sake of contradiction, that there
exist ke1 ̸= ke2 ∈ {0, 1, . . . ,P − 1} such that

(E0,ke1
, E1,ke1

) = (E0,ke2
, E1,ke2

). (20)

This implies

sin(ξke1) = sin(ξke2) and cos(ξke1) = cos(ξke2), (21)

where ξke
= 2πke

P ∈ [0, 2π).
Using the cosine difference identity and the Pythagorean

identity,

cos(ξke1
− ξke2

) = cos ξke1
cos ξke2

+ sin ξke1
sin ξke2

= cos ξke1
cos ξke1

+ sin ξke1
sin ξke1

= cos2 ξke1
+ sin2 ξke1

= 1.

(22)

Hence cos(ξke1
− ξke2

) = 1, which means ξke1
− ξke2

= 2πm
for some m ∈ Z. Moreover, since ξke1 , ξke2 ∈ [0, 2π), so
we have m = 0 and thus ξke1 = ξke2 . This contradicts the
assumption that ke1 ̸= ke2.
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Therefore, no two different angles in [0, 2π) have the same
sine and cosine values. Hence each k yields a unique pair of
sinusoidal embedding components.

The new embedding is illustrated in Fig. 4(b). The key
benefit of this method is that it significantly reduces the
computational load on the mapping network by decreasing the
size of the embedding matrix from E(Ψ) ∈ [−1, 1]P×(Q+1)

to E(Ψ) ∈ [−1, 1]P×3, regardless of the number of qubits Q.
This substantial reduction in dimensionality eliminates a major
bottleneck in existing approaches and results in a much faster
and more scalable QAST framework, especially as the number
of qubits increases. However, it introduces a minor trade-off in
terms of accuracy. This slight reduction in accuracy, compared
to the original high-dimensional embedding, will be elaborated
in Section VI-C4.

D. Mapping Network
A crucial step in the QAST framework is to map the

embedded probabilities to the trainable parameters of the target
DL model. For example, a classical DL-based RFFI model
that comprises CDL trainable parameters can be represented as
a function Z(θ), with

−→
θ DL = (θ1, θ2, . . . , θCDL) denotes the

trainable parameter vector. To map the probabilities (obtained
from the embedding matrix) to the target parameters, a classi-
cal neural network is used as a mapping model, denoted by G
with tunable parameters Θ. The classical parameters generated
by the QAST framework can be expressed as

−→
θ = GΘ(E(Ψ)). (23)

1) Existing Mapping Network: In [28], [32], the authors
employ an MLP as a mapping network, whose architecture
is shown in Fig. 4(a). The number of qubits needed for CDL
parameters is defined as

Q = ⌈log2 CDL⌉ . (24)

One of the limitations of the current MLP-based mapping
network is its simultaneous processing of the entire embedding
matrix, which can hinder the model’s capacity to accurately
learn the distribution of quantum measurement probabilities.
Moreover, the existing mapping network utilizes a one-to-
one mapping scheme, where each individual measurement
probability is mapped to a single parameter of the classical
DL model

GMLP
Θ (E0,ke

, E1,ke
, |⟨ϕk|ψ(β)⟩|2) = θk, (25)

where θk denotes the k-th DL parameter.
For example, to train our CNN with CCNN = 368,511

parameters, the QAST-MLP framework requires 19 qubits, as
determined by (24). While current quantum hardware can, in
principle, accommodate 19 qubits, the memory footprint and
execution time of quantum algorithms both scale exponentially
with the number of qubits, making such an implementation
impractical. Additionally, QNNs suffer from the phenomenon
of barren plateaus, where the cost-function gradient vanishes
exponentially as the network size increases [36], [37], which
severely affects the training process.

2) Proposed Mapping Network: To address these chal-
lenges, we introduce MultiMapNet, a multimodal mapping
network designed to improve scalability, reduce quantum re-
source demands, and enhance the model’s ability to learn
measurement probability distributions. The key idea is to
restructure the mapping network so that multiple classical
parameters are generated from a measurement probability,
rather than mapping each measurement probability to a single
parameter. This grouping strategy allows for more efficient
use of quantum information and reduces the total number
of qubits required. Let nB denote the number of classical
parameters derived from a single quantum representation. The
total number of groups, nG = ⌈CDL/nB⌉, is then determined
accordingly, where each group contains nB parameters.

The proposed MultiMapNet architecture consists of two
main components: an inner network and an outer network,
portrayed in Fig. 4(b). The inner network is motivated by
the Kolmogorov-Arnold Theorem [38], which indicates that
multivariate functions can be represented as sums of univari-
ate functions. Following this principle, we design the inner
function gin(·) by assigning a dedicated inner network to each
input variable, which are the embedding components E0,ke ,
E1,ke , and the probability |⟨ϕk|ψ(β)⟩|2. Each is processed
independently by a dedicated sub-network. The inner function
is defined as

gin
(
E0,ke

, E1,ke
, |⟨ϕk|ψ(β)⟩|2

)
= K1(E0,ke

) + K2(E1,ke
)

+ K3

(
|⟨ϕk|ψ(β)⟩|2

)
,

(26)

where each Ki is a learned univariate function assigned
for each variable. This independent processing disentangles
the contributions of each variable, enabling more accurate
modeling of QNN measurement probabilities.

The outer network is an MLP model gout(·) that transforms
the aggregated output of the inner network into a matrix of
classical parameters with shape [nG, nB ], where each row cor-
responds to one group of parameters. This matrix is flattened
into a vector of length nG × nB . This final output serves as
the raw parameter vector

−→
θ for the classical DL.

GMultiMapNet
Θ (E(Ψ)) = gout (gin (E(Ψ))) =

−→
θ . (27)

While MultiMapNet increases complexity, it effectively ad-
dresses the inefficiencies of one-to-one mapping in the QAST
framework. By restructuring the parameter mapping process,
the required number of qubits is reduced from Q = ⌈log2 CDL⌉
to Q = ⌈log2 nG⌉. This design enables active control over
the number of qubits by adjusting the number of classical
parameters derived from a single quantum representation. Such
control is crucial in the QAST framework because it helps
reduce qubit overhead, thereby lowering the risk of barren-
plateau-related trainability degradation, as discussed further in
Section VI-C3. In addition, MultiMapNet enhances the capa-
bility of the model to learn quantum measurement distributions
by independently processing each variable, thereby isolating its
influence.
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Algorithm 1 QAST Framework
Input: Dataset D; classical CNN Z(θ); QNN f(β); mapping

network GMultiMapNet
Θ ; total parameter count CCNN; tar-

get number of qubits Q
Output: Classical parameters

−→
θ

1: nG ← 2Q

2: nB ←
⌈CCNN

2Q

⌉
3: for each epoch do
4: for each mini-batch (x, y) ∈ D do
5: Measure probabilities Ψ from QNN f(β)
6: E(Ψ)← [E0, E1, Ψ]

7:
−→
θ ← GMultiMapNet

Θ (E(Ψ))

8: ŷ ← Z(x;
−→
θ )

9: Calculate LCE

10: Update Θ and β via backpropagation
11: end for
12: end for
13: return

−→
θ

E. Training Flow for QAST Framework
The training flow is outlined in Algorithm 1. It begins

with initialization: the QNN is configured, qubits are selected,
and the mapping network is set up. During the forward
pass, the generated parameters are injected into the classical
CNN model to produce predictions and compute the task
loss. In the backward pass, gradients are computed and back-
propagated to update the mapping network, QNN parameters,
thereby refining the parameter generator and improving overall
performance.

1) Initialization and Qubit Selection: To initialize the
framework, we determine the desired number of qubits, which
are related to the target level of parameter efficiency. Details
on parameter efficiency are provided in Section V.

Using the number of qubits and the total number of param-
eters in the classical CNN model, we then construct the QNN
and design the mapping network by specifying the parameters
nB and nG, which are given by

nG = 2Q, nB =

⌈
CCNN

2Q

⌉
. (28)

2) Forward Pass and Parameter Update: At each training
iteration, the QPG generates the full set of CNN parameters.
We then replace the CNN’s parameters with

−→
θ produced by

the QPG. To do so, we use PyTorch’s functional operators (e.g.,
F.conv2d, F.linear), which accept weight and bias
as arguments and thus allow on-the-fly parameter injection
into the corresponding layers, as detailed in Fig. 3(b). After
the parameter update, the CNN processes an input x from the
training set to produce the prediction ŷ

ŷ = Z(x;
−→
θ ). (29)

For the multi-class classification task, the cross-entropy
(CE) loss measures the discrepancy between predicted proba-
bilities ŷ and ground-truth labels y

LCE = − 1

NBatch

NBatch∑
i=1

Nc∑
c=1

yi,c log(ŷi,c), (30)

where NBatch is the batch size.
3) Backward Pass and Optimization: After the forward

pass, we obtain the CE loss from (30). Gradient calculation is
applied to obtain the gradients for the mapping network and
the QNN, as detailed in Fig. 3(c). Gradients for the classical
mapping network parameters are given by

∂LCE

∂Θ
=

(
∂LCE

∂G(Θ)

)⊤
∂G(Θ)

∂Θ
, (31)

where ∂LCE/∂G(Θ) is obtained by applying the chain rule
through the CNN and the mapping network G(Θ), while
∂G(Θ)/∂Θ denotes the Jacobian of G(Θ) with respect to Θ.

For the quantum parameters β = [β1, β2, . . . , βNβ
] in

the QNN, gradients are obtained using the parameter-shift
rule [39], [40], given by

∂f(β)

∂βi
=

1

2

[
f
(
β(i+)

)
− f

(
β(i−)

)]
, (32)

where β(i±) = [β1, . . . , βi± π
2 , . . . , βn] denotes the parameter

vector with only βi shifted by ±π
2 while others unchanged.

The gradient of the CE loss with respect to β is then
computed using the chain rule

∂LCE

∂β
=

(
∂LCE

∂f(β)

)⊤
∂f(β)

∂β
, (33)

where ∂LCE/∂f(β) is obtained by applying the chain rule
through the CNN and the QNN and ∂f(β)/∂β is the Jacobian
matrix, obtained using (32).

These gradients are then backpropagated through the QAST
framework, updating only the QNN and the mapping network
within the QPG, while the classical CNN model remains non-
trainable.

V. Parameter Efficiency Analysis
As presented in Table II, the MultiMapNet model comprises

a total of 370 + 6 × nB parameters. Therefore, the total
number of parameters of the QAST framework is the sum of
the parameters of the QNN and the MultiMapNet. The total
number of parameters in the QAST framework is given by

CQAST = 6Q+ (370 + 6× nB) . (34)

Substituting nB =
⌈
CCNN/2

Q
⌉

into the above equation yields

CQAST = 6Q+

⌈
6CCNN

2Q

⌉
+ 370. (35)

The percentage improvement in parameter efficiency
achieved by the QAST framework relative to the classical
method is ∆C (%) = (1− CQAST/CCNN)×100. Based on (35),
we can obtain the parameter efficiency as follows

∆C(%) =

(
1− 6Q

CCNN
− 6

2Q
− 370

CCNN

)
× 100. (36)

In the QAST framework, where Q is significantly smaller
than CCNN, both terms 6Q/CCNN and 370/CCNN become negli-
gible. Therefore, the parameter efficiency can be approximated
as

∆Capprox(%) ≈
(
1− 6

2Q

)
× 100. (37)
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TABLE II
Detailed architecture of the MultiMapNet model

Component Layer Type Output
Shape Parameters

Inner Function† FC (1 → 6) + BN 6 24
FC (6 → 1) 1 7

Outer Function FC (3 → 8) + BN 8 48
FC (8 → 16) 16 144
FC (16 → 5) 5 85
FC (5 → nB) nB 6× nB

Total - - 370 + 6× nB

†The inner function is applied independently to each of the 3 input variables
(repeated 3 times)

40 20 0 20 40 60 80 100
Parameter Efficiency (%)

2
3
4
5
6
7
8
9

10
11
12
13
14
15

Qu
bi

ts
 (Q

)

-50.0
25.0

62.5
81.3

90.6
95.3
97.7
98.8
99.4
99.7
99.8
99.9

99.98
99.99

Fig. 5. Approximate parameter efficiency for qubit counts Q= 2 to 15.

This approximation reveals that the parameter efficiency
improves exponentially with the number of qubits Q, demon-
strating the efficiency of the QAST framework in terms of
model compression. We evaluate the percentage reduction for
Q from 2 to 15, setting the minimum at Q = 2 because a
CU3 gate requires both a control and a target qubit; therefore,
at least two qubits are needed to construct the QNN.

As illustrated in Fig. 5, the QAST framework starts to
exhibit parameter efficiency over the baseline model when
Q ≥ 3. The parameter efficiency increases substantially with
additional qubits, rising from 25% at Q = 3 to 62.5% at
Q = 4, 81.3% at Q = 5, and reaching 90.6% at Q = 6.
These results highlight the effectiveness of QAST, as more
than 90% parameter efficiency can be achieved with only 6
qubits. However, beyond Q = 10 (where efficiency reaches
99.4%), further improvements become negligible, with only a
0.59% gain observed between Q = 10 and Q = 15.

VI. Experimental Evaluation
This section evaluates the QAST framework’s ability to

train RFFI models with significantly fewer parameters while
maintaining performance comparable to that of conventional
training. We conduct experiments using quantum circuit sim-
ulations implemented with PyTorch and TorchQuantum [41].

We assume an ideal, noise-free quantum system for precisely
measuring quantum state amplitudes during the training of
the QAST framework. The reported training time corresponds

Tx Rx
TP-Link UGREEN Tenda

(a) (b)

Fig. 6. The experiment setup and devices. (a) Transceiver setup. (b) Wi-Fi
dongles.

USRP N210

Processor

Dongle - x

AP

Fig. 7. The data collection setup.

to ideal quantum-circuit simulation and therefore does not
reflect the end-to-end execution latency that would be incurred
on real quantum hardware. While current quantum hardware
often yields lower accuracy for QNNs compared to noise-free
simulations due to noise and limited qubit coherence [36],
it is anticipated that rapid advancements in this area suggest
that scalable quantum computing may become feasible within
the next decade [42], [43]. Moreover, recent studies [39], [44],
[45] have shown that QNNs can achieve performance in noise-
free simulations comparable to that expected on real quantum
devices. Notwithstanding, we emphasize that our focus in this
study is to develop a QAST-based algorithm for RFFI and
assess its performance compared to classical approaches.

A. Experimental Setup

1) Hardware and Collection Tools: To assess the perfor-
mance of the proposed QAST framework for the purpose of
RFFI, we consider Wi-Fi device identification. In this work,
as illustrated in Fig. 6, we utilized a USRP N210 software-
defined radio (SDR) as the receiver and employed 15 Wi-Fi
dongles as the DUTs. The Wi-Fi dongles were manufactured
by three different vendors (TP-Link, UGREEN, and Tenda),
and all use the RealTek RTL8821CU, which is a highly
integrated single-chip solution. For data collection, the DUTs
were connected to a Linux laptop, which sent ping packets
to a Wi-Fi access point (AP) to generate a continuous packet
stream. The antennas on the DUTs and receiver were verticaly
polarized. On the receiver side, the USRP N210 was linked to
another Linux laptop running PicoScenes [46] to decode the
Wi-Fi packets and store signals to the dataset. A diagram of
the data collection setup is shown in Fig. 7.
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2) Data Collection Scenarios: To ensure that the reduction
in trainable parameters facilitated by the QAST framework
does not compromise the model’s ability to generalize across
physical layer variations, we conducted data collection for
three commonly encountered communication scenarios to cap-
ture RFF characteristics under varying channel conditions: 1)
static line-of-sight (LOS); 2) static non-line-of-sight (NLOS);
and 3) mobile. The details of each scenario are as follows.

1) Static LOS: The DUTs and the USRP N210 receiver
were placed on the same table in an office, 5 m apart,
with a clear line of sight between transmitter and re-
ceiver. This setup provides baseline RFF characteristics
with minimal channel distortion.

2) Static NLOS: The DUTs were placed inside an office
while the USRP N210 receiver was positioned on a
table in the corridor, approximately 3 m away, with
a concrete wall separating them, simulating realistic
indoor environments where obstacles are present.

3) Mobile: To investigate the impact of mobility on RFF
signatures, the USRP N210 receiver was kept stationary
while a person carried the DUTs and walked through
the environment (both LOS and NLOS) at approximately
1 m/s during transmission.

We collected 4,500 Wi-Fi packets from each DUT for training
(1,500 packets per channel condition), and an additional 1,500
packets per DUT for testing on a separate day (500 packets
per scenario). All DUTs operated on channel 13 at 2.472 GHz
with a 20 MHz bandwidth, transmitting at 100 packets per
second.

3) Training Hyperparameter Configuration: The QAST
framework and classical RFFI models were trained on a Dell
Precision 3680 workstation (Intel® Core™ i7-14700 processor,
64 GB RAM, and 2 TB SSD), using the Adam optimizer, with
an initial learning rate of 0.001 and a batch size of 256. A
maximum of 500 training epochs was allowed. Early stopping
was applied, stopping the training process if the validation loss
did not improve for 30 consecutive epochs.

B. Evaluation Metrics
1) Accuracy: Accuracy is a fundamental metric for eval-

uating the classification performance of the DL-based RFFI
model. It measures the proportion of correctly classified in-
stances relative to the total number of instances in the test set.
The formula for accuracy is

Acc =
1

N

N∑
i=1

I(yi = ŷi) , (38)

where N is the total number of the test dataset, yi is the
true label for the i-th sample, ŷi is the predicted label, and
I(yi = ŷi) equals 1 if the prediction is correct and 0 otherwise.

To compare QAST with the classical approach, we define
the accuracy loss

AccLoss = Accbaseline −AccQAST , (39)

where AccQAST , Accbaseline denote the accuracies of the DL-
based RFFI model trained using the QAST framework and
using the traditional approach, respectively.
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Fig. 8. The confusion matrix of the RFFI model.

2) Training Time: Computational efficiency is evaluated
using the average training time per epoch, Te (seconds)

Te =
Total training time
Number of epochs

, (40)

where the total training time is measured until model conver-
gence. The relative reduction in training time compared to the
baseline is defined as

∆Te(%) =
T baseline
e − TQAST

e

T baseline
e

× 100. (41)

To assess the processing efficiency of the proposed embed-
ding, we compute the percentage reduction in training time
per epoch relative to the baseline

Time Reduction(%) =
Te, E1 − Te, E2

Te, E1
× 100, (42)

where Te, E1 and Te, E2 denote the training times per epoch
for the baseline and proposed embeddings, respectively.

C. Experimental Results
In this section, we present the average classification accu-

racy and standard deviation from ten independent consecutive
runs to ensure statistical reliability and reproducibility. These
metrics reflect the central tendency and variability of the
model’s performance.

1) Performance of the RFFI Model and QAST Framework:
A CNN-based RFFI model trained in a classical manner
achieves a high level of classification accuracy, reaching a test
accuracy of 95.8%. Fig. 8 shows the confusion matrix for the
test dataset.

Additionally, we evaluate the CNN-based RFFI model per-
formance when trained using both the traditional method and
the QAST framework. In this work, we aim to improve the
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TABLE III
Comparison of QAST models of different Q with the classical CNN

Model ∆C (%) Acc (%) AccLoss (%) Te ∆Te (%)

CNN – 95.8 ± 0.3 – 1.28 –
QAST-3 24.89 94.9 ± 1.1 0.9 1.21 5.47
QAST-4 62.39 95.3 ± 0.5 0.5 1.30 −1.56
QAST-5 81.14 95.5 ± 0.6 0.3 1.34 −4.69
QAST-6 90.51 95.4 ± 0.4 0.4 1.40 −9.38
QAST-7 95.20 94.9 ± 0.6 0.9 1.70 −32.81
QAST-8 97.54 93.5 ± 0.7 2.3 1.73 −35.16
QAST-9 98.71 91.0 ± 1.7 4.8 1.71 −33.59
QAST-10 99.30 85.6 ± 2.8 10.2 1.95 −52.34

efficiency of the training stage in the RFFI system. Guided by
the parameter efficiency bounds established in Section V, we
evaluate the QAST framework’s performance by varying the
number of qubits from 3 to 10 (where efficiency gains plateau),
referred to as QAST-3 through QAST-10. The results are
shown in Table III. The parameter efficiency achieved by the
QAST framework closely aligns with the approximated values
calculated using (37). For instance, the parameter efficiency
of QAST-3 is 24.89%, while the estimated value based on
(37) is 25%. It can be observed that the parameter efficiency
increases monotonically with the number of qubits, from
24.89% (QAST-3) to 99.3% (QAST-10).

As shown in Table III, the classification accuracy of the
QAST model exhibits a distinct unimodal relationship with
qubit scaling, peaking at Q = 5 before significant degradation.
Accuracy rises from 94.9% (±1.1%) in QAST-3 to a peak
of 95.5% (±0.6%) in QAST-5, indicating that adding qubits
up to this point enhances the QAST ability to train the
classical CNN effectively. However, beyond QAST-5, accuracy
declines, reaching 85.6% (±2.8%) in QAST-10. This decline
in accuracy is mainly due to the mapping network becoming
very small when the parameter efficiency exceeds 95%, leading
to underfitting. Additionally, the barren plateau issue, where
gradients vanish exponentially with increased qubit count, may
further impede effective training.

Regarding training efficiency, most of the QAST models
require longer training times per epoch compared to the
classical CNN baseline, except for QAST-3. The training times
per epoch for QAST-4 to QAST-6 are approximately 1.30
to 1.40 seconds, which is 1.5%–10% higher than those of
the conventional training method. As the number of qubits
increases, the training time per epoch increases from 1.21
seconds (QAST-3) to 1.95 seconds (QAST-10). The longest
duration observed is for QAST-10, which takes 1.95 seconds
per epoch, 52% longer than that of the CNN baseline. The
training-time cost arises because the current QAST framework
is implemented on classical computers by leveraging the open-
source TorchQuantum library to run quantum-circuit simula-
tions, which require significant computation, hence impacting
the response time. This pattern suggests an optimal qubit count
of 6, at which the QAST framework trains the CNN using only
9.49% of the original parameters while achieving classification
accuracy close to the classical CNN baseline.

It is worth clarifying the sense in which QAST improves
training efficiency. Because the per-epoch cost above includes
the TorchQuantum simulation, we make no claim of a quantum

TABLE IV
Classification accuracy of QAST-6 and the classical CNN under

different channel scenarios.

Method Static LOS Static NLOS Mobile Overall

CNN 97.7%± 0.3 92.9%± 0.8 96.9%± 0.1 95.8%± 0.3
QAST-6 97.4%± 0.5 92.4%± 1.0 96.4%± 0.4 95.4%± 0.4

speedup: for the CNN, QAST-6 is in fact about 9% slower
per epoch than the classical baseline, and its benefit lies in
the substantial reduction in trainable parameters rather than
in training time. The training-time advantage instead becomes
apparent for larger models, as shown later for the MLP-based
RFFI model in Section VI-C5, where the classical baseline
must update 4.47M weights directly while QAST generates
them from a compact mapping network, reducing per-epoch
time by approximately 64%–76% even with the simulation
included. Real quantum hardware is accordingly regarded as
a potential future improvement to the framework rather than a
requirement for its operation.

To assess the behavior of QAST under varying environmen-
tal conditions, we use QAST-6, which the preceding analysis
identified as the optimal configuration. Table IV reports the
per-condition classification accuracy of the classical baseline
and QAST-6 across the Static LOS, Static NLOS, and mo-
bile test sets, all collected on a separate day from training.
QAST-6 closely matches the classical baseline across all three
conditions, indicating that the substantial reduction in trainable
parameters achieved by QAST does not degrade the behavior
of the model under these cross-day and cross-channel shifts
relative to conventional training.

2) Comparison with a Classical Hypernetwork: To deter-
mine whether the parameter-efficiency gains of QAST stem
from the quantum-assisted design or simply from parameter
reduction, we compare QAST-6 with the static hypernet-
work [47], [48]. This baseline is chosen because it is a
well-established hypernetwork formulation, it was originally
designed to generate the convolutional kernels of CNNs and
therefore matches our CNN-based RFFI model. The hypernet-
work is configured to generate all parameters of the CNN-
based RFFI model, with its embedding size tuned so that its
trainable parameter count (32,960) matches that of QAST-6
(34,954). As shown in Table V, the hypernetwork method
achieves an average classification accuracy of 95.3% compared
to 95.4% for QAST-6, indicating that both methods achieve
comparable classification accuracy. However, there is a clear
difference in terms of training costs, with QAST-6 training 4.6
times faster than hypernetwork. This speed advantage stems
from the design of QAST, where the QNN produces all CNN
parameters from a single shared quantum state in one forward
pass, whereas the hypernetwork must invoke its generator once
per kernel slice. With Q qubits, the quantum state yields a 2Q-
component measurement distribution from only 6Q trainable
parameters, and this compact representation allows QAST to
generate all CNN parameters in a single pass, which underlies
its shorter training time relative to the hypernetwork.

3) Effect of the Proposed MultiMapNet: In this experiment,
we compare the proposed MultiMapNet with MLP-based
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TABLE V
Comparison of QAST-6 with static classical hypernetwork and the

classical CNN baseline.

Method Params Acc. (%) Te

CNN 368,511 95.8± 0.3 1.28
Hypernetwork 32,960 95.3± 0.6 6.40
QAST-6 (proposed) 34,954 95.4± 0.4 1.40
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Fig. 9. Validation loss (mean and standard deviation across 10 runs) of QAST
models with the MLP mapping network and MultiMapNet.

mapping networks to evaluate its performance. To make a fair
comparison, both QAST models leverage the same embedding
method as proposed in [28], [32]. It should be emphasized that
there is no difference between the two models except for the
mapping network structure. This enables us to separate the
effect of the mapping network on the overall performance of
the QAST framework.

Fig. 9 compares the convergence behavior of QAST when
using an MLP-based mapping network and the proposed
MultiMapNet. The QAST-MLP framework exhibits unstable
training, as indicated by the large variance across runs. In
particular, 6 out of 10 runs failed to converge, with the valida-
tion loss remaining flat throughout training. Training a CNN-
based RFFI model with 368,511 parameters under the QAST-
MLP framework requires 19 qubits. This unstable behavior
at high qubit count is consistent with barren-plateau-related
trainability degradation, in which gradient magnitudes vanish
exponentially with the number of qubits [49]. In contrast,
MultiMapNet enables proactive control of the qubit count as
a hyperparameter, allowing the framework to operate at only
6 qubits and thereby avoid the high-qubit one-to-one regime.
As shown in Fig. 9, the QAST using MultiMapNet achieved
smooth and consistent convergence with minimal variance
across runs.

4) Effect of the Proposed Embedding: One of the most
important advantages of the proposed embedding is that it can
dramatically reduce the computational load of the mapping
network. The embedding speeds up the processing time of
the mapping network by reducing the complexity of the
embedding matrix, which is the input of the mapping network.

To allow a fair assessment of the effect of the embedding

TABLE VI
Comparison of accuracy between QAST models using existing

embedding (E1) and proposed embedding (E2)

Model AccE1 (%) AccE2 (%) AccLoss (%)

QAST-2 86.1 ± 10.1 92.4 ± 4.9 −6.3
QAST-3 95.0 ± 0.5 94.9 ± 1.1 0.1
QAST-4 94.9 ± 1.0 95.3 ± 0.5 −0.4
QAST-5 95.6 ± 0.7 95.5 ± 0.6 0.1
QAST-6 95.5 ± 0.4 95.4 ± 0.4 0.1
QAST-7 94.8 ± 0.9 94.9 ± 0.6 −0.1
QAST-8 94.1 ± 0.4 93.7 ± 0.7 0.4
QAST-9 91.9 ± 1.2 91.0 ± 1.7 0.9
QAST-10 89.5 ± 2.4 85.6 ± 2.8 3.9

scheme, we compared two types of QAST models. Both mod-
els used the same MultiMapNet architecture as the mapping
network, and the only difference between the two models was
the embedding method employed. We varied the qubit count
from 2 to 10 (QAST-2 to QAST-10) rather than starting at
3, because at 2 qubits, the existing embedding (E1) and our
proposed embedding (E2) yield embedding matrices of the
same size, providing a more diagnostic assessment of the
embedding method. Table VI summarises the classification
accuracy of E2 compared with E1 within the QAST framework
for qubit counts ranging from 2 to 10.

Both embedding methods show comparable performance
overall. In QAST-2, where both E1 and E2 use two vectors
for embedding, the model using our proposed method achieves
higher classification accuracy, 92.4% (± 4.9%), which is a
6.3% improvement over the model using E1. Additionally, the
model trained using E1-based QAST shows a larger standard
deviation of 10%, which is twice as high as that of E2-
based QAST. From QAST-3 to QAST-8, the difference in
classification accuracy between the two embedding methods is
minimal, ranging from approximately 0.1% to 0.4%. However,
in higher-qubit models such as QAST-10, E1 achieves slightly
better performance, with a classification accuracy about 4%
higher than that of E2.

The training times of different QAST models using E1
and E2 are shown in Fig. 10. It is evident that the proposed
embedding consistently reduces training time across all models
compared to the existing embedding, with reductions ranging
from 1.6% to 39.6%. For QAST-2, since the number of vectors
used for embedding is similar, the training time per epoch for
both embedding methods is nearly the same, at around 1.2
seconds. However, as the qubit count increases to 3 (QAST-3)
and 4 (QAST-4), the training times per epoch for E1 rise to
1.33 seconds and 1.50 seconds, respectively, while E2 is 1.21
seconds and 1.29 seconds, achieving reductions of 9.0% and
14.0%. The most dramatic improvements are seen for models
on larger numbers of qubits. For QAST-9, E1 requires 2.8
seconds, reduced by E2 to 1.7 seconds (a 39.6% decrease).
Similarly, QAST-10 shows E1 at 2.92 seconds and E2 at
1.95 seconds (a 33.2% reduction). Moreover, as the number
of qubits increases, the time reduction increases remarkably,
from 1.6% for 2 qubits to 33.2% for 10 qubits. This trend
can be observed in the line chart shown in Fig. 10. A notable
observation is that the training time of E1 increases by 143.3%,



13

QAST-2 QAST-3 QAST-4 QAST-5 QAST-6 QAST-7 QAST-8 QAST-9 QAST-100.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6
1.8
2.0
2.2
2.4
2.6
2.8
3.0

Tr
ai

ni
ng

 T
im

e 
(s

)

0
3
6
9
12
15
18
21
24
27
30
33
36
39
42
45

Ti
m

e 
Re

du
ct

io
n 

(%
)

1.6%

9.0%

14.0%

19.8%
16.7%

26.7%

22.8%

39.6%

33.2%

Te, E1 Te, E2 Time Reduction (%)

Fig. 10. Training time comparison of QAST models using existing embedding
(E1) and proposed embedding (E2).

TABLE VII
Comparison of QAST Models of Different Q with the MLP model

Model ∆C (%) Acc (%) AccLoss (%) Te ∆Te (%)

MLP – 92.72 ± 0.9 – 6.92 –
QAST-3 24.99 91.86 ± 0.9 −0.86 1.65 76.16
QAST-4 62.49 92.54 ± 0.6 −0.18 1.72 75.14
QAST-5 81.25 93.48 ± 0.8 0.76 1.77 74.42
QAST-6 90.61 93.31 ± 0.7 0.59 1.80 73.99
QAST-7 95.30 94.23 ± 0.5 1.51 2.08 69.94
QAST-8 97.64 93.77 ± 0.9 1.05 2.11 69.51
QAST-9 98.81 94.52 ± 0.5 1.80 2.00 71.10
QAST-10 99.40 93.82 ± 0.4 1.10 2.47 64.31

rising from 1.2 seconds at 2 qubits to 2.92 seconds at 10 qubits,
while the training time of E2 increases by only 63.5%.

5) Scalability and Generalizability: To investigate the scal-
ability, we utilized QAST to train a significantly larger RFFI
model, namely an MLP model proposed in [6]. The MLP
model comprises three FC layers, each containing 1024 neu-
rons. BN is utilized after each FC layer to enhance training sta-
bility, and the ReLU function is used as the activation function.
The final layer of the MLP model is an FC layer containing
128 neurons and employs the Leaky ReLU activation function,
accompanied by a dropout rate of 0.3. The MLP model has
4,466,703 parameters, which is approximately 12 times more
parameters than the CNN model used in earlier experiments.
The results of this analysis are shown in Table VII.

Overall, the MLP model trained using the QAST frame-
work outperforms the baseline MLP in classification accuracy.
However, QAST-3 and QAST-4 are lower than the baseline
by 0.86% and 0.18%, respectively. The classification accuracy
of the QAST model rises from 91.86% (± 0.9%) at QAST-3,
peaks at 94.52% (± 0.5%) at QAST-9, followed by a slight de-
cline to 93.82% (± 0.4%) at QAST-10. These results demon-
strate the scalability of the QAST framework, which can train
DL-based RFFI models with a large number of parameters.
Training the MLP with QAST achieves a significantly shorter
training time than training the MLP using a conventional
approach, reducing the training time by approximately 64% to
76%. This occurs because the classical MLP uses substantially

more parameters, resulting in longer training time. Applying
QAST to the MLP significantly reduces the number of required
parameters and, consequently, shortens training time.

More generally, because QAST depends only on the total
parameter count of the target model rather than on its specific
architecture, it is applicable beyond CNNs. The MLP-based
RFFI experiment reported here confirms this for MLP archi-
tectures, and the underlying QuantumTrain paradigm has also
been applied to RNN models in prior work [50], indicating
that the framework generalizes across the DL architectures
commonly used in RFFI.

6) Hardware non-idealities and scalability: The practical
advantage of any hybrid quantum-classical model ultimately
depends on hardware non-idealities such as state-preparation
error and gate decoherence, and on the control technologies
required to mitigate them. QAST is favorable in these respects
for three reasons. First, it uses only a small number of qubits
and a shallow circuit. Second, it does not encode classical data
into the quantum state, thereby avoiding a major source of
state-preparation overhead. Third, the quantum circuit is used
only during offline training, and the required qubit count grows
only logarithmically with model size, keeping the demands
placed on quantum hardware modest. Realizing these benefits
on physical hardware will nonetheless depend on continued
advances in qubit control, calibration, and error mitigation,
which remain a key challenge for the broader adoption of
hybrid quantum-classical learning.

VII. Conclusion

In this study, we introduced the QAST framework to
enhance the training efficiency of RFFI systems based on
a hybrid of quantum-classical machine learning. In detail,
we employed the QNN in conjunction with MultiMapNet to
generate parameters for a classical RFFI model. Furthermore,
we propose a sinusoidal embedding that substantially reduces
the size of the embedding matrix, thereby mitigating training-
time overhead within the QAST framework. Experimental
results show that QAST was able to train the CNN-based
RFFI model and greatly reduced the number of trainable pa-
rameters by over 90% while preserving classification accuracy
comparable to conventional training methods. In addition, the
proposed embedding method reduces training time by approxi-
mately 15% to 30%. Extensive experiments on QAST variants
(QAST-3 to QAST-10) showed that QAST-6 offered the best
trade-off, achieving near-classical accuracy and high parameter
efficiency with only a slight training time increase. Lastly, we
evaluated the scalability of QAST by training an MLP-based
RFFI model whose size is nearly 12 times larger than that of a
CNN-based RFFI model. The results show that its classifica-
tion accuracy and computational efficiency outperform those
of the classical baselines. We also emphasize that QAST is
complementary to existing lightweight techniques rather than
a replacement for them. Because QAST operates at the training
stage, it can be used to train a full RFFI model that is then
pruned or quantized for efficient inference, combining training-
stage and inference-stage efficiency in a single pipeline. The
quantum parameter-generation principle underlying QAST has
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further been shown to integrate with low-rank fine-tuning
methods such as LoRA, reducing the number of trainable
parameters still further [29]. In future work, we will combine
QAST with classical model compression methods such as
pruning and quantization, and evaluate QAST-trained RFFI
models under explicit security and robustness conditions,
including open-set unknown-device rejection and resistance to
spoofing, replay, and adversarial perturbations. A further di-
rection is to evaluate QAST on noisy quantum simulators and
real quantum hardware, to characterize its realistic quantum
execution costs, including shot complexity, noise sensitivity,
circuit depth, the number of circuit evaluations, quantum–
classical communication overhead, and end-to-end latency.
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