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Abstract. Automatic modulation classification (AMC) is a technique
designed to identify the modulation of unknown wireless signals. How-
ever, existing AMC systems are resource-intensive since they rely on deep
learning (DL) models. Training an AMC model is particularly demand-
ing because a large number of parameters need to be updated repeat-
edly. In this work, we introduce quantum-empowered training (QET), a
framework that enhances the training efficiency of AMC systems. The
QET framework is a hybrid quantum classical neural network which
aims to generate the classical parameters for the AMC model during
training. This indirect training strategy significantly reduces the number
of trainable parameters and the overall memory requirements compared
to traditional training methods for DL models. The experimental results
demonstrate that the QET enables training an AMC model with 70%
fewer trainable parameters than classical training methods, while main-
taining a competitive classification accuracy.

Keywords: Automatic modulation classification · Quantum machine
learning · Training efficiency.

1 Introduction

Automatic modulation classification (AMC) is a technique used to identify the
modulation scheme of received signals in non-cooperative communication en-
vironments, which is widely applied in both military and civilian domains [1,
2]. In military settings, AMC supports signal interception and analysis, while
in civilian systems, it improves transmission reliability and data throughput by
adapting modulation schemes to changing channel conditions [3]. To accurately
classify the modulations of transmitted signals in complex wireless environments,
deep learning (DL) has emerged as the dominant approach for AMC. Models
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such as convolutional neural networks (CNNs) and recurrent neural networks
(RNNs) have demonstrated strong capabilities in extracting discriminative fea-
tures and achieving high classification accuracy [4–7]. O’Shea et al. introduced
the RML2016.10a dataset and proposed a CNN-based model for effective mod-
ulation classification [8]. Since then, numerous studies have investigated the ro-
bustness of AMC models, focusing on their classification accuracy, resilience to
channel variations, and inference efficiency [9, 10].

With the advent of the sixth generation (6G) of mobile networks, the num-
ber of connected devices and services is expected to grow dramatically, placing
greater demand on base station (BS) resources [11]. AMC training is typically
executed on a BS server, which may only be allocated a small fraction of mem-
ory, as the server also supports various other network functions and applications.
However, training an AMC model is inherently resource-intensive, especially in
terms of memory utilization. The total memory footprint required for training in-
cludes not only memory for storing the model parameters, but also the associated
intermediate activations and gradients that need to be stored for backpropaga-
tion [12, 13]. Consequently, the traditional training approach is inefficient and
is often impractical in a resource-constrained environment. Although techniques
such as model pruning aim to reduce model size during inference without com-
promising accuracy, they fail to address the main bottleneck caused by training
inefficiency [14, 15]. This highlights a critical gap, namely a lack of solutions that
are not only accurate but also, computationally efficient during training.

In this context, quantum machine learning (QML) shows much promise.
Building on quantum principles such as superposition, entanglement, and par-
allelism, QML provides an effective approach for handling high-dimensional and
noisy signals [16–18]. Experimental and theoretical studies suggest that QML
can improve accuracy, lower model complexity, and accelerate convergence in
specific applications [19, 20]. However, QML is still in its early stages and faces
many challenges, especially in encoding large-scale datasets, where qubit co-
herence limits and circuit complexity pose significant barriers [21, 22]. Practical
deployment is also limited by the reliance on quantum hardware for inference,
which remains impractical due to the scarcity of scalable quantum computers.

One promising direction to overcome these challenges is the QuantumTrain
(QT) framework, first introduced for image classification tasks [23]. QT uses a
quantum parameter generator (QPG), which combines a quantum neural net-
work (QNN) with a classical mapping network to produce trainable parameters
for DL models. Unlike many QML approaches, QT processes inputs entirely in
the classical domain, thereby circumventing the costly step of encoding large
datasets into quantum states. The trained model itself remains classical, mean-
ing inference can be performed on standard hardware without requiring access
to quantum computers. At the same time, the use of QML during training im-
proves efficiency and greatly reduces the number of parameters compared with
traditional methods.

In this paper, we propose a novel training framework for AMC systems, called
quantum-empowered training (QET), which utilizes a QNN and a mapping net-
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work to generate weights and biases for a DL-based AMC during training. In-
stead of directly optimizing the full set of parameters in the target AMC model,
only the QNN and mapping network are trained to produce these parameters.
This indirect optimization paradigm reduces the number of trainable parame-
ters and enhances training efficiency compared to conventional methods. QET
builds on the QT framework. To adapt QT to AMC, we introduce a Multimodel
mapping network that efficiently generates multiple classical parameters from a
single QNN output. This design reduces qubit requirements and helps mitigate
the barren plateau (BP) problem.

The main contributions of this work are summarized below:

– We propose QET, a framework designed to enhance the training efficiency
in AMC systems. To the best of our knowledge, this is the first paper to
directly address training inefficiency in AMC.

– We introduce a Multimodel mapping network that generates multiple clas-
sical parameters from a shared QNN output. By tuning the number of pa-
rameters mapped per output, the proposed mapping network reduces qubit
requirements, employs multimodal learning for probability estimation, and
helps mitigate the BP problem.

– We evaluated the performance of the proposed approach by utilizing QET
to train an AMC model. Through our experiments, we demonstrated that
QET can train an AMC model requiring only 30% of the original number of
parameters, while still achieving comparable classification accuracy.

The structure of the paper is as follows. Section 2 describes the design of the QET
framework, while Section 3 outlines the experimental setup. Section 4 presents
and analyzes the results. Finally, Section 5 concludes the study.

2 Quantum-Empowered Training Framework

2.1 Overall Quantum-Empowered Training Framework

QET is a hybrid quantum-classical machine learning method designed to enhance
training efficiency in AMC systems. As illustrated in Fig. 1, QET uses a QPG
to produce parameters for an AMC model. The QPG contains three modules: a
QNN; an embedding module; and a mapping network.

Fig. 1 presents a block diagram of the QNN architecture, illustrating the
arrangement of the U3 and controlled-U3 (denoted CU3) gates across Q qubits.
The U3 gate is used to manipulate quantum states and generate superposition.
The U3 gate may be represented as

U3(θ, φ, λ) =

[
cos(θ/2) −eiλ sin(θ/2)

eiφ sin(θ/2) ei(φ+λ) cos(θ/2)

]
, (1)

where θ, φ, λ are real parameters that define the rotation.
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Fig. 1. The proposed quantum-empowered training framework.

To introduce entanglement among qubits, the QNN employs the CU3 gate.
This gate applies the U3 operation to a target qubit, conditioned on the state of
a control qubit. Its matrix form is expressed as follows [24].

CU3(θ̃, φ̃, λ̃)qc,qt =


1 0 0 0

0 cos
(

θ̃
2

)
0 −eiλ̃ sin

(
θ̃
2

)
0 0 1 0

0 eiφ̃ sin
(
θ
2

)
0 ei(φ̃+λ̃) cos

(
θ̃
2

)
 , (2)

where qc, qt denote the control and target qubits, respectively.
The quantum state of the QNN can be expressed as

|ψ(β)⟩ =

(∏
r

CUr,r+1
3 (θ̃, φ̃, λ̃)

∏
s

Us
3 (θ, φ, λ)

)
|0⟩⊗Q, (3)

where β = {(θ̃, φ̃, λ̃), (θ, φ, λ)} denotes the trainable parameters of QNN, |0⟩⊗Q

denotes the initial state of Q qubits, Us
3 are parameterized single-qubit rotations

acting on qubit s, and CUr,r+1
3 are controlled-U3 gates that entangle neighboring

qubits.
The measurement statistics of the QNN can be represented as a probability

distribution over the computational basis. For a register of Q qubits, there are
P = 2Q possible outcomes. These probabilities can be arranged into the vector,
Ψ ,

Ψ =



|⟨ϕ1|ψ(β)⟩|2
...

|⟨ϕk|ψ(β)⟩|2
...

|⟨ϕP |ψ(β)⟩|2

 , (4)

where |ϕk⟩ denotes the k-th computational basis state.
In the embedding stage, we form an augmented probability matrix by con-

catenating the measurement probabilities with the corresponding computational
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basis states. Because downstream classical parameters can be both positive and
negative values, each qubit state is assigned to −1 for |0⟩ and +1 for |1⟩. Conse-
quently, the embedding matrix satisfies E(Ψ) ∈ [−1, 1]P×(Q+1). The embedding
matrix, E(Ψ), can be expressed as

E(Ψ) =



|ϕ1⟩ ∥ |⟨ϕ1|ψ(β)⟩|2
...

...
...

|ϕk⟩ ∥ |⟨ϕk|ψ(β)⟩|2
...

...
...

|ϕP⟩ ∥ |⟨ϕP |ψ(β)⟩|2

 , (5)

where the ∥ represents the concatenation operation. As an example, the first row
of E(Ψ) is

E(Ψ)1 = |ϕ1⟩ ∥
∣∣⟨ϕ1 | ψ(β)⟩

∣∣2 (6)

=
[
−1, −1, . . . , −1︸ ︷︷ ︸

Q entries

,
∣∣⟨ϕ1 | ψ(β)⟩

∣∣2]. (7)

Finally, the mapping network is a classical neural network that translates the
augmented probability features into the weights and biases of the AMC model.
Consider a classical AMC model with CAMC trainable parameters, collected as
θAMC = (θ1, θ2, . . . , θCAMC

). The mapping function is denoted GΘ. The parame-
ter vector generated by the QET is given by

θ = GΘ

(
E(Ψ)

)
, (8)

where θ is the QPG-produced parameter vector of length CAMC,Θ is the trainable
parameters of the mapping network.

2.2 Proposed Mapping Network

Existing Mapping Network: In the QT framework proposed in [23, 24], the
authors utilize a multilayer perceptron (MLP) as a mapping network to convert
each QNN output directly to a corresponding parameter of the target model.
The architecture of the MLP mapping network is shown in Fig. 2(a). The cur-
rent mapping network relies on a one-to-one strategy, which is inefficient since
training large DL models require many qubits. The number of qubits can be
defined as

Q = ⌈log2 CAMC⌉ . (9)

As the number of qubits increases, QNNs suffer from the BP problem, where
the gradient of the cost function vanishes exponentially, making training ex-
tremely difficult [25].
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Fig. 2. Overview of the mapping network in the quantum-empowered training frame-
work

(a) Existing architecture. (b) Proposed architecture.

Proposed Mapping Network: We use a multimodel mapping network to
overcome these limitations and more effectively learn QNN measurement proba-
bilities. We aim to enhance the mapping network by enabling each measurement
probability to produce multiple classical parameters, instead of limiting it to
a single parameter. This grouping strategy improves the efficiency of quantum
information usage and decreases the total number of required qubits. Let nB
represent the number of classical parameters extracted from a single quantum
representation. The number of groups is then given by nG = ⌈CAMC/nB⌉, with
each group containing nB parameters.

As shown in Fig. 2(b), Multimodel mapping network consists of two main
components. The first component is an inner network that processes each input
variable independently, enabling the model to better capture QNN probabil-
ity distributions by decoupling variable influences. The second component, an
outer network, implemented as an MLP, takes the outputs of the inner net-
work and forms a [nG, nB ] matrix. This matrix is subsequently flattened into
a one-dimensional vector of length nG × nB . The configuration of the mapping
network as reported in Table 1.To center the distribution, the mean of the vector
is removed from all elements, producing a zero-mean vector [24]. The resulting
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Table 1. Detailed architecture of the Multimodel mapping network model

Module Layer Description Output Size Parameters

Inner Network† Linear 16 32

Linear+ BatchNorm + ReLU 16 304

Linear 1 17

Outer Network Linear+ BatchNorm + ReLU 32 32 ·Q+ 128

Linear 16 528

Final Layers Linear 16 272

Linear nB 17 · nB

†The inner function is applied independently to each input variables.

centered vector constitutes the raw parameter values input to the classical AMC
model.

Restructuring the parameter mapping process reduces the qubit requirement
from Q = ⌈log2 CAMC⌉ to Q = ⌈log2 nG⌉. Moreover, this design provides active
control of the qubit count by tuning nB . Within the QET framework, such con-
trol is particularly important, as it lowers qubit demand and thereby mitigates
the BP problem.

2.3 Training Flow for the QET Framework

During each training iteration, the QPG outputs a full parameter set θ that
substitutes the parameters of the AMC model. The updated AMC then processes
a training input to produce predictions, which are evaluated using the cross-
entropy (CE) loss. The CE loss quantifies the discrepancy between the predicted
class probabilities ŷ and the ground-truth labels y, and is defined as

LCE = − 1

NBatch

NBatch∑
i=1

Nc∑
c=1

yi,c log(ŷi,c), (10)

where NBatch is the batch size and Nc the number of classes.

Since the AMC parameters are produced by the QNN and the mapping
network, their dependency can be expressed as θ = θ(β,Θ). In the training phase,
both the QNN and mapping network parameters are optimized to minimize the
CE loss. By employing the chain rule together with the parameter-shift rule, the
gradient of the loss with respect to the combined parameters is obtained as [23]

∇β,Θ LCE =

(
∂θ

∂(β,Θ)

)⊤
∇θ LCE, (11)
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Fig. 3. Architecture of the MC-Net model [6].

where ∂θ
∂(β,Θ) is the Jacobian, showing how the generated parameters θ change

when adjusting the QNN and mapping network parameters. ∇θ LCE is the gra-
dient of the loss with respect to classical weights of AMC model. A detailed
description of the backpropagation can be found in [23].

The computed gradients are propagated backward through QET, updating
the QNN and mapping network parameters within the QPG, whereas the clas-
sical AMC is kept non-trainable.

3 Experimental Setup

3.1 Conventional AMC Model

In this study, we adopt the MC-Net model proposed in [6] as a case study for
classical AMC, since it is both widely used and open-source. The MC-Net archi-
tecture is shown in Fig. 3. The model comprises 121611 trainable parameters.

3.2 Dataset

This study employs the RadioML 2016.10A dataset [8], a widely used dataset
in AMC research. The dataset comprises eight digital and three analog modula-
tion types. In total, 220000 signals were generated over 20 signal-to-noise ratio
(SNR) levels spanning –20 dB to 18 dB, with 1k signals allocated per modula-
tion per SNR. Each signal consists of 128 samples, which are represented as a
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2 × 128 matrix, separating the real and imaginary components of the complex
time samples.

3.3 Training Hyperparameter Configuration

All experiments were performed on a Dell Precision 3680 workstation equipped
with an Intel® Core™ i7-14700 processor, 64 GB of RAM, a 2 TB SSD, and
an NVIDIA GeForce RTX 4090 GPU. Training was conducted using the Adam
optimizer with an initial learning rate of 0.001 and a batch size of 64. A maximum
of 500 epochs was allowed, with early stopping applied if the validation loss did
not improve for 30 consecutive epochs.

3.4 Evaluation Metrics

Accuracy is a key metric for assessing the classification performance of the DL-
based AMC model. It represents the ratio of correctly predicted instances to the
total number of instances in the test set. The accuracy can be expressed as

Acc =
Number of Correct Predictions

Total Number of Predictions
. (12)

To evaluate the impact of QET relative to the traditional approach, we define
the accuracy loss as

AccLoss = Accbaseline −AccQET , (13)

where AccQET , Accbaseline denote the accuracies of the DL-based AMC model
trained using the QET framework and using the classical approach, respectively.

To evaluate computational efficiency, we consider parameter efficiency (PE),
defined as

∆C(%) =

(
1− CQET

CAMC

)
× 100, (14)

where CQET is the number of trainable parameters in the QET framework and
CAMC is that of the baseline model.

In addition, we measure the average training time per epoch (Te) in seconds,
defined as

Te =
Total training time

Number of epochs
, (15)

where the total training time is recorded until model convergence.

4 Experimental Results

4.1 Performance of the AMC Model and QET Framework

Fig. 4 illustrates the classification accuracy of MC-Net across different SNR
values. The MC-Net model trained using the conventional approach achieves an
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Fig. 4. Classification accuracy of MC-Net across different SNR values.

average accuracy of 58.8%, with performance rising to nearly 90% at high SNR
levels.

Additionally, we evaluate the performance of the MC-Net model when trained
using both the conventional approach and the QET framework. This work fo-
cuses on improving the training efficiency of the AMC system. To this end,
we employed the QET framework and assessed its performance by varying the
number of qubits from 5 to 9, denoted as QET-5 to QET-9, since QET provides
parameter efficiency when the number of qubits is greater than or equal to 5.

As shown in Table 2, the QET framework demonstrates a substantial im-
provement in PE, expressed as ∆C (%), compared to the classical MC-Net base-
line. The baseline model requires 121,611 trainable parameters, whereas the QET
framework dramatically reduces this number. For example, QET-5, implemented
with 5 qubits, requires only 67,823 parameters to train the MC-Net model, which
is a 44.23% reduction compared to the baseline. This reduction becomes more
pronounced as the number of qubits grows. QET-6 and QET-7 require 35,440
and 20,185 parameters, respectively, while QET-9, contains only 10,526 parame-
ters—a remarkable reduction of 91.34% compared to classical training methods.
These results clearly demonstrate that the QET framework allows MC-Net to be
trained with significantly fewer parameters, which is particularly advantageous
for deployment in resource-constrained environments with limited memory bud-
gets.

It can be observed that parameter reduction exhibits a saturation effect at
higher Q values. The largest savings appear at lower qubit counts, as QET-
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Table 2. Comparison of QET models of different Q with the classical MC-Net

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

MC-Net 121,611 – 58.8 – 17.1

QET-5 67,823 44.23 59.1 −0.3 102.3

QET-6 35,440 70.85 59.4 −0.6 126.5

QET-7 20,185 83.40 57.7 1.1 146.3

QET-8 12,501 89.72 56.6 2.2 156.8

QET-9 10,526 91.34 55.7 3.1 145.2

5 reduces the parameter count from 121,611 to 67,823, while QET-6 further
reduces it to 35,440, giving a difference of 32,383 parameters between the two
models. Beyond this point the reductions become smaller, with QET-7 reaching
20,185 parameters, QET-8 reaching 12,501 with a difference of 7,684 compared to
QET-7, and QET-9 reaching 10,526 with a difference of only 1,975 compared to
QET-8. Moreover, the gains in PE come with an accuracy trade-off, as discussed
in the sequel.

In terms of classification accuracy, the QET models achieve competitive per-
formance relative to the classical MC-Net, with certain configurations even out-
performing the baseline. For example, QET-5 and QET-6 achieve slightly higher
accuracies of 59.1% and 59.4%, respectively, corresponding to negative accuracy
losses of −0.3% and −0.6%. This indicates that QET outperforms the classical
method. However, as the number of qubits continues to increase, accuracy grad-
ually declines. For instance, QET-7 and QET-8 obtain accuracies of 57.7% and
56.6%, with corresponding accuracy losses of 1.1% and 2.2%. At the highest set-
ting, QET-9 achieves only 55.7%, incurring a 3.1% loss. These results highlight
a clear trade-off -while QET offers superior PE with higher qubit counts, the
accompanying decline in accuracy arises because the mapping network becomes
progressively smaller, leading to underfitting. Furthermore, while QET enables
significant parameter reduction, QET-6 represents the most favorable trade-off
between efficiency and accuracy, making it the optimal solution among the QET
variants.

Despite the advantages in PE, the QET models exhibit a considerable in-
crease in average training time per epoch compared to the baseline. The classi-
cal training method requires only 17.1 seconds per epoch to train the MC-Net
model. In contrast, QET-5 requires 102.3 seconds, and the training time further
increases as more qubits are incorporated into the framework, peaking at 156.8
seconds for QET-8. Even QET-9, despite utilizing the fewest parameters, still
requires 145.2 seconds per epoch. This substantial rise in training time is pri-
marily due to the fact that the QET framework is currently simulated on clas-
sical hardware using TorchQuantum, which imposes significant computational
overhead and thus prolongs response time. Nevertheless, as quantum comput-
ing technology continues to mature, it is expected that the training time of the
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QET framework will be dramatically reduced when executed on actual quantum
hardware.

4.2 Evaluation of the Proposed Multimodel mapping network

In this subsection, we evaluate the performance of the proposed mapping network
by comparing Multimodel mapping network against conventional MLP-based
mapping networks. Fig. 5 compares the convergence behavior of QET when
employing either an MLP-based mapping network or the proposed Multimodel
mapping network.

The QET framework struggles to converge with the MLP-based network,
as indicated by the nearly constant validation loss throughout all epochs. This
suggests that the MLP-based architecture suffers from the BP problem. To train
an MC-Net model with 121,611 parameters, the QET-MLP framework requires
17 qubits, as shown in (9). At such a high qubit count, the BP effect becomes
more pronounced, making optimization extremely difficult. This observation is
consistent with the findings reported in [26].

In contrast, Multimodel mapping network allows proactive control of the
qubit count by treating it as a tunable hyperparameter, thereby enhancing scal-
ability and eliminating the need for an excessive number of qubits. In this exper-
iment, QET was configured with 6 qubits. As illustrated in Fig. 5, the validation
loss achieved by Multimodel mapping network is significantly lower than that of
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the MLP-based mapping network, clearly demonstrating the superiority of the
proposed approach and indicating that it effectively mitigates the BP problem.

5 Conclusion

In this paper, we have proposed the QET framework to address the challenge of
training inefficiency in AMC systems. Specifically, QET integrates QNNs with
Multimodel mapping network to generate parameters for classical AMC models.
In addition, we have introduced a Multimodel mapping network that not only
outperforms existing mapping approaches but also effectively mitigates the BP
problem. Extensive experiments conducted on different QET variants (QET-5 to
QET-9) have demonstrated that QET-6 provides the most favorable trade-off,
achieving near-classical accuracy while maintaining high PE. Notably, QET-
6 was able to reduce the number of trainable parameters by more than 70%
compared to the baseline MC-Net and achieved superior classification accuracy
over conventional training methods. These results highlight the potential of QET
as a promising paradigm for enhancing the efficiency of AMC systems, especially
in scenarios with constrained computational and storage resources.
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