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Abstract—Wi-Fi-based human activity recognition (HAR) has
become an important part of integrated sensing and communi-
cations, paving the way for a range of context-aware services.
However, most existing Wi-Fi-based HAR systems rely on deep
learning (DL) models that are computationally and memory
intensive in both training and inference, which poses significant
challenges for real-world deployment. Conventional training re-
quires simultaneous updates of millions of parameters, leading
to prohibitive memory consumption. In this paper, we propose
a novel quantum-assisted memory-efficient training framework
(Q-MET) designed to improve efficiency in both training and
inference. Q-MET utilizes a hybrid quantum classical neural
network to indirectly generate parameters for HAR models,
significantly reducing the trainable parameter count compared
to direct optimization. To further support the deployment on
resource-constrained devices, we integrate structured pruning
during the training phase. Experimental results demonstrate
that Q-MET achieves a 90% to 95% reduction in trainable
parameters compared with conventional backpropagation-based
DL training while maintaining or even exceeding classical clas-
sification accuracy. Additionally, Q-MET supports lightweight
inference through structured pruning, achieving 75% to 85%
model sparsity with less than 2% loss in classification accuracy.
To the best of our knowledge, this work represents the first
quantum-assisted approach to simultaneously tackle memory
inefficiencies in both the training and inference stages of HAR
systems.
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I. Introduction
Over the last decade, the rapid proliferation of sensing

technologies has revolutionized human activity recognition
(HAR) across various fields, enabling applications ranging
from smart home, elder care, and safety monitoring [1]–[6].
Among these technologies, Wi-Fi sensing has emerged as
a particularly cost-effective solution, leveraging existing in-
frastructure to extract rich environmental information without
the need for dedicated hardware sensors. Recognizing this
potential, the IEEE 802.11bf Task Group was formed to work
on an amendment to the IEEE 802.11 standard to specifically
deliver support for Wi-Fi sensing [7]–[10]. This is a major
step toward enabling reliable, scalable, and deployable Wi-Fi
sensing systems for HAR and related applications.

Wi-Fi sensing typically relies on either received signal
strength indicator (RSSI) or channel state information (CSI)
[11]–[13]. Although RSSI is widely accessible, it is coarse-
grained and susceptible to environment fluctuations, limiting
its stability and discriminative capability [14]–[16]. In contrast,
CSI captures fine-grained physical-layer properties such as am-
plitude and phase responses across subcarriers. This allows for
robust characterization of subtle motions and environmental
changes [17]–[20].

To exploit these high-dimensional features, deep learning
(DL) models have become the standard for Wi-Fi-based HAR
offering the ability to automatically learn discriminative repre-
sentations from large-scale datasets [21]–[23]. Numerous stud-
ies have investigated the robustness of DL-based HAR models,
focusing on their classification accuracy, resilience to channel
variations, and inference efficiency [24]–[28]. However, the
widespread adoption of DL in HAR faces a critical challenge,
the significant memory requirements. While DL models are
typically evaluated in environments with abundant resources,
practical HAR deployment often targets resource-constrained
edge platforms and commercial-off-the-shelf (COTS) devices.

In recent years, cloud computing has emerged as a promis-
ing approach for handling large-scale data processing and
training DL models [29]–[31]. Due to the limited computa-
tional and energy resources of edge devices, the training of
DL-based HAR models is often offloaded to cloud platforms
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to leverage scalable resources, while inference is typically
performed either locally on devices or at the edge. However,
cloud-centric approaches introduce latency, privacy concerns,
and reliance on network connectivity, drawbacks that are
often unacceptable for real-time applications [32]. On-device
learning and inference offer a solution to these issues but must
operate within strict memory and power constraints [33].

Although training can be offloaded to cloud infrastructures,
reducing training-related memory costs remains a critical
challenge. Training DL models requires significant memory
for storing model parameters, optimizer states, intermediate
activations, and gradients [34]. Specifically, the backpropaga-
tion mechanism underlying every parameter update involves
the storage of layer-by-layer activations to compute gradients.
Consequently, training requires a large memory footprint,
substantially greater than the memory required during infer-
ence [35]. As wireless networks increasingly host DL-based
applications, from wireless sensing, physical-layer security,
channel estimation, and related tasks [36]–[40], this training
memory overhead becomes a prohibitive barrier to practical
deployment [41], [42]. However, most existing studies prior-
itize inference optimization and leave the issue of inefficient
training largely unaddressed.

For the purpose of reducing model complexity and deploy-
ing models in real-world applications, especially on resource-
constrained devices, researchers have extensively studied
model compression techniques, primarily targeting inference
efficiency. One of the most widely used strategies is quanti-
zation, reducing precision in model parameters by converting
high-precision representations, such as FP32 (32-bit floating
point), to low-bit forms such as INT8 (8-bit integer) or
INT4 (4-bit integer). This method significantly reduces both
memory footprint and computational cost [43]. The other
popular technique in model compression is pruning, which
involves finding redundant or less-significant connections from
the neural network [44]. The pruning algorithm keeps only
the most important weights and pathways, which reduces
computation with little or no impact on the performance.

Despite these advances, state-of-the-art HAR optimization
focuses almost exclusively on the inference phase. These
methods, such as quantization and pruning, typically require
training full-scale, parameter heavy models before applying
compression techniques, and optionally additional fine-tuning,
which further increases the computational and memory costs
during training [24], [32]. As a result, these approaches remain
memory-intensive and computationally expensive during the
training stage, rendering them unsuitable for memory-limited
platforms.

To bridge this gap, we explore an emerging paradigm of
quantum-assisted machine learning. The QuantumTrain (QT)
framework utilizes a hybrid quantum-classical neural network
to generate parameters for classical DL models. Because
the quantum circuit acts as a highly expressive generator
using significantly fewer trainable parameters than the target
classical network, QT offers a pathway to massive reductions
in training memory. While QT has been applied to image
classification [45], large language models (LLMs) [46], and
physical layer authentication [47], it has not yet been adapted

to the specific constraints of HAR, nor does it inherently
address inference efficiency.

In this paper, we propose a novel Quantum-assisted
Memory-Efficient Training (Q-MET) framework. The primary
objective of Q-MET is to enhance efficiency in both the
training and inference phases of HAR system by introducing a
pruning-enhanced QT approach. Unlike traditional approaches,
where pruning is applied after the model has been fully
trained, and often requiring additional fine-tuning, introducing
extra computational overhead. Our method applies structured
pruning directly within the QT training process. This design
allows Q-MET to eliminate redundant parameters as it learns,
avoiding the inefficiencies of post-training pruning. Ultimately,
Q-MET produces a pruned and compact DL model that is im-
mediately suitable for on-device inference, making it especially
valuable for deployment in real-time, resource-limited HAR
applications. By addressing inefficiencies in both training and
inference, Q-MET provides a comprehensive solution for scal-
ing DL-based HAR to practical, low-resource environments.
Our main contributions are highlighted as follows

• We identify and address the open problem of training
inefficiency in HAR systems, which poses significant
challenges in real-world deployments. To the best of
our knowledge, this is the first work to explicitly target
training efficiency in this domain.

• We extend the QT framework to HAR by designing a
hybrid quantum classical neural network, consisting of a
quantum neural network and a classical mapping network,
to generate the parameters of DL-based sensing models
efficiently.

• We propose Q-MET, a novel memory-efficient end-to-
end training framework for HAR. In Q-MET, structured
pruning is applied directly within the QT process, en-
abling the model to remove redundant parameters during
training, resulting in compact models that are directly
deployable for on-device inference without post-training
compression.

• We evaluate the performance of the proposed approach
by applying Q-MET to train a DL-based HAR model on
two public datasets: Widar3.0 [48] and UT-HAR [49].
We experimentally demonstrate that Q-MET enables
the training of DL-based HAR models with up to
95% fewer trainable parameters compared with stan-
dard backpropagation-based training, substantially reduc-
ing memory requirements and enabling efficient training
in cost-sensitive cloud environments, while preserving or
slightly enhancing model performance. Furthermore, Q-
MET enables lightweight inference by producing highly
sparse models through structured pruning, achieving 75%
to 85% sparsity without significant performance degra-
dation, which makes the resulting models well suited for
resource-constrained HAR deployments.

The remainder of the paper is organized as follows. Section
II reviews related works on Wi-Fi-based HAR systems and
the QT framework, and Section III introduces preliminaries
on quantum computing and pruning. Section IV presents the
on-device Wi-Fi-based HAR system, and Section V details the
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TABLE I
Summary of Notation

Symbol Definition
U(θ) Parameterized unitary of the PQC
UL(θL) Parameterized unitary at the L-th layer
|ψ(θ)⟩ Output state of the PQC
pθ(z) Probability of measurement outcome z
z Possible measurement outcome

H(n) Channel frequency response (CFR)
X(n) Transmitted signal in the frequency domain
W (n) Additive white Gaussian noise (AWGN)
|Hk| Amplitude of the k-th subcarrier
∠Hk Phase of the k-th subcarrier
θPQC Trainable parameters of the PQC
Nq Number of qubits
Ψ Measurement probability vector of the PQC

|ϕk⟩ k-th computational basis state
P Number of basis states, P = 2Nq

S(Ψ) Sinusoidal embedding of Ψ
S0, S1 Sinusoidal embedding vectors
Mθm Mapping network with parameters θm
θm Trainable parameters of the mapping network
Θm Matrix of generated classical parameters
nG Number of parameter groups
nB Number of parameters per group

−→
θ ResNet-18 Generated parameter vector of ResNet-18
Z(·) Forward function of ResNet-18
LCE Cross-entropy loss
NBatch Batch size
Nc Number of output classes
η Learning rate

CResNet-18 Total number of parameters in ResNet-18
CQ-MET Total trainable parameters of Q-MET
∆C Parameter efficiency gain

score(u;W ) LAMP importance score of weight u
p Pruning ratio
s Sparsity level
Te Average training time per epoch

design of Q-MET. Section VI presents the experimental setup
and highlights the key results, and Section VII concludes the
paper. For convenience, the main symbols used throughout the
paper are summarized in Table I.

II. Related Work
This section presents a review of prior research on Wi-

Fi-based HAR systems, quantum machine learning and QT
framework. Table II provides a comparative summary of the
existing methods in relation to our proposed approach. As
summarized in Table II, prior HAR compression methods [24],
[32], [50] target inference efficiency only, whereas the Quan-
tumTrain family [45], [46], [51]–[53] targets training efficiency
only. In contrast, Q-MET is, to the best of our knowledge, the
first framework to jointly address both training- and inference-
stage memory efficiency. Moreover, Q-MET is compatible with
existing compression techniques, as the structured pruning
used in this work can be replaced by alternative pruning or
quantization methods.

A. Wi-Fi-based Human Activity Recognition Systems
Wi-Fi-based HAR systems are capable of obtaining contex-

tual information about human activities by analyzing changes
of wireless signals [54], [55]. In recent years, DL-based

methods have been widely used for Wi-Fi-based HAR. For
instance, Li et al. [56] first developed a domain-independent
motion change pattern of gestures, and then proposed a novel
dual-task DL framework for gesture recognition. Gu et al. [57]
proposed WiGRUNT based on a dual-attention mechanism to
enhance cross-domain gesture recognition. Zhang et al. [58]
presented a modified graph-based few-shot learning approach,
which leveraged complex-valued convolutions in the frequency
domain followed by channel-wise attention for Wi-Fi-based
HAR. To alleviate the complexity and computational overhead
of conventional DL models while enhancing the robustness
and generalization of wireless sensing systems, lightweight
neural networks and online learning methods have been in-
creasingly adopted in HAR. Additionally, modified online
sequential learning algorithms were developed to enhance Wi-
Fi-based contactless localization, enabling robust and efficient
domain adaptation without retraining existing models [59],
[60].

Several studies have investigated the use of quantization
and pruning techniques to enhance model efficiency in HAR
systems. In [32], the authors demonstrated that the post-
training-quantization could reduce up to 72% model size of
DL-based HAR model, while achieving an accuracy degrada-
tion within 5%. Alternatively, channel pruning was employed
in the design of the lightweight Wi-Fi CSI human sensing
system (LWiHS) [24]. This approach achieved a reduction
of over 50% in the number of parameters, with less than a
0.5% reduction in accuracy. While in [50], a hybrid pruning-
quantization approach have achieved significant complexity
reductions. First, post-training pruning was used to reduce the
model’s complexity, followed by quantizing the already pruned
weights into the INT8 format. This hybrid approach provided a
27% reduction in both computational complexity and storage,
with only a 2% drop in classification accuracy.

B. Quantum Machine Learning and QuantumTrain Frame-
work

Quantum machine learning (QML) has demonstrated great
potential in enhancing learning efficiency and handling com-
plex, high-dimensional data [61]–[63]. QML takes advantage
of key quantum properties, such as superposition and entan-
glement, to perform computations across many basis states
in parallel. This parallelism opens up new possibilities for
improving computational efficiency, especially when working
with complex or high-dimensional data [64]–[66]. In QML
model, data is commonly fed into quantum circuits through
encoding schemes like gate-angle encoding, where data values
control the rotation of quantum gates, or amplitude encoding,
which maps information directly into the amplitudes of a quan-
tum state [67]. Practical applications of QML have already
emerged in several fields, including channel estimation [68],
healthcare monitoring [69], natural language processing [70],
and resource optimization [71]. However, QML is still in its
early stages and faces several key challenges. One of the most
pressing issues is the difficulty of encoding large datasets into
quantum circuits, which is constrained by the limited number
of available qubits and the shallow circuit depths allowed by
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the short coherence times of current quantum hardware [72].
In addition to these encoding limitations, many QML models
require quantum hardware not only during training but also at
the inference stage. This reliance can lead to inefficiencies,
especially in time-sensitive applications such as real-time
decision-making in autonomous systems.

To address these challenges, a novel technique called QT has
been proposed, which is employed to train classical neural net-
work models. The core idea of the QT framework is to employ
a quantum neural network (QNN) alongside a mapping mech-
anism to generate the weights of a classical neural network
model. This approach offers significant parameter reduction
on a polylogarithmic scale, eliminates data encoding issues,
and enables inference on purely classical computers [73]. The
authors in [45] explored the QT framework for image clas-
sification. By using the QT framework to train convolutional
neural networks (CNNs), the model achieves a test accuracy
of 80.21% on the MNIST dataset while utilizing only 10.8%
of the original parameter count. Similarly, the author in [74]
also leveraged the QT framework to train the CNN for the
task of deepfake audio detection. The other studies [46], [52],
[53], [75] have explored the potential of the QT framework in
training various classical DL models, including reinforcement
learning (RL), long short-term memory (LSTM), LLMs and
federated learning (FL). These studies further demonstrate that
the QT framework can be effectively applied across diverse
classical DL architectures.

To enhance the scalability of the QT framework, the authors
in [72] improved the existing mapping network by replacing
the conventional multi-layer perceptron (MLP) with a tensor
network-based mapping model. While this approach offers
more efficient parameter representation and lowers computa-
tional demands, it also introduces a trade-off in the form of sig-
nificantly increased training time. Meanwhile, the study in [51]
addresses the training time problem of the QT framework. The
authors proposed a novel embedding function that employs
sine and cosine functions restricted to a single complete
cycle, enabling the encoding of quantum state information
corresponding to the QNN’s output probabilities. By reducing
the input dimensionality of the mapping network, this method
lowers its computational load and consequently accelerates the
training process of the QT framework.

III. Preliminaries on Quantum Machine Learning and
Pruning Techniques

A. Quantum Machine Learning
QML refers to the application of quantum computing to

machine learning tasks, utilizing quantum mechanical proper-
ties such as superposition and entanglement to achieve com-
putational advantages [76]. By exploiting the high dimension
Hilbert space, QML offers the potential to process complex
data more efficiently than classical models [77], [78]. Among
the various QML architectures, the parameterized quantum
circuits (PQCs) have received significant attention.

A PQC consists of a sequence of quantum gates controlled
by a set of tunable parameters θ = {θ1, θ2, . . . , θn}. These
parameters are optimized to minimize a task-specific cost

function, often using classical optimization algorithms in a
hybrid quantum-classical loop. A PQC can be mathematically
represented as

U(θ) = UL(θL) . . . U2(θ2)U1(θ1), (1)

where UL(θL) denotes the parameterized unitary operation
applied at the L-th layer of the circuit.

After applying the parameterized unitary U(θ) to an initial
quantum state, which is usually set as zero state |0⟩⊗n, with
n is the number of qubits, the PQC outputs a quantum state
|ψ(θ)⟩ = U(θ)|0⟩⊗n. Upon measurement in the computational
basis, this state collapses to a probability vector. This proba-
bility can be used to compute expectation values or feed into
classical post-processing steps. The probability of obtaining
the outcome z is

pθ(z) = |⟨z|ψ(θ)⟩|2, (2)

where z denotes the possible measurement outcomes. For a
quantum system of n qubits, there are 2n possible outcomes.
|ψ(θ)⟩ represents the output state of PQC before measurement.
The inner product ⟨z | ψ(θ)⟩ gives the complex probabil-
ity amplitude of observing the outcome z when measuring
the state |ψ(θ)⟩. Finally, the squared magnitude |⟨z | ψ(θ)⟩|2
yields the actual probability of obtaining the bit string z upon
measurement [79], [80].

B. Pruning

In recent years, the size of DL models has grown exponen-
tially [81], [82], leading to increased computational cost and
memory usage. These challenges hinder deployment on edge
devices and embedded systems with limited on-chip resources,
where memory, latency, and energy efficiency are critical
constraints [44], [83]. To mitigate this issue, pruning has been
emerged as one of the most effective model compression
techniques, reducing redundant parameters while preserving
model performance.

Pruning techniques can be broadly categorized into unstruc-
tured pruning and structured pruning. Unstructured pruning
removes specific weights from the network according to their
size or contributions to the loss function. Preliminary works
have found that unstructured pruning can considerably mini-
mize the CNN parameters with minimal loss of accuracy [84],
[85]. Nevertheless, due to the sparse and irregular weight
matrices, they are not well-suited to hardware acceleration,
and are ineffectual in inference [86]. Structured pruning, on the
other hand, prunes out entire architectural components (filters,
channels, or layers), which forms more regular, dense ma-
trices [87]. This regularity enables improved general-purpose
hardware and DL accelerator support, making it more suitable
for real-time inference on resource-constrained platforms [44],
[88]. Structured pruning is often further classified into filter
pruning (removing whole convolutional filters) and channel
pruning (removing feature map channels) [89], [90]. While
structured pruning may incur a slightly higher accuracy trade-
off than unstructured methods, it offers superior hardware
compatibility and practical computational speed-ups.
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TABLE II
Summary of related studies with our proposed study

Tasks Studies Key Idea Advantages & Limitations

HAR Accuracy
Improvement

[56] Dual-task DL with domain-independent
motion features

✓ Achieves high recognition accuracy in both in-domain and
cross-domain settings while improving processing efficiency
✓ Supports adaptation to environmental changes without full
retraining
✗ Requires complex DL architectures with high computational
overhead, making deployment on resource-constrained devices
challenging

[57]
ResNet-based spatiotemporal dual-attention
learning with domain-independent gesture
features

[58] Graph-based few-shot learning with dual
attention for CSI-based HAR

[59], [60] Online and incremental learning for robust
sensing in dynamic environments

HAR Efficiency
Improvement

[24] Channel pruning for efficient Wi-Fi
CSI-based sensing

✓ Reduces model complexity and parameter count while maintaining
good recognition performance, enabling deployment on
resource-constrained devices
✗ Primarily improves inference efficiency, with limited gains in
training efficiency

[32] Quantization for efficient on-device Wi-Fi
sensing

[50] Network pruning and quantization for
efficient device-free wireless sensing

QuantumTrain
Framework

[45], [51] QT-based training for CNNs ✓ Improves training efficiency while maintaining comparable
accuracy with a significantly reduced number of trainable parameters
✗ Focuses primarily on the training stage, with limited impact on
inference efficiency

[46] QT-based training for LLMs
[52] QT-based training for LSTMs
[53] QT-based training for RL models

HAR Efficiency
Improvement

Our Work Novel quantum-assisted memory-efficient
training framework for HAR

✓ Significantly improves training efficiency by reducing the number
of trainable parameters and producing highly sparse models, enabling
lightweight on-device inference without substantial performance loss

Note: ✓ indicates advantages and ✗ indicates limitations.

IV. On-Device Wi-Fi–Based Human Activity Recognition
Systems

Wi-Fi-based HAR utilizes the CSI, extracted from the
communications link between a transmitter and receiver, to
characterize human movements. The received Wi-Fi signal in
the frequency domain can be described as

Y (n) = H(n) ·X(n) +W (n), (3)

where H(n), X(n) and W (n) represent channel frequency re-
sponse (CFR), transmitted signal, and additive white Gaussian
noise (AWGN) in frequency domain, respectively.

In practical deployment, depending on the specific CSI
extraction tool used, the receiver samples the signal in the
time domain, and the CFR is subsequently estimated at the
subcarrier level, capturing both amplitude attenuation and
phase shifts in complex form [21], [42]. The CFR of each
subcarrier can be expressed as

Hk = |Hk| ej∠Hk , (4)

where |Hk| and ∠Hk denote the amplitude and phase of the
k-th subcarrier, respectively.

In this study, we investigate a specific deployment scenario
for Wi-Fi-based HAR system deployment on devices, where
computational resources, energy availability, and memory are
significantly constrained. As shown in Fig. 1, an on-device
Wi-Fi HAR system is typically structured into three primary
stages: dataset preparation, training, and inference.

During the dataset preparation stage (Fig. 1(a)), CSI data is
collected in an indoor environment where participants perform
a predefined set of activities. These human motions induce
characteristic fluctuations in the wireless channel, which are
captured as time-series CSI measurements.

CSI Dataset

Cloud Server

Pruned Model

Environment 

(c) Inference Stage

(b) Training Stage

(a) Dataset Preparation

On-device inference

Fig. 1. Overview of the on-device Wi-Fi-based human activity recognition
(HAR) system. (a) Dataset preparation, where CSI measurements are collected
from human activities in an indoor Wi-Fi environment. (b) Training stage,
where the CSI dataset is transferred to a cloud server for model training. (c)
Inference stage, where the trained model is deployed on devices to perform
real-time activity recognition.

Once the collection is complete, the dataset is transferred
to a cloud computing server (Fig. 1(b)) that provides compu-
tational resources for signal processing and model training.

Since our objective is on-device deployment, the DL model
undergoes compression techniques such as pruning to reduce
its size before being deployed on the target devices. Finally,
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in the inference stage (Fig. 1(c)), the compressed model is
deployed onto the target devices (e.g., routers or IoT nodes)
to classify human activities in real-time.

A. Signal Processing

The raw CSI data is a complex-valued tensor H . We use
only the amplitude part |Hk| as the model input, since the
raw phase is often affected by hardware-induced sampling
frequency offsets and carrier frequency offsets, which can
reduce its reliability for robust HAR [21]. The two datasets
come in different shapes, so we use a small dataset-specific
initial block (Fig. 2(b)) and (Fig. 2(c)) to bring them into
a common format before passing them through the shared
ResNet-18 backbone:

• UT-HAR: Following SenseFi [21], each sample is re-
shaped into a single-channel 2D matrix x ∈ R1×250×90,
where 250 is the number of time snapshots and 90 comes
from 3 receive antennas × 30 subcarriers. Each sample is
then scaled to the range [0, 1] using a simple per-sample
min–max normalization: x̃ = (x −min(x))/(max(x) −
min(x)).

• Widar3.0: Following SenseFi [21], each sample is a ten-
sor x ∈ R22×20×20, where 22 is the time dimension and
20× 20 is the velocity grid. Each sample is standardized
using the dataset mean µ = 0.0025 and standard deviation
σ = 0.0119, computed once on the Widar3.0 training set:
x̃ = (x− µ)/σ.

We use different normalization schemes for the two datasets
because each one follows the convention of its original re-
lease [48], [49]. Moreover, this signal processing pipeline is
consistent with the SenseFi benchmark [21], so our results can
be directly compared with earlier HAR studies.

B. Deep Learning Model

While various DL architectures have been investigated for
Wi-Fi-based HAR, including MLPs, CNNs, LSTM, Vision
Transformers (ViTs), and Residual Networks (ResNets) [21],
recent studies indicate that ResNet-based architectures pro-
vide strong robustness and high classification accuracy [21].
In particular, benchmarking results across multiple public
datasets show that ResNet-18 consistently achieves the highest
classification accuracy on both the UT-HAR and Widar3.0
datasets [21]. Therefore, we adopt ResNet-18 as the repre-
sentative model for Wi-Fi-based HAR and use it as the case
study in this work.

The architecture of ResNet-18 is shown in Fig. 2. The
ResNet-18 model has about 11.6 million trainable param-
eters, which enables strong classification performance, but
also makes it relatively expensive to train and deploy. To
accommodate the distinct input tensor shapes of the UT-HAR
and Widar3.0 datasets, specific initial blocks (as shown in
Fig. 2(b) and Fig. 2(c)) are employed to unify the input
dimensions. This enables the use of a common core network
architecture across the two datasets.

3x3 Conv, 256

3x3 Conv, 256
x2

3x3 Conv, 128

3x3 Conv, 128

Input

Initial Block

3x3 Conv, 64

3x3 Conv, 64
x2

x2

3x3 Conv, 256

3x3 Conv, 256

x2

Average Pool

FC / Softmax

(a)

7x3 Conv, 64

Max Pool

10x11 Conv, 64

ReLU

ReLU

(b)

3x3 Conv, 64

Max Pool

3x3 Conv, 64

ReLU

ReLU

(c)

Fig. 2. Architecture of the ResNet-18 model. (a) Overall architecture. (b)
Initial block used in UT-HAR. (c) Initial block used in Widar3.0.

V. Quantum-Assisted Memory-Efficient Training
Framework

A. Framework Overview

As shown in Fig. 3(a), the Q-MET framework employs a
quantum parameter generator (QPG) to dynamically generate
the parameters for a classical ResNet-18 model. The QPG
comprises three main components: a PQC, a sinusoidal em-
bedding layer, and a classical mapping network.

In the PQC, the U3 gate is employed to manipulate qubit
states, while the CU3 gate establishes entanglement between
qubits [53]. The U3 and CU3 gates are defined as follows

U3(θ, φ, λ) =

[
cos(θ/2) −eiλ sin(θ/2)

eiφ sin(θ/2) ei(φ+λ) cos(θ/2)

]
, (5)

CU3(θ̃, φ̃, λ̃)q0,q1 =


1 0 0 0

0 cos
(

θ̃
2

)
0 −eiλ̃ sin

(
θ̃
2

)
0 0 1 0

0 eiφ̃ sin
(

θ̃
2

)
0 ei(φ̃+λ̃) cos

(
θ̃
2

)
 ,
(6)

where (θ, φ, λ) and (θ̃, φ̃, λ̃) are real-valued parameters that
define the rotations applied by the U3 and CU3 gates, q0 and
q1 denote the control and target qubits, respectively.

The CU3 is designed with a circular layout, which enables
for constructing multi-qubits interactions within the PQC. The
PQC can be expressed as

|ψ(θPQC)⟩ = U(θPQC)|0⟩⊗Nq , (7)

where Nq denotes the number of qubits, and total number
of trainable parameters in the PQC is θPQC = 6Nq , as
each U3 and CU3 gate has three tunable parameters. The
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Fig. 3. Proposed quantum-assisted memory-efficient training framework. (a) Overall architecture where the Q-MET generates parameters for ResNet-18. (b)
Training workflow of Q-MET: warm-up training, LAMP-based pruning, and optimal-structure training.

measurement probabilities of the PQC output can be expressed
as a probability vector as follows

Ψ =


|⟨ϕ1|ψ(θPQC)⟩|2

...
|⟨ϕk|ψ(θPQC)⟩|2

...
|⟨ϕP |ψ(θPQC)⟩|2

 , (8)

where |ϕk⟩ ∈ {0, 1}Nq represents the k-th computational basis
state, k ∈ {1, 2, . . . ,P = 2Nq} indexes the computational ba-
sis state, and |⟨ϕk|ψ(θPQC)⟩|2 is the probability of obtaining
the outcome |ϕk⟩ upon measurement.

These probabilities are then further processed by an embed-
ding function that adds information to represent the unique-
ness of computational basis state. In this study, we employ
sinusoidal embedding, as proposed in [51], because it of-
fers a compact and uniquely identifiable representation of
computational basis states, while significantly reducing the
embedding dimensionality from exponential to constant size,
thereby improving scalability and computational efficiency.
The sinusoidal embedding is defined as follows

S(Ψ) = [S0, S1,Ψ] , (9)

where S0 and S1 represent embedding vectors that serve as
compact and distinctive identifiers for each set of measurement
probabilities. As a result, the triplet [S0, S1,Ψ] effectively
encodes the identity of the corresponding computational basis
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Fig. 4. Overview of mapping network in the proposed quantum-assisted
memory-efficient training framework.

state linked to each probability. The explicit expansion of Eq.
(9) is presented as follows

S(Ψ) =


S0,0, S1,0, |⟨ϕ1|ψ(θPQC)⟩|2

...
...

S0,ke
, S1,ke

, |⟨ϕk|ψ(θPQC)⟩|2
...

...
S0,P−1, S1,P−1, |⟨ϕP |ψ(θPQC)⟩|2

 , (10)

where S0,ke and S1,ke are the two sinusoidal embedding
components, defined as

Sι,ke
= sin

(
ke
P
2π +

ιπ

2

)
, (11)

where ι = 0, 1 is the embedding index, and ke is the quantum
state index with ke ∈ {0, 1, 2, . . . ,P − 1}.
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TABLE III
Detailed architecture of mapping network model

Component Layer Type Parameters

Inner Function† FC (1 → 16) + BN 64
FC (16 → 1) 17

Outer Function FC (3 → 32) + BN 192
FC (32 → 64) 2112
FC (64 → 5) 325
FC (5 → nB) 6× nB

Total - 2872 + 6× nB

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

In the Q-MET framework, these embedded probability
vectors are then mapped to the parameters of the ResNet-
18 model using a classical neural network, referred to as the
mapping network, denoted by M with tunable parameters θm.
As depicted in Fig. 4, the mapping network comprises an inner
network and an outer network. Detailed layer specifications are
provided in Table III. The structure of the mapping network
follows the sinusoidal-embedding mapping design introduced
in our prior QT work [51], where an inner function is applied
independently to each input variable and is followed by an
outer function. Building on that design, the intermediate layer
widths in Table III were enlarged and selected through a
small search over candidate dimensions, guided by the trade-
off between classification accuracy and the size of the mapping
network. Since the mapping network accounts for the dominant
share of the trainable parameters in the Q-MET framework,
the smallest widths that retained competitive accuracy were
chosen to keep the overall trainable-parameter count as low
as possible. The output width nB is dataset-dependent and is
set by (15) so that the total number of generated parameters
matches the size of the target model, while the remaining
widths are fixed across both datasets. The output of mapping
network is a matrix parameter, which can be modeled as

Θm =Mθm(S(Ψ)), (12)

where Θm ∈ RnG·nB denotes the matrix of classical param-
eters, with nG and nB representing the number of parameter
groups and the number of parameters in each group, respec-
tively.

The output matrix is then reshaped into a 1D vector of the
length nG · nB , denoted as

−→
θ ResNet−18, which serves as the

classical parameter set of ResNet-18. It is worth noting that the
QPG acts purely as a weight generator and does not take CSI
data as input. This makes Q-MET applicable to any classical
DL architecture regardless of the input modality.

B. Structured Pruning
To address inference inefficiency, Q-MET employs a struc-

tured channel pruning strategy guided by layer-adaptive
magnitude-based pruning (LAMP) [91] scores, where chan-
nel importance is derived from the LAMP scores of their
associated weights. Compared to uniform or global magnitude
pruning, LAMP better preserves sensitive layers, resulting in

improved accuracy retention under high sparsity, while main-
taining significant reductions in model size and computational
cost. It is worth noting that Q-MET is compatible with any
pruning technique, from unstructured to structured methods.
Structured pruning is preferred here because it produces reg-
ular, dense matrices that are well-suited to hardware accelera-
tion on resource-constrained platforms, whereas unstructured
pruning yields irregular sparse matrices that are ineffectual for
practical inference speedup [86]. Among structured criteria,
LAMP is adopted for its layer-adaptive importance scoring,
which better preserves sensitive layers under high sparsity
compared to uniform magnitude pruning [91].

Consider a neural network in which each layer is associated
with a weight tensor corresponding to a fully connected or
convolutional layer. To provide a unified formulation across
different layer types, each weight tensor W is reshaped into
a one-dimensional vector (i.e., vectorized). Without loss of
generality, the elements of this vector are sorted and indexed
in ascending order of magnitude, such that

|W [u]| ≤ |W [v]| for u < v, (13)

where W [u] denotes the u-th element of the flattened weight
tensor W , and u and v index the entries of this vector after
sorting in ascending order of magnitude.

Based on this ordering, the LAMP score assigned to the
weight indexed by u is defined as [91]

score(u;W ) =
(W [u])2∑
v≥u(W [v])2

. (14)

This score measures the relative importance of a weight
with respect to the remaining higher-magnitude weights within
the same layer, as the denominator represents the cumulative
squared magnitude of all weights ranked at or above index u.

To extend LAMP to structured pruning, a channel-level
importance score is computed by aggregating the LAMP
scores of all weights within each channel. After computing
the channel scores, all channel scores across the network are
concatenated into a single global score vector. Given a target
pruning ratio p, channels with the smallest scores are globally
removed until the desired sparsity level is reached.

C. Training Flow for Quantum-Assisted Memory-Efficient
Training Framework

As shown in Fig. 3(b), the training process of Q-MET
consists of three stages: warm-up training, structured pruning,
and optimal-structure training.

In the warm-up training stage, the full model is trained
for a few epochs. The goal is not convergence, but to estab-
lish a weight distribution sufficient for identifying redundant
connections. This is followed by structured pruning using
LAMP. The LAMP scores are evaluated to identify and remove
less important filters, resulting in a sparse model architecture
by keeping only the most informative components. Finally,
the pruned model, now considered a compact structure, is
further trained using Q-MET, which produces parameters only
for the active channels. Therefore, the number of parameters
generated is significantly lower compared to the full model,
resulting in higher memory efficiency during training.
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1) Quantum Parameter Generator Procedure: To construct
the QPG, we first determine the number of qubits required to
construct the PQC. Based on the number of qubits and the total
number of parameters in the classical ResNet-18 model, we
then design the mapping network by specifying the parameters
nB and nG, which are given by

nG = 2Nq , nB =

⌈
CResNet-18

2Nq

⌉
. (15)

Once the QPG is initialized, it is used to dynamically gen-
erate the parameters of the ResNet-18 model during training.
At each training iteration, the QPG produces a parameter
set

−→
θ ResNet-18 corresponding only to the active (unpruned)

components of the network. These parameters are then injected
into the ResNet-18 architecture using PyTorch’s functional op-
erators (e.g., F.conv2d, F.linear), which accept weight
and bias as arguments and thus enable on-the-fly parameter
injection into the corresponding layers. After the parameter
update, the model processes a training input x and produces
a prediction ŷ via the forward pass

ŷ = Z(x;
−→
θ ResNet−18), (16)

where Z(·) denotes the forward function of ResNet-18 with
the parameters generated by Q-MET.

2) Loss Function and Gradient Estimation: For multi-class
classification tasks, the training loss is computed using the
cross-entropy (CE) loss function

LCE = − 1

NBatch

NBatch∑
i=1

Nc∑
c=1

yi,c log(ŷi,c), (17)

where yi,c denotes the ground-truth label of the i-th sample for
class c, and ŷi,c represents the predicted probability assigned
to class c by the model. NBatch is the batch size and Nc denotes
the number of output classes.

Since the parameters of ResNet-18 are generated by QPG,
which consists of both the PQC with parameters θPQC and
the classical mapping network with parameters θm, the loss
gradient needs to be propagated through the entire QPG
pipeline [45]. By applying the chain rule, the gradient of the
loss with respect to the joint QPG parameters is computed
as [45]

∇(θPQC,θm)LCE =

(
∂θResNet-18

∂(θPQC, θm)

)⊤

∇θResNet-18LCE, (18)

where ∂θResNet-18/∂(θPQC, θm) denotes the Jacobian matrix,
which quantifies the sensitivity of the generated ResNet-18
parameters with respect to the PQC and mapping network
parameters.

The parameters of the PQC and the mapping network are
updated via gradient descent as follows

θ
(t+1)
PQC , θ

(t+1)
m = θ

(t)
PQC , θ

(t)
m − η∇(θPQC ,θm)LCE, (19)

where η represents the learning rate.

D. Parameter Efficiency Analysis
During training, the Q-MET framework dynamically gener-

ates the parameters required for the ResNet-18 model, thereby
eliminating the need to train and update the massive number
of parameters in ResNet-18. Instead, the trainable parameters
are restricted to the compact QPG, which significantly reduces
memory overhead and enables efficient training in resource-
constrained environments. This reduction is particularly im-
portant, as memory consumption during training arises not
only from model weights, but also from optimizer states,
activation tensors, and gradient buffers. By minimizing the
trainable parameter count, Q-MET significantly lowers the
memory overhead for gradients and optimizer states, enabling
efficient training in resource-constrained environments.

This subsection quantifies the efficiency of Q-MET in terms
of the number of trainable parameters. Let CResNet-18 denote
the total number of parameters in the baseline ResNet-18
model. In contrast, the parameter count of Q-MET consists
of the combined contributions from the PQC and the mapping
network, which can be modeled as

CQ-MET = 6Nq︸︷︷︸
PQC

+(2872 + 6nB)︸ ︷︷ ︸
Mapping Network

, (20)

When substituting (15), the following results are obtained

CQ-MET = 6Nq +

⌈
6CResNet-18

2Nq

⌉
+ 2872. (21)

The parameter efficiency gain is then defined as

∆C(%) =

(
1− CQ-MET

CResNet-18

)
× 100, (22)

Substituting (21) yields

∆C(%) =

(
1− 6Nq

CResNet-18
− 6

2Nq
− 2872

CResNet-18

)
× 100. (23)

In the Q-MET framework, Nq is significantly smaller than
CResNet-18 (approximately 11.6×106), both terms 6Nq/CResNet-18
and 2872/CResNet-18 become negligible. Therefore, (23) can be
approximated as

∆Capprox(%) ≈
(
1− 6

2Nq

)
× 100. (24)

From (24), the relationship between the number of qubits
and the corresponding parameter efficiency gain is summarized
in Table IV. When Nq = 2, the negative gain (−50%)
indicates that Q-MET requires more parameters than the
baseline ResNet-18 model, and is therefore less efficient at
very low qubit counts, but begins to outperform the baseline
when Nq ≥ 3, where the gain is approximately 25%.

As Nq increases, the efficiency improves rapidly. When
Nq = 4, the gain rises to 62.5%, increasing to 81.25%
at Nq = 5, reaching 90.63% at Nq = 6. These results
demonstrate that more than 90% parameter efficiency can be
achieved using only six qubits. This highlights the potential
of Q-MET to reduce model complexity in a highly efficient
manner with relatively low quantum resource requirements.
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TABLE IV
Approximate Parameter Efficiency Gains Achieved by Q-MET Across

Different Qubit Counts

Number of Qubits (Nq) ∆Capprox(%)

2 −50.00

3 25.00

4 62.50

5 81.25

6 90.63

7 95.31

8 97.66

9 98.83

10 99.41

TABLE V
Summary of Datasets

Datasets UT-HAR Widar3.0
Hardware Platform Intel 5300 NIC Intel 5300 NIC
Number of Classes 7 22

Sample Dimensionality (1,250,90) (22,20,20)
Training samples 3,977 34,926
Testing samples 996 8,726

Beyond six qubits, however, the additional gains become
smaller. For example, increasing Nq from 6 to 10 yields
an additional gain of only 8.78%, reaching a maximum of
99.41%. This suggests a point of diminishing returns, where
most of the parameter savings are achieved early, and further
increases in qubit count provide limited improvements.

E. Computational Complexity Analysis

The per-iteration training complexity of Q-MET consists
of three main components: the PQC, the mapping network,
and the pruned ResNet-18. When the PQC is simulated
classically and the full probability vector is evaluated, its
cost scales as O(2Nq ). The mapping network generates nGnB
parameters and therefore has complexity O(nGnB). For the
pruned ResNet-18, let FResNet-18 denote the training cost of
the full model. At sparsity level s, the cost is approximated as
O((1− s)FResNet-18). Thus, the total per-iteration complexity
of Q-MET is

OQ-MET = O(2Nq )+O(nGnB)+O((1−s)FResNet-18). (25)

In comparison, standard backpropagation-based training of
the full ResNet-18 has complexity O(FResNet-18). Therefore,
Q-MET introduces additional parameter-generation overhead,
which is consistent with the empirical training-time increase
of 18%–36% observed in Fig. 5.

The main benefit of Q-MET is memory efficiency rather
than reduced computation. Standard training stores weights,
gradients, and optimizer states for all ResNet-18 parameters,
resulting in model-state memory scaling with O(CResNet-18).
In contrast, Q-MET maintains trainable states only for the
compact QPG, reducing this component to O(CQ-MET), where
CQ-MET ≪ CResNet-18.

VI. Experimental Evaluation
A. Dataset

The experiments were conducted using two public datasets,
which are UT-HAR [49] and Widar3.0 [48]. Table V sum-
marizes their specifications. Both datasets contain CSI data
collected using the Intel 5300 Wi-Fi network interface card
under real-world conditions.

The UT-HAR dataset contains 7 different human motions,
namely lie down, fall, walk, pick up, run, sit down, stand up.
These activities cover a range of basic human motions and
are commonly used to evaluate the performance of CSI-based
HAR models [21], [49].

In contrast, the Widar3.0 dataset is a large-scale benchmark
focused on fine-grained gesture recognition. These classes
include common gesture primitives such as push & pull, sweep,
clap, and slide, as well as 18 drawing gestures [21], [48].
The Widar3.0 dataset is widely used to assess the scalability,
discriminative capabilities, and cross-domain generalization of
CSI-based sensing systems [21].

B. Training Hyperparameter Configuration
Training was conducted on a Dell Precision 3680 work-

station equipped with an Intel® Core™ i7-14700 processor,
64 GB of RAM, a 2 TB SSD, and an NVIDIA GeForce
RTX 4090 GPU. We used the Adam optimizer with an initial
learning rate of 0.001 and a batch size of 128. Training ran for
up to 500 epochs, with an early stopping mechanism triggered
if validation loss did not improve for 30 consecutive epochs.

C. Evaluation Metrics
1) Accuracy: Accuracy is a key metric for assessing the

classification performance of DL-based HAR models. It rep-
resents 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
. (26)

To evaluate the impact of Q-MET relative to the traditional
approach, we define the accuracy loss as

AccLoss = Accbaseline −AccQ-MET, (27)

where AccQ-MET and Accbaseline denote the accuracies of the
ResNet-18 model trained using the Q-MET framework and the
classical approach, respectively.

2) Parameter Efficiency: We use the number of trainable
parameters as a primary metric to evaluate efficiency, as pa-
rameter count is the canonical and widely accepted efficiency
measure in the parameter-efficient training literature such as
LoRA [92], and the QT family [45], [46], [51]–[53].

For a DL model with C trainable parameters, the model-state
component of training memory, comprising the parameters,
gradients, and the two Adam moment estimates stored in FP32,
can be expressed as [34]

M train
model =Mp +Mgrads +Mopt, (28)
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where Mp = CS denotes the memory required to store the
model parameters, Mgrads = CS corresponds to the memory
for storing gradients, and Mopt = 2CS represents the memory
required by the optimizer states when using the Adam opti-
mizer. Here, S denotes the number of bytes per parameter
(e.g., S = 4 for FP32).

Therefore, (28) can be rewritten as

M train
model = 4CS. (29)

Under FP32 precision, this corresponds to M train
model = 16C

bytes. Concretely, the model-state memory of the baseline
ResNet-18 is approximately 177 MB on UT-HAR and 171 MB
on Widar3.0, whereas Q-MET reduces it to about 8.4 MB
(QT-7) and 17 MB (QT-6), respectively, corresponding to
a reduction of roughly 95% and 90%. These figures follow
directly from the trainable-parameter counts and the relation
M train

model = 16C. We emphasize that this quantifies the model-
state component of training memory (parameters, gradients,
and optimizer states). The activation and buffer memory, which
is determined by the network forward pass and batch size, is
orthogonal to and not the target of the proposed framework,
though structured pruning incidentally reduces it.

During inference, gradient and optimizer states are not
required, and the memory footprint is primarily determined by
the model parameters. As a result, inference memory remains
strongly correlated with the parameter count, further justifying
the use of parameter efficiency as a unifying metric for
evaluating both training and inference memory requirements.

To quantify the efficiency of the proposed Q-MET frame-
work, we adopt the notion of parameter efficiency, as defined
in (22). This metric measures the percentage reduction in the
number of trainable parameters achieved by Q-MET relative
to the classical training approach.

3) Sparsity: Sparsity is a key metric for assessing the
effectiveness of structured pruning [93]. It represents the
percentage of the model that has been pruned and can be
defined as

Sparsity(%) =
Number of pruned parameters
Total number of parameters

× 100. (30)

A higher sparsity level indicates a more aggressively pruned
model, which typically results in reduced model size and faster
inference times [93].

4) Training Time: To evaluate the computational efficiency
of the QT framework, we define the average training time per
epoch, Te (in seconds), as

Te =
Total training time
Number of epochs

, (31)

where the total training time is measured until model conver-
gence.

D. Experimental Results
In this subsection, we first evaluate the effectiveness of

the QT framework in training the classical ResNet-18 model
to determine the optimal QT configuration. We then sys-
tematically analyze the performance of the proposed Q-MET

TABLE VI
Baseline performance of ResNet-18 on UT-HAR and Widar3.0

Model Datasets Parameters Acc (%)
Highest Lowest Average

ResNet-18 UT-HAR 11,622,599 98.80 97.60 98.08 ± 0.44
Widar3.0 11,227,798 72.22 69.71 71.29 ± 1.02

framework under various training settings, including different
numbers of Warm-Up epochs and pruning ratios. Finally, we
discuss the observed performance-efficiency trade-offs and
provide insights of Q-MET for resource-constrained HAR
deployments.

1) Performance of Classical ResNet-18 Model and QT
Framework: We first examine the performance of the ResNet-
18 model that is trained via conventional training method
for both UT-HAR and Widar3.0 datasets, which serves as
the baseline for our study. Table VI reports the number of
parameters, highest and lowest accuracy across five runs,
average accuracy with standard deviation.

ResNet-18 achieves strong classification performance on
the UT-HAR dataset, yielding an average classification ac-
curacy of 98.08 ± 0.44%. In contrast, performance on the
Widar3.0 dataset is lower, with an average accuracy of 71.29
± 1.02%. These results are consistent with those reported
in [21]. The lower classification accuracy on the Widar3.0
dataset is primarily attributed to the greater complexity of the
dataset, as the Widar3.0 dataset includes 22 gesture classes,
compared to only 7 activity classes in the UT-HAR dataset.
The larger number of classes increases the difficulty of the
classification task, making it more challenging for the model to
distinguish between similar gestures. Additionally, the number
of parameters is slightly different between the two settings,
with 11.6 million in UT-HAR and 11.2 million in Widar3.0.
This difference is due to small adjustments in the initial block
made for each dataset, as described in Section IV-B.

Subsequently, we evaluate the effectiveness of the proposed
QT framework for training the classical ResNet-18 models. As
presented in Section IV-D, the QT framework starts attaining
efficiency when the qubits count is more than three. To analyze
the performance of the framework under various levels of
compression, we conducted experiment with qubit settings
ranging from 3 to 10 qubits (QT-3 to QT-10). As shown in
Table VII, the actual parameter efficiency achieved by the QT
framework (∆C(%)) closely aligns with the approximated val-
ues (∆Capprox(%)), thereby validating the theoretical analysis
presented in Section V-D.

Table VII presents the performance results of the QT
framework on the UT-HAR and Widar3.0 datasets. For UT-
HAR, we observe that all QT variants consistently improve
or match baseline accuracy, even under aggressive parameter
compression. For example, QT-5 and QT-7 not only reduce the
parameter count by approximately 81.22% and 95.29%, but
also yield improved average accuracy (99.20 ± 0.22% and
99.08 ± 0.24%). These results suggest that the QT frame-
work can successfully reduce parameter complexity without
sacrificing model performance. In contrast, the performance
on the more complex Widar3.0 dataset follows a different
curve. QT-3 to QT-5 perform comparably or slightly better
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TABLE VII
Performance of ResNet-18 trained with QT using different numbers of qubits

QT Variants ∆Capprox(%) ∆C(%)
UT-HAR Widar3.0
Acc (%) Acc (%)

Highest Lowest Average Highest Lowest Average
QT-3 25.00 24.98 99.20 99.00 99.12 ± 0.10 73.02 72.43 72.78 ± 0.22
QT-4 62.50 62.48 99.20 98.80 99.08 ± 0.16 73.14 71.82 72.35 ± 0.47
QT-5 81.25 81.22 99.40 98.80 99.20 ± 0.22 71.74 71.05 71.40 ± 0.23
QT-6 90.63 90.60 99.20 98.60 98.80 ± 0.22 72.16 69.02 70.61 ± 0.45
QT-7 95.31 95.29 99.40 98.80 99.08 ± 0.24 70.40 66.82 68.76 ± 1.31
QT-8 97.66 97.63 99.00 97.40 98.56 ± 0.62 67.92 65.30 66.40 ± 1.94
QT-9 98.83 98.80 99.20 98.60 98.72 ± 0.27 68.70 63.55 66.28 ± 1.97
QT-10 99.41 99.39 99.00 97.00 98.08 ± 0.70 67.40 61.82 65.84 ± 2.03
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Fig. 5. Training time per epoch of the baseline and QT variants.

than the baseline, with QT-3 reaching 72.78 ± 0.22% and
QT-5 reaching 71.40 ± 0.23%. Beyond QT-6, however, the
performance starts to degrade, with QT-9 and QT-10 drop-
ping to 66.28 ± 1.94% and 65.84 ± 2.03%, respectively.
Furthermore, the variance in accuracy increases from 0.22
for QT-3 to 2.03 for QT-10, indicating a less stable model.
This increasing variance, together with the drop in accuracy,
hints that excessive compression may limit the performance
of the QT framework. As the number of qubits increases,
the dimensionality of the mapping network shrinks, thereby
limiting its ability to learn good PQC probabilities and risking
underfitting.

Regarding training efficiency, Fig. 5 shows that the baseline
model on the UT-HAR dataset requires 3.2 seconds per
epoch. In comparison, the QT framework exhibits a longer
training time per epoch across all settings. Specifically, when
increasing the number of qubits from 3 to 10, the training time
increases gradually. For instance, QT-3 has an 18.2% overhead
compared to the baseline, and QT-10 has a 35.7% increase. Al-
though this introduces extra training cost, the gain in parameter
efficiency makes it especially suitable for resource-constrained
devices. Moreover, this additional training cost is incurred only
during offline training and does not impact inference efficiency.

These outcomes provide a comprehensive evaluation of the
QT framework on classification performance, and training
cost. The main advantage of QT is that it can vastly reduce
the parameters without sacrificing performance, (and in some
cases increases effectiveness) in classification. A smaller qubit
configuration (e.g., QT-3 to QT-5) exhibits moderate compres-

TABLE VIII
Comparison of QT-7 against classically trained lightweight

ResNet-18 and a static hypernetwork

Model UT-HAR Widar3.0
Parameters Acc (%) Parameters Acc (%)

Lightweight ResNet-18 529,295 97.60 ± 0.42 525,958 62.60 ± 0.46
Hypernetwork 547,323 98.60 ± 0.75 547,244 63.50 ± 7.39

QT-7 547,424 99.08 ± 0.24 528,830 68.76 ± 1.31

sion with low accuracy loss, while a larger number of qubit
configurations (QT-8 to QT-10) achieves more compression
but at the cost of reduced accuracy, particularly on more
complex datasets. For the UT-HAR dataset, it is found that
QT-7 has the best trade-off, achieving a high classification
accuracy of 99.08 ± 0.24% with a parameter reduction score
of over 95% and acceptable training overhead. In contrast, for
the more complex Widar3.0 dataset, QT-6 has the best trade-
off, maintaining an accuracy of 70.61 ± 0.45% while reducing
parameters by more than 90%.

2) Comparison with Lightweight ResNet-18: To assess
whether Q-MET’s gains stem from the training framework
rather than from architectural choice, we compare QT-7 against
a classically trained lightweight ResNet-18. Specifically, we
reduce the number of channels in every convolutional layer
of ResNet-18 by a width multiplier of 0.22, meaning each
layer retains only 22% of its original channel count. This
yields a slim ResNet-18 with approximately 529k parameters,
closely matched to the QT-7 parameter budget, ensuring a fair
parameter-controlled comparison. As reported in Table VIII,
the lightweight ResNet-18 achieves 97.60 ± 0.42% on UT-
HAR and 62.60 ± 0.46% on Widar3.0, whereas QT-7 achieves
99.08 ± 0.24% and 68.76 ± 1.31%, respectively. The accuracy
gap widens from 1.48% on UT-HAR to 6.16% on Widar3.0,
demonstrating that Q-MET’s advantage is attributable to the
training framework and not merely to parameter budget reduc-
tion.

3) Comparison with classical hypernetworks: To assess
whether Q-MET’s gains stem from the proposed quantum-
assisted framework rather than from classical parameter gen-
eration, we compare QT-7 against a static hypernetwork [94],
[95]. This baseline is chosen for two reasons: it is a well-
established hypernetwork formulation, and it was originally
designed to generate the convolutional kernels of CNNs,
making it directly compatible with our ResNet-18 model. The
hypernetwork is configured to generate all parameters of the
ResNet-18 model, and its embedding size is tuned so that its
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Fig. 6. Sparsity of the model on the UT-HAR and Widar3.0 datasets across
varying pruning ratios.

trainable parameter count matches that of QT-7, ensuring a
fair comparison under an equal parameter budget. As shown
in Table VIII, the hypernetwork achieves an average classi-
fication accuracy of 98.60 ± 0.75% on UT-HAR and 63.50
± 7.39% on Widar3.0, whereas QT-7 attains 99.08 ± 0.24%
and 68.76 ± 1.31%, respectively. The accuracy gap widens
from 0.48% on UT-HAR to 5.26% on Widar3.0. Moreover,
the hypernetwork exhibits much higher run-to-run variance
on Widar3.0 (a standard deviation of ±7.39 compared with
±1.31 for QT-7), indicating less stable training. These results
indicate that Q-MET’s advantage is attributable specifically to
the proposed quantum-assisted framework rather than to the
broader parameter-generation paradigm.

4) Impact of Pruning Ratios and Warm-Up Epochs on Q-
MET: Fig. 6 illustrates the sparsity of the ResNet-18 model
on both datasets with different pruning ratios. Both models
tend to have distinct and monotonic sparsity increases upon
an increase in the pruning ratio. Importantly, the sparsity on
both datasets exceeds 70% when the pruning ratio is higher
than 0.6, ranging up to 90% at a pruning ratio of 0.9.

Fig. 7 shows the impact of warm-up epochs on Q-MET
performance under the selected pruning ratio. The duration
of the Warm-Up is varied from 1 to 5 epochs to investigate
whether using a longer warm-up period improves performance.
This span is in line with common practice, where Warm-Up
is generally applied for a few epochs to stabilize the early
training process [96], [97]. The results suggest the number
of warm-up epochs has little effect on classification accuracy
in the two datasets. Accuracy on the UT-HAR dataset is
stable and high in all warm-up settings with slight differences
around 1%. At a pruning ratio of 0.6, accuracy increases
marginally from 98.44% at one warm-up epoch to 98.88%
for five epochs, while at an aggressive pruning ratio (0.9),
accuracy fluctuates around 96.96% to 98.12% without much
indication of increases. For the Widar3.0 dataset, warm-up
epochs generate small accuracy differences at moderate prun-
ing ratios and no sustained performance improvement with
the time spent warming up. In fact, at a pruning ratio of 0.9,
accuracy drops from 66.01% in one warm-up epoch to 60.81%
in five, suggesting that extended Warm-Up can be harmful with
extreme sparsity. Due to the negligible gains and additional

training overhead, a single warm-up epoch gives similar results
to those for longer schedules and is thus elected as the optimal
choice.

5) Q-MET Performance: Following the previous analysis,
we set the Warm-Up epoch to one and compare Q-MET against
differing pruning ratios. Fig. 8 displays the classification
performance of Q-MET at different pruning ratios on the
UT-HAR and Widar3.0 datasets with reference to ResNet-18
(Classical) and QT-based baselines. Overall, for both datasets,
Q-MET provides competitive classification accuracy across
many sparsity levels.

On the UT-HAR dataset, as shown in Fig. 8(a), Q-MET
achieves high accuracy across pruning ratios from 0.1 to 0.8,
with average accuracy remaining above 98.4%. In particular,
at moderate pruning levels (0.3 to 0.5), Q-MET reaches accu-
racies of 99.00%, similar to or higher than the QT-7 baseline
(99.08%) and distinctly superior to the classical ResNet-18
baseline (98.08%). Q-MET achieves over 98.44% accuracy at
a pruning ratio of 0.6 (where more than 70% of parameters are
removed), which signifies a small degradation in performance.
A severe decline is evident at a pruning ratio of 0.9, where
accuracy reaches 97.16%, whilst variance levels rise to 1.15,
further suggesting that extreme sparsity starts to limit model
capacity. However, Q-MET can still score well against the
unpruned ResNet-18 baseline, even under aggressive pruning.

For the Widar3.0 dataset, as shown in Fig. 8(b), Q-MET also
demonstrates stable performance at moderate pruning ratios,
delivering average accuracies around 70% for pruning ratios up
to 0.6. The results suggest that when using a 0.2 pruning ratio,
Q-MET attains an accuracy peak of 70.02%, remarkably close
to the QT-6 baseline (70.61%) and within a reasonable margin
of the dense ResNet-18 baseline (71.29%). Q-MET achieves
about 69.5% accuracy at pruning ratios of 0.3, 0.4, and 0.5.
With the pruning ratio exceeding 0.6, there is a continuous
gradual decrease in accuracy, which is 69.20% at a pruning
ratio of 0.6 and 66.01% at 0.9. This trend reflects the higher
sensitivity of Widar3.0 to model compression, consistent with
the higher complexity of the Widar3.0 dataset. The higher
standard deviation at the higher pruning ratio is consistent with
reduced stability under extreme sparsity.

Fig. 9 shows the training loss and validation loss conver-
gence curves on the UT-HAR dataset, comparing the baseline
ResNet-18 trained with conventional backpropagation and Q-
MET with 7 qubits and a pruning ratio of 0.7. Q-MET
starts from a higher initial loss than the baseline, but after
the early epochs both methods follow a comparable descent
trajectory. The baseline converges and early-stops at epoch
83, while Q-MET converges and early-stops at epoch 93,
despite using only 5% of the original trainable parameters.
A brief loss spike is observed in Q-MET immediately after
the pruning point at epoch 1, where more than 70% of the
parameters are removed. However, the model recovers quickly
within a few epochs and continues to decrease smoothly. Both
methods reach similar final training loss values (approximately
0.45) and final validation loss values (approximately 0.46),
confirming that Q-MET does not compromise convergence
stability.
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Fig. 7. Performance of Q-MET across warm-up epochs and pruning ratios on UT-HAR and Widar3.0 datasets. (a) Pruning ratio is 0.6. (b) Pruning ratio is
0.7. (c) Pruning ratio is 0.8. (d) Pruning ratio is 0.9.
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Fig. 8. Performance of Q-MET across varying pruning ratios on UT-HAR and Widar3.0 datasets. (a) Q-MET on UT-HAR dataset. (b) Q-MET on Widar3.0
dataset.

6) Comparison with Train-Then-Prune Pipeline: To justify
integrating pruning within the QT training process rather than
applying it after training, we compare Q-MET against a train-
then-prune (TTP) baseline in which QT-7 is first trained to
convergence and then pruned with LAMP using the same
criterion and pruning ratios. We evaluate three TTP variants
to isolate the effect of fine-tuning after pruning: TTP0 (no
fine-tuning), TTP10 (fine-tuning for 10 epochs), and TTP50

(fine-tuning for 50 epochs). As shown in Table IX, with-
out any fine-tuning (TTP0), the network fails completely at
moderate-to-high pruning ratios. At a ratio of 0.7, accuracy
drops to 9.60± 1.96% on UT-HAR and 3.71± 2.77% on
Widar3.0. Adding more fine-tuning epochs recovers much of
this loss. At the same ratio, TTP50 reaches 98.80% on UT-
HAR and 64.74% on Widar3.0, which is close to Q-MET’s
98.84% and 66.72%. This recovery, however, requires 50 extra

training epochs, while Q-MET needs no additional training
after pruning. The benefit of Q-MET becomes clearer when
more channels are removed. On UT-HAR at a ratio of 0.9,
Q-MET still reaches 97.16± 1.15%, while TTP50 falls to
92.64± 4.60% and becomes much less stable across runs. On
the more difficult Widar3.0 dataset, Q-MET performs best at
every pruning ratio, and the gap widens as pruning increases.
At a ratio of 0.9, Q-MET reaches 65.73% compared with
62.52% for TTP50 and only 6.10% for TTP0. Q-MET is also
consistent, with standard deviations below 1.7 in all settings.
These results support the design of Q-MET. By pruning during
training, the QPG keeps adapting its parameter generation to
the channels that remain active. The model therefore retains
capacity that would be permanently lost if pruning were
applied after training, and that fine-tuning can recover only
in part.
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TABLE IX
Comparison of Q-MET and TTP pipelines under varying pruning ratios.

Pruning Ratio UT-HAR Widar3.0
Q-MET TTP0 TTP10 TTP50 Q-MET TTP0 TTP10 TTP50

QT-7 (Unpruned) 99.08 ± 0.24 68.76 ± 1.31
0.1 99.08 ± 0.10 84.32 ± 18.42 98.36 ± 0.59 99.16 ± 0.15 68.43 ± 1.33 62.08 ± 2.73 67.65 ± 0.89 66.17 ± 1.78
0.2 98.96 ± 0.32 46.88 ± 21.82 97.84 ± 0.86 99.16 ± 0.23 69.00 ± 1.46 47.27 ± 4.77 67.46 ± 1.10 66.16 ± 1.15
0.3 99.00 ± 0.33 24.88 ± 14.44 98.00 ± 0.55 99.28 ± 0.10 68.96 ± 1.31 19.19 ± 2.89 66.97 ± 1.22 65.89 ± 1.49
0.4 98.96 ± 0.20 10.84 ± 3.86 97.04 ± 1.22 99.36 ± 0.23 68.46 ± 1.60 7.46 ± 2.94 66.34 ± 0.92 65.50 ± 1.16
0.5 98.88 ± 0.27 9.72 ± 3.21 94.20 ± 2.86 99.12 ± 0.20 68.71 ± 1.02 5.14 ± 2.23 65.87 ± 0.51 65.04 ± 1.05
0.6 98.44 ± 0.56 9.60 ± 2.51 91.40 ± 2.75 99.16 ± 0.23 67.15 ± 1.30 1.47 ± 0.27 65.87 ± 0.91 64.94 ± 0.73
0.7 98.84 ± 0.39 9.60 ± 1.96 89.44 ± 1.34 98.80 ± 0.38 66.72 ± 1.19 3.71 ± 2.77 64.22 ± 1.09 64.74 ± 0.78
0.8 98.60 ± 0.33 9.52 ± 1.98 80.84 ± 2.85 98.56 ± 0.41 66.70 ± 1.16 3.59 ± 3.08 60.41 ± 2.81 63.84 ± 1.32
0.9 97.16 ± 1.15 9.36 ± 2.22 59.72 ± 5.39 92.64 ± 4.60 65.73 ± 0.66 6.10 ± 3.07 52.78 ± 6.24 62.52 ± 1.79
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Fig. 9. Convergence curves on the UT-HAR dataset, comparing the baseline
ResNet-18 and Q-MET (7 qubits, p = 0.7). The dashed line marks the pruning
point at epoch 1. (a) Training loss. (b) Validation loss.

E. Discussion

The experimental results confirm that the Q-MET approach
effectively balances training efficiency, inference performance,
and model compactness, making it highly suitable for de-
ployment in resource-constrained scenarios. During training,
Q-MET leverages the QT framework to significantly reduce
the trainable parameters, saving a large amount of memory
while maintaining classification accuracy. In the UT-HAR
dataset, Q-MET decreases the size of trainable parameters
by about 95%, which is accompanied by an improvement
in classification accuracy from 98.08% to 99.08%. On the
more challenging Widar3.0 dataset, Q-MET produces a 90%
decrease of trainable parameters and a minor decrease in
accuracy from 71.29% to 70.61%. This small decrease in

performance shows the trade-off between trainable parameters
and model capacity on challenging datasets, even though it
confirms that Q-MET can substantially reduce the trainable
parameter count with minimal impact on recognition accuracy.
Although QT framework introduces additional training time
overhead compared to conventional training techniques, this is
incurred only during offline training and is offset by substantial
gains in memory and storage efficiency.

In terms of inference, Q-MET achieves substantial efficiency
gains through structured pruning. Q-MET can achieve more
than 85% sparsity with a pruning ratio of 0.8 on the UT-
HAR dataset and an accuracy of 98.60%, within 1% of the
unpruned QT-7 model. Importantly, despite removing more
than 85% of the parameters, the Q-MET-trained pruned model
still outperforms the unpruned model trained with the classical
approach, which achieves an accuracy of 98.08%. On the
Widar3.0 dataset, it finds that models trained with the Q-
MET framework still work effectively when about 75% of the
parameters have been trimmed (pruning ratio of 0.6), achieving
results of 69.20% in recognition accuracy, just 1.42% lower
than that achieved by an unpruned QT-6. Finally, this warm-
up epoch analysis shows that one warm-up epoch is enough to
obtain a steady performance under pruning, hence reducing the
training costs overall and unnecessary computational overhead.

VII. Conclusion
In this study, we proposed Q-MET, a novel memory-efficient

end-to-end training framework for HAR. Q-MET leverages
a hybrid quantum classical neural network architecture to
efficiently train the classical ResNet-18 model. To optimize
inference, we integrated LAMP directly into the QT process,
effectively eliminating redundant channels and significantly
reducing model size for deployment. Experimental results
on the UT-HAR and Widar3.0 datasets demonstrate that Q-
MET simultaneously enhances both training and inference
efficiency. On the UT-HAR dataset, Q-MET enabled training
of the ResNet-18 model using only 5% of the original train-
able parameters (a 95% reduction) and compressed the final
model by approximately 85%. Notably it achieved superior
classification accuracy compared to the unpruned ResNet-18.
On the more complex Widar3.0 dataset, Q-MET reduced the
number of trainable parameters to 10% of the original count
and achieved 75% model sparsity, with accuracy degradation
limited to within 2%. These findings demonstrate that Q-MET
is a robust solution for enabling lightweight inference and
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memory-efficient training within resource-constrained HAR
structures. Finally, our analysis of warm-up epochs revealed
that a single warm-up epoch is sufficient to ensure stable
pruning, thereby minimizing the computational overhead of the
pre-training phase. Furthermore, since Q-MET is compatible
with any compression technique, integrating it with other
model-compression methods, such as quantization or hybrid
pruning and quantization, is a promising direction for further
reducing memory and storage costs. In addition, since HAR
systems are often deployed in privacy-sensitive environments,
incorporating security and privacy-preserving mechanisms
into the Q-MET framework is another important direction.
These include privacy-preserving training approaches such as
federated learning, which avoid transferring raw CSI data
to the cloud, as well as the evaluation and enhancement of
the adversarial robustness of Q-MET-trained models against
channel-level perturbations.
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