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Stabilized Classification Control using Multi-Stage
Quantum Convolutional Neural Networks for
Autonomous Driving

Emily Jimin Roh, Soohyun Park, Soyi Jung, and Joongheon Kim

Abstract—Real-time processing with high classification ac-
curacy is a fundamental requirement in autonomous driving
systems. However, existing neural network models for classifica-
tion often face a tradeoff between computational efficiency and
accuracy, necessitating the development of advanced optimiza-
tion methods to address this limitation. Additionally, dynamic
driving environments offer opportunities to enhance classification
performance by leveraging the principles of quantum computing,
particularly the properties of superposition and entanglement. In
response to these challenges, a multi-stage quantum convolutional
neural network (MS-QCNN) approach is proposed, designed to
improve image analysis performance by effectively utilizing the
multi-stage structure of QCNN. A Lyapunov optimization frame-
work is applied to achieve optimal performance, which maximizes
time-averaged efficiency while ensuring system stability. This
framework dynamically adjusts the MS-QCNN model in response
to environmental variations, promoting enhanced queue stability
and achieving optimal time-averaged performance.

Index Terms—Autonomous driving, Lyapunov optimization,
multi-stage quantum convolutional neural network

I. INTRODUCTION

N the rapidly evolving domain of autonomous driving,

ensuring real-time data processing with high classification
accuracy is critical [1], [2]. Consistently stabilized classifica-
tion accuracy is a foundational element, enabling autonomous
vehicles to accurately perceive and interpret their environments
for critical tasks such as obstacle detection, lane identification,
and traffic sign recognition [3]. The effectiveness of these sys-
tems is heavily dependent on their ability to balance compu-
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Fig. 1. The overall architecture of the stabilized classification control using
MS-QCNN.

tational efficiency with classification accuracy, a tradeoff that
has posed significant challenges for existing neural network
architectures [4]. As autonomous driving scenarios become
increasingly complex, there is a growing need for innovative
approaches that address this limitation while maintaining ro-
bustness and reliability.

While effective in static environments, conventional neural
network models often fail to meet the stringent demands of
real-time, dynamic systems like autonomous vehicles [5]. The
computational cost of achieving high accuracy can become
prohibitive, mainly when real-time processing constraints are
considered [6]. To address this challenge, efforts have focused
on exploring optimization techniques to improve the perfor-
mance of neural networks without significantly increasing their
computational overhead [7]. Despite these efforts, existing
approaches struggle to fully exploit the potential for adaptive
and efficient processing in rapidly changing environments,
necessitating new paradigms for improvement [8].

Recent advancements in quantum computing have in-
troduced a new dimension to addressing these chal-
lenges [9]-[11]. Quantum principles such as superposition
and entanglement offer unique opportunities for building more
efficient computational models. Quantum convolutional neural
networks (QCNNSs), which utilize the quantum neural network
in classical convolutional architectures, have emerged as a
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Fig. 2. The detailed architecture of the proposed MS-QCNN, illustrating the data uploading process, quantum convolutional operations, and the generation of

output feature representations.

promising direction for enhancing real-time image analysis
in autonomous systems [12]. QCNNs leverage the inherent
parallelism of quantum computing to handle complex data
structures more efficiently, making them well-suited for dy-
namic, real-world applications [13], [14].

To further enhance the capabilities of QCNNs, a multi-
stage quantum convolutional neural network (MS-QCNN)
framework is proposed. The MS-QCNN approach incorpo-
rates a multi-stage structure designed to improve the accu-
racy and efficiency of image classification tasks. The overall
architecture of the proposed stabilized classification control
using MS-QCNN is illustrated in Fig. 1, providing a visual
representation of the framework’s key components and their
interactions. By adopting a Lyapunov optimization frame-
work [15], [16], the proposed method ensures system stability
while dynamically adjusting to environmental variations. This
framework maximizes time-averaged computational efficiency,
optimally balancing resource allocation and processing speed
in response to changing conditions [17], [18]. Furthermore,
the Lyapunov approach facilitates queue stability, ensuring
consistent performance even under high-demand scenarios
common in autonomous driving environments [19].

Therefore, this paper bridges the gap between classical
neural networks and quantum-enhanced models, addressing
the limitations of existing methods while opening new avenues
for real-time data processing in autonomous systems. The
proposed stabilized classification control using MS-QCNN
framework aims to set a new benchmark for efficient, ac-
curate, and adaptive classification in dynamic environments
by integrating quantum computing principles with Lyapunov
optimization.

Contributions. The main contributions of this paper are
summarized as follows.

« First of all, this paper proposes the MS-QCNN architec-
ture that adjusts the multi-stage of QCNN to enhance the
accuracy and efficiency of real-time image classification
in autonomous systems.

o Moreover, the proposed algorithm in this paper imple-
ments a Lyapunov optimization framework to adjust
the MS-QCNN in response to environmental variations
dynamically, ensuring system stability and maximizing
time-averaged computational efficiency.

o Lastly this paper establishes a novel stabilized MS-QCNN

control framework for efficient and accurate classification
in autonomous systems by integrating quantum comput-
ing concepts with Lyapunov optimization, paving the way
for future developments in the field.
Organization. The remainder of this paper is organized as
follows. Section II introduces the main algorithms proposed
in this work, including their design and theoretical underpin-
nings. Section III presents experimental results that highlight
the robustness and effectiveness of the proposed stabilized MS-
QCNN control under varying conditions. Finally, Section IV
concludes the paper by summarizing key findings and out-
lining potential directions for future research to advance this
framework.

II. STABILIZED CLASSIFICATION CONTROL USING
MS-QCNN FOR AUTONOMOUS DRIVING

The paper integrates the MS-QCNN with Lyapunov opti-
mization to achieve stabilized classification performance in
dynamic autonomous driving environments. The MS-QCNN
model is designed to enhance classification accuracy and
efficiency by leveraging the multi-layered structure of QCNNSs.
To ensure stability and adaptability, a Lyapunov optimization-
based control is employed, enabling dynamic adjustment of
the MS-QCNN in response to environmental variations.

A. MS-QCNN Framework

The MS-QCNN framework extends the functionality of
the QCNN by introducing a multi-stage architecture that
dynamically adjusts to varying environmental demands. This
flexibility is achieved by controlling the depth and configu-
ration of the QCNN layers, allowing the model to optimize
its performance based on task complexity and computational
constraints [20]. The architecture of MS-QCNN is illustrated
in Fig. 2.

1) QCNN layer: For classification tasks, the Im2col op-
eration, a common technique in CNN optimization, is em-
ployed [21]. The input tensor is defined as 7' € REin>xHxW
where K;,, H, and W represent the number of input channels,
height, and width of the tensor, respectively. The filter is
specified as,

Fe RKomexhxw,

6]
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where K, is the number of output channels, and h and w are
the height and width of the filter. To perform the convolution
operation, padding p and stride s are applied to the input
tensor T'. The data pre-processing step transforms the input
tensor 7" into a new tensor 7" € RUEKinxhxw)x(HoxWo) Here,
the output height H, and width W, are computed as follows,

H+2p—h
Hy= =]+ 1, @
W+2p—w

S

W, =| | +1, 3)

and, this transformation organizes the input tensor into a
format that facilitates efficient convolution operations. To in-
corporate quantum computations, the channel data is uploaded
into identical geometrical spaces using an g-qubit quantum
circuit as,

Kin hpwyg

1) = [ T Re(zes)10)%7, @)

k=0 j=0

where ¢ € N[0, H, x W,,) and ¢ € {z,y, z}. In this context,
R, (x,,;) denotes a quantum rotation gate applied along the
axis x,y and z, where the input value x, ; determines the
rotation angle. This gate enables the encoding of classical data
into quantum states by rotating qubits accordingly, facilitat-
ing the representation of input features within the quantum
circuit. Here, h, and w, is the height and width of the
kth channel, respectively. This approach encodes the ith row,
representing a convolution operation, entirely into the quantum
state |t0), [22]. The ith quantum convolution is then expressed
as,

[Ye); = Uc(0) |4);, )

where Ug/(0) is a set of trainable rotation and CNOT gates. In
this paper, Ug(0) is implemented using a U3CU3 layer, where
U3 gates are applied for arbitrary single-qubit rotations and
controlled-U3 gates are utilized to capture entanglement be-
tween qubits, enabling flexible and expressive quantum trans-
formations within the convolutional layer. The transformed
quantum state [1y), must be decoded into a classical output
to enable compatibility with classical computing systems. The
expectation value, i.e.,

(Ox0) = [T Wxol Mlvxo), 6)
MeM
denotes the expectation of the transformed quantum state
|t)x,0) on the Hermitian M. This process produces outputs
(Ox.,9) € [—1,1]®4. For simplicity, the results are represented
as,

<O> £ <O(|¢9>1)>\Z € N[OaHo X Woy (7)

Given the number of quantum convolutions ¢ € N[0, H, x W],
the output dimension is expressed as (O) € R(HoxWo)xa o
harmonize the dimensions of classical data, the QCNN em-
ploys a fully connected network of size (¢, K,) to reconstruct
the channel data, yielding f,(O) € RFxWo)x Ko where f,.(-)
denotes the channel reconstruction. By permuting the resulting
tensor and treating ¢ as the seed channels, the QCNN achieves
functional equivalence with a classical CNN.

Algorithm 1: MS-QCNN

1 Notation. Number of qubits: g, input tensor: 7',
pre-processed tensor: 7", quantum state: |1)), trainable
quantum circuit: Ug (0), measurement operator: M, fully
connected reconstruction function: f; ;

2 Input: Input tensor 7 € R¥in*H>XW “number of stages I';

3 Pre-processing: Transform
T — T/ c R(Kmxhxw)x(HoxW,,)

4 forie{1,2,---, H,W,} do

bl

5 Initialize quantum state |0)®9;
6 Encode ith row of T” into quantum state:
Kin hxwg
)i =TI TT Releni) 10077, ¢ € (2,4, 2}.
k=0 j=0
7 for v € {1,2,---,T'} do
8 Apply quantum convolution at stage ~:

[¥n.0) < U003 5")-
Perform Pauli-Z measurement:

<OZ,9><_ H <¢1,0|M|¢:,9>~

MeMY

9 Decode quantum output:
(0)i £ {{O(10)s)) | i € N[0, Ho x Wo)}.

Reshape & pool the decoded results;
10 Data reconstruction:

f+(0) : R? — R,

Output: Extracted features;

—
o

2) Multi-Stage architecture design: The MS-QCNN archi-
tecture, as detailed in Algorithm 1 enhances the functionality
of the standard QCNN by introducing a hierarchical and multi-
stage design. This design enables dynamic adaptability to
task complexities and resource constraints, ensuring efficient
feature extraction and robust classification performance. Each
stage consists of one quantum convolutional layer, where
quantum convolution operations are applied sequentially to the
input quantum states. In each stage, the quantum convolutional
operation applies a unitary transformation designed to extract
meaningful patterns from the quantum state. Let the architec-
ture consist of I' stages, and the input to the ~th stage be
represented as 7. The quantum convolution operation at the
~th stage can be expressed as,

W] g) = UL (07) [, (8)

where ’wl;1> is the output state from the previous stage

(or the input state for the first stage). UL(6?) is the unitary
transformation representing the quantum convolution opera-
tion, parameterized by 67. The convolution operation applies
a localized transformation across subsets of qubits, analogous
to classical convolution, enabling efficient feature extraction
while preserving quantum information [21]. To transform the
quantum state into classical output, Pauli-Z measurements
are performed at each stage [23]. The expectation values
are calculated over the quantum states processed through the
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convolution layers. The expectation value for the ~yth stage is
defined as,

Or) =TI @W3elM37,). )

MeM~

In this equation, (1) ,|M ] ,) represents the expected mea-
surement outcome for the quantum state at the yth stage, where
the measurement operator M is applied to extract classical
information from the quantum state, thereby enabling the
assessment of quantum feature transformations. Here, M" is
the measurement set specific to the ~yth stage, defined as,

M’Y:{Mz;}?:la
_ 1®q—1 RQ—1
M,;’—I I RZI .

(10)
(1)

Here, M/ specifies the measurement operator for the gth
qubit, where the Pauli-Z operator Z is applied to the target
qubit. The identity operator I is applied to the remaining
qubits, ensuring that the measurement focuses on the intended
qubits while preserving the quantum information of the others.
Consequently, the decoding process ensures that the expec-
tation values fall within the range (O} ,) € [~1,1]%%. The
hierarchical structure of the MS-QCNN ensures that each
stage progressively extracts higher-order features from the
input quantum data. The convolutional layers capture localized
quantum correlations, while decoding transforms these into
classical probabilities. This allows the MS-QCNN to adapt dy-
namically to task-specific demands, balancing computational
efficiency with classification accuracy.

B. Lyapunov Optimization-based MS-QCNN Selection

In autonomous driving systems, ensuring real-time classi-
fication of environmental data is crucial for navigation and
safety [24]. To address the varying demands of computational
resources, environmental dynamics, and accuracy require-
ments, a Lyapunov optimization framework is utilized to man-
age the adaptive adjustment of the MS-QCNN’s -parameter,
which represents the number of stages in our MS-QCNN
architecture, as detailed in Algorithm 2. By dynamically
selecting -y, the framework balances computational efficiency
and classification performance to meet system constraints in
real-time [25].

1) Lyapunov optimization framework: The Lyapunov op-
timization framework captures delays and computational
demands using a queue-based model, where the queue-
backlog Q[t] represents the system state at time ¢ [26]. This
framework uses Lyapunov drifts to model queue dynamics,
allowing real-time selection of the optimal « value for the MS-
QCNN. This adaptive mechanism facilitates time-averaged,
sequential decision-making for stage-level adjustment while
guaranteeing queue stability and maintaining accuracy [27].
The queue dynamics are defined as,

Q[t + 1] £ max{Q[t] + a[t] — b(aft]), 0},

where Q[t] is the queue-backlog size at time ¢, with Q[0] = 0.
The term aft] represents the arrival process, defined as the
video frames received by the system per cycle, modeled
as independent and identically distributed (i.i.d.) random

12)
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events [28]. The service process b(«at]) is the system’s ability
to process data at time ¢, which depends on the selected MS-
QCNN stage parameter «[t]. A higher y implies deeper feature
extraction but increases computational load, whereas a lower
v reduces computation but may compromise classification
accuracy. The arrival process alt] is modeled as the ratio of
frames per second (fps) processed relative to the default fps,
given by,

alt] = wy - C[t], (13)

where wy represents the default fps, and ([t] depends on the
computational cost associated with the selected stage depth ~.
The service process b(«[t]) depends on the computational cost
associated with the selected stage depth ~ as,

b(aft]) = wy,if aft] = MS-QConv(y), (14)

where v € {1,2,3}, and w, represents the computational
cost corresponding to the MS-QCNN configuration with ~
stages, respectively. The range of v = {1,2,3} was carefully
determined based on both practical constraints and application
requirements. Due to the limitations of the current noisy
intermediate-scale quantum (NISQ) era, increasing -y beyond
3 stages is challenging, as it exceeds the feasible qubit
capacity and computational resources available for simulation.
Additionally, in the context of autonomous driving, where real-
time processing is critical, keeping the model lightweight is
essential to minimize inference time. Therefore, the selection
of ~ values up to 3 ensures a balanced tradeoff between
computational efficiency and classification accuracy, aligning
with both hardware constraints and application demands. This
design choice reflects the need to maintain efficient real-time
processing while considering the limitations of current quan-
tum hardware. The classification accuracy ((«/[t]) depends on
the stage depth, , which determines the complexity of feature
extraction. The Lyapunov optimization framework ensures that
the system dynamically selects «ft] based on the current
state Q[t] to balance computational efficiency and accuracy.
The objective is to maximize time-averaged detection accu-
racy ((«[t]) while maintaining queue stability. The primary
objective of the Lyapunov optimization framework for the MS-
QCNN selection process is,

15)

t—1
max : thr(r)l();)((a[r]).
In this equation, the term Zi;lo ¢(a[r]) represents the cumu-
lative classification accuracy over time, which plays a critical
role in ensuring that the system consistently selects the optimal
MS-QCNN configuration a[7] to enhance overall performance,
thereby achieving a balance between immediate and long-term
optimization goals. Therefore, this ensures that the system
prioritizes maximizing classification accuracy in the long term,
balancing short-term decisions against overall performance. To
ensure that the system operates within practical limits, the
Lyapunov optimization framework imposes a queue stability
constraint,

(16)
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Algorithm 2: Lyapunov optimization-based stabilized
classification control using MS-QCNN

Input: Initial queue backlog Q[0] = 0, set of
MS-QCNN configurations .4, control
parameter V', arrival process alt], service
rates b(«[t]).

1 for each time step t =0,1,2,--- do

2 Observe Q[t] and a]t];

3 Compute service rate aft] € A:

4

blaft]) = {wv, if at] = MS-QConv(y),

o[t + 1] + arg max
[ } ga[t]G.A

V- ¢lalt) + QI - balt) |
Update:

Q[t + 1] £ max{Q[t] + a[t] — b(a*[t]), 0}.
Output: Optimal MS-QCNN configuration o* [t].

In this equation, lim, e + S22 Q[7] represents the time-
averaged queue backlog, which plays a critical role in ensuring
system stability by preventing the backlog from growing
indefinitely, thereby guaranteeing that the average delay in pro-
cessing incoming data remains within practical and acceptable
limits. Therefore, this constraint ensures that the queue back-
log remains finite, avoiding system overload and guaranteeing
timely processing of incoming data streams [29]. Without
this constraint, the queue backlog could grow indefinitely,
leading to delays and degraded system performance [30].
By integrating these objectives, the framework ensures that
the system dynamically selects the optimal MS-QCNN con-
figuration «ft] to achieve high classification accuracy while
maintaining operational stability.

To achieve the dual objectives of maximizing classifica-
tion accuracy and maintaining queue stability, the Lyapunov
optimization framework employs a Lyapunov function. This
function quantifies the system’s state and stability, providing
a basis for decision-making at each time step as,

L(QI) £ 571,

The quadratic form of L(Q]t]) ensures that deviations from
stability are amplified, making it an effective tool for managing
queue dynamics. The Lyapunov drift quantifies the expected
change in the Lyapunov function over a single time step as,

A(Q[]) = E[L(Q[t + 1)) — L(QEIQL],  (18)

where A(Q[t]) represents how the queue backlog evolves over
time, given the current state ([t]. By minimizing the Lyapunov
drift, the system reduces the likelihood of queue overload
while maintaining stability. To simultaneously address the
objectives of accuracy maximization and queue stability, the
drift-plus-penalty (DPP) approach is used [31]-[36]. The DPP
combines the Lyapunov drift with a penalty term that accounts

A7)

TABLE I
HYPERPARAMETERS USED FOR THE EVALUATION.

Parameter | Value

Quantum simulator TorchQuantum
Qubits per quantum filter 4
Measurement basis Pauli-Z
MS-QCNN parameter(vy) 1,2,3
Number of training epochs 50

Learning rate 0.001
Parameterized quantum circuit | U3CU3 layer
Utility-backlog tradeoff (V) 20000

Task arrival rate 13 tasks/slot

for classification accuracy,

A(QI) +V -E[ - ¢(alt))]

where V' > 0 is a control parameter that balances the
tradeoff between classification accuracy and queue stability.
The Lyapunov drift is bounded to simplify decision-making is
as follows,

A@QIH) < 5 (ol +b(al)?) + QI - (alf] - b(ald)). 0)

The DPP framework aims to minimize the upper bound of the
drift-plus-penalty function, which is equivalent to,

VE| - ¢(alt)] —E[QIH) - b(alt))]-

The optimization problem is solved by selecting the MS-
QCNN configuration «ft] at each time step ¢ to maximize
as follows,

alt+1]  arg max [V - C(alf]) + Qo))
where A and «[t] are the set of all possible MS-QCNN config-
urations and the optimal configuration at time ¢, respectively.
By leveraging the Lyapunov function and DPP framework,
the system ensures dynamic, real-time adjustments to the MS-
QCNN configuration. This approach balances computational
efficiency and classification performance, guaranteeing sta-
ble and effective operation in real-world scenarios such as
autonomous driving. Furthermore, this method enables the
system to prioritize tasks requiring high accuracy during low-
load conditions while ensuring system stability during periods
of high data influx [37], [38]. As a result, the framework
demonstrates scalability and robustness, making it suitable
for adaptive decision-making in complex, resource-constrained
environments.

19)

ey

(22)

III. PERFORMANCE EVALUATION

The performance of the proposed Lyapunov optimization-
based MS-QCNN selection framework is evaluated through
simulations that analyze classification accuracy, queue backlog
behavior, and the tradeoff associated with different MS-QCNN
stage depths ~. The results are presented using a combination
of graphs and tables to highlight the system’s adaptability and
efficiency under varying conditions.
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TABLE 11
TRADEOFFS ACROSS DIFFERENT MS-QCNN STAGE (7).

Model | Accuracy | Inference Time
MS-QConv(vy=1) 88.21 0.18
MS-QConv(y=2) 94.07 0.32
MS-QConv(vy=3) 98.01 0.80

A. Evaluation Setup

The proposed algorithm is conducted using an Intel i9-
10990k processor, two NVIDIA Titan X GPUs, and 128GB
of RAM. The software environment comprises Python ver-
sion 3.8.10, alongside quantum computing simulation libraries
torchquantum v0.1.5 [39] and PyTorch version 1.8.2 LTS.
The evaluation was carried out on the MNIST dataset, which
is a well-known benchmark in image recognition, consisting
of 70,000 grayscale images of handwritten digits ranging
from O to 9. The dataset is divided into 60,000 training
samples and 10,000 test samples, with each image having a
resolution of 28 x 28 pixels. Although the MNIST dataset is
relatively simple, it is commonly used in the early stages of
model development to validate fundamental image recognition
capabilities and computational feasibility. In the context of this
study, MNIST serves as a foundational dataset for verifying
the effectiveness of the proposed framework, particularly in
handling basic image classification tasks. This is especially
relevant as accurate image recognition is a critical component
of autonomous driving systems, including tasks such as road
sign detection and object identification. Therefore, initial vali-
dation on MNIST provides essential insights into the model’s
fundamental image analysis performance.

B. Evaluation Results

Table II presents the evaluation results highlighting the
tradeoffs between classification accuracy and inference time
across different MS-QCNN stage depths (7). The findings
demonstrate the inherent relationship between the depth of
the MS-QCNN architecture and its computational and classi-
fication performance. For v = 1, the MS-QConv achieves the
shortest inference time of 0.08 seconds but the lowest accuracy
(88.21%), reflecting the reduced computational demands of a
shallow architecture. Increasing the depth to v = 2 results
in a balanced tradeoff, with improved accuracy (94.07%)
and moderate inference time of 0.18 seconds. The deepest
configuration, v = 3, offers the highest accuracy (98.01%)
but requires the longest inference time, 0.32 seconds. These
findings highlight the necessity of dynamic stage depth selec-
tion, such as through the Lyapunov optimization framework,
to achieve optimal performance based on real-time system
requirements.

The performance of the proposed Lyapunov optimization-
based MS-QCNN framework is evaluated in terms of queue
backlog stabilization and classification accuracy, as shown in
Figs. 3 and 4. The results highlight the framework’s ability to
dynamically balance computational efficiency and classifica-
tion performance by adapting the MS-QCNN stage. Fig. 3 is
the queue backlog dynamics Q[t] over time for the proposed

269

method and fixed MS-QCNN configurations (y = 1,2, 3). The
adaptive mechanism of the proposed Lyapunov optimization-
based framework ensures gradual queue backlog growth, main-
taining stability even under fluctuating arrival rates. In this
framework, the  value is not fixed but dynamically selected
in real-time based on the current system state, including queue
backlog and computational efficiency. As a result, there is no
single, static optimal v value, but rather a continuously adap-
tive selection process that optimizes performance throughout
the experiment. In contrast, v = 1 maintains the smallest
queue backlog, as the shallow configuration processes tasks
quickly. However, this approach is inefficient as it fails to
fully utilize the available queue resources, limiting its ability to
balance computational efficiency with classification accuracy.
For v = 2, the system demonstrates steady backlog growth
while balancing moderate processing speed and classification
performance. However, it fails to efficiently use the queue,
leading to a gradual increase in backlog over time, which
can result in delayed task processing under sustained system
loads. This configuration provides moderate efficiency, making
it an effective middle ground for scenarios with constrained
resources. On the other hand, v = 3 incurs the highest queue
backlog due to the computational demands of deeper feature
extraction. While this configuration achieves the highest clas-
sification accuracy, it is inefficient for resource-constrained
environments, where maintaining low latency is crucial.

The classification accuracy and inference time compari-
son presented in Fig. 4 highlights the effectiveness of the
proposed Lyapunov optimization-based MS-QCNN frame-
work in balancing computational efficiency with classification
performance. By dynamically adjusting the stage depth ()
based on real-time system conditions, the proposed framework
achieves a classification accuracy of 95.57%, demonstrating its
adaptability in maintaining high performance while optimizing
computational resource utilization. In contrast, fixed MS-
QCNN configurations exhibit performance tradeoffs dependent
on the chosen stage depth. The configurations with v = 1
and v = 2 achieve lower accuracy (88.21% and 94.07%,
respectively) and are unable to fully optimize the balance
between accuracy and efficiency due to their static nature.
While v = 3 achieves the highest accuracy (98.01%) due to
deeper feature extraction, this comes at the cost of significantly
higher inference time (0.8 seconds), making it less suitable for
latency-sensitive and resource-constrained environments. The
proposed framework outperforms fixed configurations with
v = 1 and v = 2 by leveraging dynamic stage selection to
optimize accuracy and computational demands in real-time.
Furthermore, compared to v = 3, the proposed framework
achieves near-optimal accuracy while substantially reducing
inference time, demonstrating its suitability for real-world ap-
plications requiring real-time decision-making. This dynamic
adaptability ensures that the proposed framework efficiently
meets the requirements of varying operational scenarios while
delivering robust classification performance.
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Fig. 3. Queue backlog dynamics Q[t] under the proposed Lyapunov optimization-based MS-QCNN framework and fixed configurations.
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Fig. 4. Classification accuracy and inference time comparison between the proposed Lyapunov optimization-based MS-QCNN framework.

IV. CONCLUDING REMARKS AND FUTURE WORK

This paper presents the Lyapunov optimization-based frame-
work for the adaptive selection of MS-QCNN configurations
in real-time classification tasks, such as those required in
autonomous driving systems. The proposed framework dynam-
ically adjusts the stage depth parameter v of the MS-QCNN
to balance computational efficiency and classification accu-
racy while maintaining system stability through queue man-
agement. The performance evaluation demonstrates that the
framework effectively manages the tradeoff between accuracy
and resource utilization, ensuring queue stability even under
high data arrival rates. The results validate the robustness and
scalability of the approach, highlighting its suitability for real-
time applications in resource-constrained environments.

While the proposed framework demonstrates significant po-
tential, several avenues for future research remain. Given that
the current quantum computing landscape is constrained by the
NISQ era, the evaluation in this paper is necessarily limited to
small-scale datasets, such as MNIST, and restricted choices for
the ~ parameter. To overcome these limitations, future research
should focus on two key aspects. First, further validation of the
proposed algorithm in diverse autonomous driving scenarios
is required to assess its adaptability and generalizability.
Second, deploying the algorithm on actual quantum hardware
is necessary to empirically verify its potential advantage over
classical algorithms in terms of inference speed. Addressing
these aspects would provide deeper insights into the practical
applicability of MS-QCNN in real-time decision-making tasks.
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