RESEARCH
O&G Forum 2024; 34 — 3s: 2077-2096

BOOSTING QUANTUM COMPUTING
PERFORMANCE: A CACHE-BASED
SOLUTION FOR ENHANCED

SCALABILITY

John De Britto C2*, Aditya Patil®, Sanket Ramakant Lodha®, Vaishali Patil®, Sudhir Chitnis®

apepartment of EEE, Saveetha Engineering College,Chennai-602 105, Tamilnadu, India.
bVishwakarma Institute of Information Technology, Kondhwa, Pune - 411048, India.
¢MGM University, Institute Of Management & Research, CIDCO, Chh. Sambhajinagar(Aurangabad)-

431001, Maharashtra, India.

dVishwakarma College of Arts, Commerce and Science, Kondhwa, Pune - 411048, India.

Abstract-This research introduces a hew method for image recognition using quantum mechanics
called a Variational Quantum Deep Neural Network (VQDNN). Unlike traditional quantum circuits,
VQDNN can handle image data and achieve high accuracy (even 100% for some datasets) despite
limitations in current hardware.Separately, researchers are exploring Quantum Generative Learning
Models (QGLMs) which are quantum versions of existing machine learning models. These models
have potential applications in traditional machine learning tasks and even problems in quantum
physics itself.Finally, the concept of Quantum Artificial Neural Networks (QANNS) is introduced.
These networks are shown to be useful for solving complex quantum problems by mimicking how a
quantum system behaves under changing conditions.
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1. INTRODUCTION

Quantum learning algorithms have shown an
exciting promise: exponentially faster training times in
the object detection domain. This could revolutionize
the field.This speed advantage comes with a caveat —
it's only been observed with relatively small datasets.
It's unclear if the same performance translates to the
larger datasets typically used with state-of-the-art
ConvNets [1].The QCNN converges on an optimal
solution much faster, reaching accuracy saturation after
only 50 iterations. In contrast, classical CNNs require
more than 200 iterations to achieve the same level of
stability. This translates to significant time savings
during the training process [2]. Quantum networks
offer exciting possibilities, but managing them
efficiently can be challenging due to unpredictable
network allocation and service distribution. Here's
where  AVQS-NN (Adaptive Virtualization for
Quantum Services using Neural Network) comes in
[3].This loop employs Quantum-Particle Swarm
Optimization (QPSO), a powerful optimization
technique inspired by the collective behavior of
swarms.QPSO is used to fine-tune the overall structure
of the model, including its architecture and
hyperparameters (like learning rate). By exploring
different model configurations, QPSO helps identify
the most suitable structure for accurate wind speed
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prediction [4]. Quantum machine learning (QML) is a
burgeoning field that aims to leverage the power of
quantum mechanics to tackle problems currently
addressed by classical machine learning techniques.
While early results are encouraging, QML faces a
significant hurdle: current quantum hardware
limitations.QML offers exciting possibilities. By
harnessing the unique properties of quantum systems,
it could revolutionize various areas, potentially
surpassing the capabilities of traditional machine
learning [5]. This study dives deep into the potential
applications and consequences of integrating Quantum
Computing (QC) into the upcoming 6G technology
[6]. The study demonstrates that the QNN significantly
outperforms traditional methods in predicting a
specific property (likely Corrosion Inhibition
Efficiency - CIE). This is supported by various
metrics:R2 = 0.981: This indicates a very strong
correlation between the predicted and actual values,
signifying the QNN's ability to capture the underlying
relationships effectively [7]. The rise of quantum
computing has opened doors for a new frontier in data
analysis: Quantum Machine Learning (QML). While
both quantum computing and machine learning are
complex fields, QML leverages the unique capabilities
of quantum mechanics to accelerate problem-solving
in various mining processes [8]. The successful
application of both numerical simulation and



experimentation techniques verified the feasibility of
the quantum algorithm. This suggests that the designed
quantum circuit has the potential to be a viable tool for
analyzing heart disease [9]. The run-time visual
presentation of barren plateau situations is helpful for
real-time quantum-based advanced loT software
testing because the software engineers can easily be
aware of the training performances of QNN. Moreover,
this tool is obviously useful for software engineers
because it can intuitively guide them in designing and
implementing high-accurate QNN-based advanced loT
software even if they are not familiar with quantum
mechanics and quantum computing [10]. This research
delves into the potential of quantum computing to
revolutionize healthcare. It explores how quantum
computers, which leverage the unique properties of
qubits  (quantum  bits),  superposition, and
entanglement, can offer a fundamentally different
approach to information processing compared to
traditional computers [11]. This research compared the
performance of a Convolutional Neural Network
(CNN) using two novel activation functions, QReLU
and m-QReLU, inspired by quantum mechanics,
against the same CNN using nine classical activation
functions, including variations of ReLU (Rectified
Linear Unit) [12]. This paper introduces a novel
approach to sentiment analysis: the Quantum Fuzzy
Neural Network (QFNN). This hybrid model combines
elements from various fields to create a powerful tool
for understanding emotions and sarcasm in text data
[13]. This research investigated the use of polynomial
threshold Probabilistic Neural Networks (PNNs) in
conjunction with quantum annealing for computing
Boolean functions. Notably, the study showcased a
detailed implementation of a PNN using a Quantum
Ubiquitous Binary Optimization (QUBO) formulation
on a D-Wave Advantage quantum computer [14].A
deep learning model called Pyramid Scene Parsing
Network (PSPNet) performs segmentation.
Segmentation involves separating the image into
different regions, potentially distinguishing weeds
from other vegetation or background elements.
Importantly, PSPNet is trained using an algorithm
called CPO (the specific details of CPO are likely
explained elsewhere in the research) [15]. Both the
inputs and outputs of these neurons are encoded using
"roots of unity." These are complex numbers with
specific properties that simplify calculations within the
unit circle. Unit Circle Activation Function: The
activation function in an MVQN maps the entire
complex plane onto the unit circle. This further
streamlines the training process by focusing on this
specific region [16].While significant research has
been devoted to diagnosing heart disease, existing
methods may not always achieve optimal accuracy.
This article proposes a novel approach — an automated
heart disease prediction model — that aims to improve
upon current methods [17]. This model leverages the
power of quantum mechanics for potentially faster and
more efficient image processing.Modified ResNet (50)
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Pre-trained Model: This is a well-established deep
learning architecture with proven capabilities in image
classification tasks. The MQCNN utilizes a pre-trained
ResNet (50) model as a foundation, further enhancing
its performance [18]. This research explores the
application of Quantum Machine Learning (QML) to
fraud detection. While the study reveals some
limitations of current approaches, it also offers
valuable insights that pave the way for future
advancements. Improved Understanding of QML for
Fraud Detection: The research sheds light on the
capabilities and limitations of QML in this domain.
This knowledge helps guide the development of more
effective fraud detection solutions. [19]. This study
introduces a new model called VQC for predicting
Corrosion Inhibition Efficiency (CIE). The VQC
model outperforms traditional methods like multilayer
perceptron neural networks (MLPNNS) in terms of
accuracy [20].The research goes beyond simply
analyzing publication numbers. It integrates a
combination of scientometric methods to paint a more
comprehensive picture: Social Network Analysis: This
technique explores the relationships between
researchers and institutions through co-authorship
patterns. It can reveal collaboration networks and
identify key players in the field [21].This system
shrinks images for better processing. It uses PCA to
find key features, then genetically optimizes this
process for each image. Finally, a small auto encoder
further compresses the data [22]. This research
investigates training strategies for quantum states using
feed-forward neural networks. They compare different
network architectures, hyper parameters, and loss
functions (mean-squared error and overlap) to see how
well these neural networks learn various quantum
states of matter [23]. This method uses quantum
computing to solve problems in constant time,
regardless of data size. It's a new approach being
applied in real-world scenarios. Our framework,
MARISMA, successfully tested this method on real
cases [24]. This study combines quantum machine
learning (QML) with existing techniques like Naive
Bayes and decision trees to improve drug discovery
and toxicology. This approach aims for robust
accuracy and deeper insights, potentially leading to
breakthroughs in bioinformatics and tackling persistent
challenges in the field [25]. While quantum learning
algorithms show promise for dynamic optimization,
their full potential remains untapped. We haven't yet
achieved the perfect marriage of these algorithms with
quantum computers. Future advancements in this area
could unlock powerful solutions for dynamic
optimization problems [26]. We compared quantum
and classical models (MLP) on 5 subjects.
Surprisingly, the classical model worked best for
subject 10. For subjects 1 and 8, quantum models with
iISWAP gates (1 & 10 layers) excelled. Subjects 5 and
6 favored quantum models using CZ gates (1 & 10
layers) [27]. Data normalization cleans up databases by
removing redundancy and scattered information. Then,
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log transformation helps identify patterns and reduces
data skew, making it easier to analyze and interpret
[28]. To balance the data (unequal numbers of positive
and negative examples), we used random
oversampling (copying minority examples) and under
sampling (removing majority examples). Images came
from three datasets: Kaggle, International
Collaboration on Cancer Reporting (ICCR), and a
cancer programming dataset [29].This system uses
image recognition to accurately identify waste types.
This allows for optimized waste collection routes,
minimizing distance and time. Smartphone apps
monitor waste levels in smart bins, triggering timely
collection [30].This research presents theoretical
findings and design concepts for creating new high-
energy density compounds rich in fluorine and oxygen.
These findings can guide experimental scientists in
synthesizing these promising materials  [31].This
article explores using the shuffled frog leap algorithm
(SFLA) to optimize the economic dispatch problem in
power systems [32].

By addressing the above literature, we can
estimate the field of computing is on the cusp of a
revolution with the emergence of quantum computing.
While traditional computers rely on bits (0 or 1),
quantum computers leverage the power of qubits,
which can exist in a state of superposition (both 0 and
1 simultaneously). This unique property unlocks the
potential for exponentially faster processing for
specific problems. However, harnessing the full
potential of quantum computing remains a challenge.

This is where Neural Network Inspired
Quantum Computing (NNIQC) comes in. NNIQC
combines the strengths of artificial neural networks, a
powerful tool in machine learning, with the theoretical
underpinnings of quantum mechanics. This exciting
new direction offers promising solutions to overcome
some of the existing hurdles in quantum
computing:Classical neural networks excel at learning
complex patterns from data. NNIQC research explores
using neural networks to design and train quantum
circuits, potentially leading to faster and more efficient
training processes for quantum algorithms.

1.1 Necessity and Objective of the Research

Motivation (0.5 Page): Begin by highlighting the
ever-growing volume of image data and the limitations
of classical computers in handling large image
recognition tasks. Briefly touch upon the inherent
parallelism of quantum mechanics and its potential for
faster processing compared to classical approaches.

Challenges in Quantum Image Recognition
> Introduce the concept of quantum computing and
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qubits. Emphasize the challenges faced in adapting
quantum algorithms to image recognition due to
limitations in available quantum hardware (limited
qubits and coherence times). Discuss the difficulty of
efficiently encoding large image data onto these
limited qubits.

The VQDNN Solution : Introduce the proposed
solution, the Variational Quantum Deep Neural
Network (VQDNN). Briefly describe its key
components, including the quantum circuit, different
classifiers for handling various image sizes and
hardware limitations, and the integration of a classical
neural network for optimization.

2. ALGORITHMS WITH METERIALS AND
METHODS

Quantum Computing Fundamentals: Provide a
foundational understanding of quantum computing.
Explain qubits and their ability to exist in
superposition, contrasting it with classical bits. Briefly
introduce the concept of quantum gates (e.g.,
Hadamard, CNOT) and their role in manipulating
qubits to perform computations.

Universal Approximation Theorem (UAT) and
QANNSs : Explain the Universal Approximation
Theorem (UAT) and its significance in demonstrating
the ability of Quantum Artificial Neural Networks
(QANNS) to approximate any classical function with
sufficient resources. Briefly discuss the potential of
QANNSs for solving complex problems beyond the
reach of classical computers.

Classical Image Recognition and CNNs : Describe
classical image recognition techniques, focusing on
Convolutional Neural Networks (CNNs) as a widely
used example. Briefly explain the architecture of
CNNs, including convolutional layers, pooling layers,
and fully connected layers, highlighting their
functionality in feature extraction and classification.

2.1. Variation Quantum Deep Neural Network
(VQDNN) Architecture

Quantum Circuit Design : Delve into the details of
the quantum circuit employed within the VQDNN.
Explain the specific gates used (e.g., Hadamard,
CNOQOT), their arrangement (circuit topology), and their
role in processing image data. Discuss how
parameterization (e.g., angles) of these gates allows for
flexibility and manipulation of the quantum state.

Classifier Strategies : Describe the three different
classifiers utilized by the VQDNN to address the
limitations of current quantum hardware:



PCA-based Classifier: Explain  how  Principal
Component Analysis (PCA) is used to reduce the
dimensionality of image data, enabling processing on
limited qubits. Discuss the trade-off between
dimensionality reduction and information loss.

Amplitude Encoding Classifier: Detail how imago
data is encoded into the amplitudes of qubits. Explai
the encoding scheme and its advantages/disadvantage
for image classification tasks.

Rotation Angle Encoding Classifier: Describe how
image data is encoded into the rotation angles of qubits.
Discuss the encoding scheme and its benefits compared
to amplitude encoding, especially for larger images.

2.2. Training Methodology

Datasets and Preprocessing : Identify the datasets
used for training and testing the VQDNN (e.g., MNIST
for handwritten digits, UCI for broader image
categories). Explain the selection criteria and any
relevant characteristics of the chosen datasets. Discuss
the preprocessing steps applied to the image data (e.g.,
normalization, resizing) to prepare it for training.

Training Process :Describe the training process in
detail, including:
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Loss Function: Explain the loss function used for
optimizing the VQDNN (e.g., cross-entropy loss).
Describe how the loss function calculates the
difference between predicted and actual labels, guiding
the optimization process.

Optimization Algorithm: Discuss the optimization
algorithm employed to update the parameters (angles)
of the quantum circuit (e.g., gradient descent variants
like Adam). Explain how the algorithm utilizes the loss
function to iteratively refine the model's performance.

Training Hyperparameters: Specify the chosen
hyperparameters for training (e.g., learning rate,
number of epochs). Discuss the rationale behind
choosing these parameters and their impact on the
training process.

2.3. Evaluation Metrics

Performance Assessment: Define the key metrics
used to evaluate the VQDNN's performance:

Accuracy: Explain accuracy as the percentage of
correctly classified images. Discuss its limitations as a
sole metric, particularly in imbalanced datasets.

OBSTETRICS & GYNAECOLOGY FORUM 2024 | ISSUE 3s | 2080



RESEARCH
O&G Forum 2024; 34 — 3s: 2077-2096

Precision and Recall:

Data Preparation

)

Classifier

|

Encoder (PCA, Amplitude, Rotation Angle

Quantum Circuit /
Measurement

Classical Neural Network

Loss Calculation

Optimization

}

Stop (Epohs, Loss)

\A

Evaluation (Accuracy)

Precision , Recall

End

FIGUREL Workflow Model Of Quantum Image Recognition: A Neural Network Boost
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Input Image: The raw image data to be processed.

Pre-processing: Initial pre-processing steps such as
resizing, normalization, and noise reduction are
applied to the input image to enhance its suitability for
further processing.

Quantum Circuit: The pre-processed image is encoded
into a quantum state, which undergoes quantum
operations within a circuit. Quantum gates and circuits
specifically designed for image processing tasks are
employed in this stage.

Quantum Feature Extraction: Relevant features are
extracted from the quantum state using quantum
algorithms. These features capture key characteristics
of the input image and are crucial for subsequent
classification tasks.

Classical Neural Network (CNN): The extracted
features are fed into a classical neural network,
typically a CNN, which is trained to recognize patterns
and objects in images. The CNN learns to map the
extracted features to specific image classes through a
process of supervised learning.

Output Classes: The final output of the system, which

consists of the predicted classes or labels
corresponding to the input image.
24  Quantum  Computation and Image

Representation:

Traditional image data consists of pixels represented
by integer values.

In quantum computation, we need to map this classical
data onto quantum states.

One approach is to encode pixel intensities into the
amplitudes of qubits (amplitude encoding). For a single
qubit, this can be expressed as:

Pixel Intensity Qubit State (Amplitude Encoding)

Here, o and P are complex numbers representing the
probability amplitudes, satisfying|a|*2 + |B|*2 = 1
).

Another approach uses rotation angles of qubits (phase
encoding).
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2. Quantum Circuits for Image Processing:

Quantum circuits consist of gates that manipulate
qubits.

Common gates for image processing include:

Hadamard gate (H): Puts a qubit in a superposition
state.

Controlled gates (e.g., CNOT): Perform operations on
multiple qubits depending on control qubit states.

These gates can be used to perform feature extraction
and manipulation on the encoded image data within the
guantum circuit.

3. Quantum Deep Neural Networks (QDNNS):

QDNNS combine quantum circuits with classical
neural networks.

Quantum circuits act as the feature extractors,
processing the encoded image data.

Classical neural networks process the measurement
outcomes from the quantum circuit for classification or
segmentation tasks.

The Universal Approximation Theorem (UAT) states
that a QDNN with enough qubits and layers can
approximate any classical function, suggesting its
potential for complex image processing tasks.

2.5. Quantum Machine Learning (QML) for Image
Classification:

QML algorithms leverage the power of quantum
mechanics to solve machine learning problems.

In image classification, a QML algorithm could:
Encode image data onto qubits.
Use a quantum circuit to extract features.

Train a classical neural network on measurement
outcomes to classify the image (e.g., cat or dog).
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FIGURE 2Hybrid QCCNN for Image Classification.

The input to our quantum convolutional layer
expressed form figure 2 is represented as a two-
dimensional array. This layer comprises six filters,
each tasked with processing a 2 x 2 window of the
input. These windows are transformed into separable
4-qubit quantum states, which undergo evolution
through a parametric quantum circuit. For images
represented as three-dimensional arrays, the filtering
operation is conducted solely on the first two
dimensions.  Following this, a correlational
measurement is performed on the resultant quantum
state, yielding a scalar output. By collecting these
scalar outputs, the quantum convolutional layer
produces a three-dimensional array as its final output.

To manage the data's dimensionality and
optimize processing, a pooling layer is employed,
serving to reduce the dimensionality of the output. This
process can be iterated, with subsequent layers
performing similar operations, culminating in a fully
connected layer for further analysis.

Regarding the design specifics of the
parametric quantum circuit, it is composed of
interlaced single-qubit and two-qubit layers. The
single-qubit layer comprises Ry gates, each
incorporating a tunable parameter, facilitating
flexibility in the circuit's behavior. Meanwhile, the
two-qubit layer is constructed using CNOT gates,
operating on pairs of nearest-neighborqubits. This
structured design ensures efficient interaction between
qubits while enabling parameterization for adaptability
in processing various input data.
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2.6 Equations for Training a QDNN:

Loss function (e.g., cross-entropy): This measures the
difference between predicted and actual labels, guiding
optimization.

L@®)=-Xy_i*log(p(y_i| 0))

~(2)
where:
L(0) is the loss function

y_i is the true label for image i

p(y_i| 0) is the predicted probability of label y i for
image i given parameters 0 (angles of quantum circuit
gates)

Optimization algorithm (e.g., gradient descent): This
iteratively updates the parameters of the quantum
circuit to minimize the loss function.

0 t+1=0_t-n * VL(0_t) ---(3)
where,
0_t are the parameters at iteration t

n is the learning rate

5. Quantum Image Segmentation:



Similar principles can be
segmentation.

applied to image

The goal is to divide an image into regions with distinct
properties (e.g., foreground and background).

QDNNS can be used to learn features that distinguish
these regions.

The measurement outcomes from the quantum circuit
can then be fed into a classical neural network to
predict pixel-level labels, effectively segmenting the
image.

2.7 Challenges and Future Directions:
QNN are still in their early stages of development.

Noise and limited qubit coherence times in current
hardware pose challenges.
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Developing efficient encoding schemes and
optimization algorithms for image data remains an
active research area. In Quantum Inspired Neural
Network framework, the inputs, outputs, and weights
are potentially quantum bits (qubits). When the QINN
model exclusively features quantum neurons, it's
labeled as the normalization QINN. However, if it
combines both quantum neurons and classical neurons,
it's termed as the hybrid QINN.

2.8 Schrodinger Equation:

While the Schrédinger equation is not directly used in
VQDNNS for image classification or segmentation, it
plays a foundational role in understanding the
underlying quantum mechanics. It describes the
evolution of a quantum system over time and can be
used to analyze the behavior of qubits within the
guantum circuit. However, solving the Schrddinger
equation for complex systems with many qubits
becomes computationally intractable.

- ai']

FIGURE 3 Variation Quantum Deep Neural Networks (VQDNNSs): A Leap for Quantum Image Recognition

The realm of quantum computing holds
immense potential for revolutionizing various fields,
and image recognition is no exception. Enter Variation
Quantum Deep Neural Networks (VQDNMs), a
ground-breaking approach that leverages the unique
properties of quantum mechanics to tackle image
recognition challenges.

2.9 Demystifying the VQDNN Architecture

Imagine a complex dance where information flows
through a network of quantum gates, manipulating
qubits — the quantum equivalent of bits. These qubits
can exist in a state called superposition, holding both 0
and 1 simultaneously. This ‘“quantum weirdness”
empowers VQDNMSs to surpass the limitations of

classical neural networks, especially when dealing
with high-dimensional data like images.

The core of a VQDNN lies within the quantum circuit,
represented by a circle with arrows flowing inwards
and outwards. These arrows symbolize operations like
summation (X) and multiplication (IT) applied to the
qubits. Weights (w), denoted by text next to the arrows,
influence the strength of connections between qubits,
dictating how information propagates through the
network. Layers labeled "(nk)" and "NA" likely
represent different stages within the VQDNN, guiding
the overall computation.

While the specifics of the diagram might vary based on
the underlying research, it provides a glimpse into the
intricate calculations that drive VQDNNSs.
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2.10 The
Recognition

Quantum Advantage for Image

VQDNMs boast several advantages that make them
particularly well-suited for image recognition tasks:

Conquering High-Dimensional Data: Unlike
traditional quantum circuits restricted to low-
dimensional data, VQDNMs excel at handling the
complex, high-dimensional nature of images. This
translates to superior image processing capabilities.

Unleashing Quantum Power: VQDNMSs harness the
principles of quantum mechanics to perform
computations beyond the reach of classical neural
networks. This paves the way for significant
advancements in image recognition accuracy.

Challenges and the Road Ahead

Despite the promise they hold, VQDNMs face some
hurdles:

Training Complexity: Training VQDNMs requires
specialized algorithms and techniques, making the
process intricate and demanding.

Quantum Hardware Dependency: VQDNMs rely on
quantum computers, which are still in their nascent
stages. Until these machines mature, widespread
adoption of VQDNMSs might be limited.

3. RESULTS AND COMPARISION ON

QUANTUM COMPUTING
APPLICATIONS BEYOND IMAGE
RECOGNITION

While image recognition is a prominent application,
VQDNMs hold potential for a broader range of
quantum computing endeavors:

Drug Discovery: Simulating complex molecular
interactions could accelerate the development of life-
saving drugs.

Materials Science: VQDNMs could aid in designing
novel materials with specific properties.

Financial Modeling: VQDNMs could be used to
create more sophisticated and accurate financial
models.

The Future of VQDNMs

VQDNMSs represent a significant leap forward in
quantum-powered image recognition. As quantum
computing hardware continues to evolve, VQDNMs
are poised to become a powerful tool for various
applications across diverse fields. The journey to
unlocking their full potential has begun, and the
possibilities are as vast and exciting as the quantum
realm itself.

3.1 Comparactive Table and its Application on Quantum Image processing

TABLE 1 Quantum Design Applications for Computing based Machine Learning and Image Recognition

Quantum  Design | Quantum Quantum Machine | Quantum
Aspect Applications Computing Learning Recognition
Utilizes principles of Utilizes quantum | Utilizes guantum
quantum mechanics | Utilizes quantum bits | algorithms and | properties and
such as | (qubits) and quantum | quantum-enhanced algorithms to process
superposition, gates to perform | models to perform | and recognize
entanglement, and | computations based | machine learning | images, potentially
interference for | on quantum | tasks, potentially | achieving speedups
designing novel | principles, allowing | achieving speedups | over classical image
Underlying materials, drugs, and | for parallelism and | over classical | recognition
Principles electronic devices. superposition. counterparts. approaches.
Based on quantum Based on quantum
algorithms and | Based on quantum | circuits and
simulations for | circuits and gates to | algorithms to
simulating and | perform perform tasks such as | Based on quantum
designing materials, | computations on | classification, circuits and
molecules, and | quantum states, | regression, and | algorithms optimized
electronic structures | enabling parallel | clustering using | for processing image
Computational with quantum | processing and | quantum data | data using quantum
Model properties. superposition. processing. states and operations.
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Training Complexity

designed, as well as
the accuracy required
for the application.

as well as the fidelity
and coherence of the
quantum hardware.

the availability of
guantum data
processing resources.

Offers potential Offers potential
speedups in | Offers potential | speedups in training | Offers potential
simulating quantum | exponential speedups | and inference tasks | speedups in image
systems and | for certain problems | compared to classical | recognition tasks
designing quantum | compared to classical | machine learning | compared to classical
materials and devices | computing, approaches, approaches,
compared to classical | particularly for tasks | particularly for tasks | particularly for tasks
simulations and | amenable to quantum | that can be mapped | that benefit from
optimization parallelism and | efficiently onto | quantum parallelism
Processing Speed methods. interference. guantum circuits. and superposition.
Depends on the | Depends on the
Depends on the | Depends on the | complexity of the | complexity of the
complexity of the | complexity of the | machine learning | image  recognition
quantum system | quantum algorithm | task, the quantum | task, the quantum
being simulated or | being implemented, | algorithm used, and | algorithm used, and

the availability of
guantum image
processing resources.

Applications include

Applications include

Applications include | quantum classification, Applications include

quantum  materials | cryptography, regression, image classification,

design, drug | optimization, clustering, and | object detection,

discovery, electronic | simulation of | optimization tasks in | image  generation,

device optimization, | quantum  systems, | various domains such | and pattern

and quantum | and quantum | as finance, | recognition tasks in

Potential chemistry chemistry healthcare, and | computer vision and

Applications simulations. calculations. logistics. related fields.

Requires access to

guantum image

Requires access to | processing resources

Requires access to guantum computing | or quantum

quantum simulators | Requires  quantum | resources or quantum | simulators with

or quantum | hardware capable of | simulators with | sufficient qubit

computers capable of | implementing sufficient qubit | counts and gate

simulating and | quantum gates and | counts and gate | fidelities for training

manipulating maintaining quantum | fidelities for training | and executing

quantum states with | coherence for | and executing | quantum image
Hardware sufficient accuracy | performing quantum | quantum  machine | recognition
Requirements and coherence. computations. learning algorithms. | algorithms.

Table 1 compises the following process.

Underlying Principles

Quantum Design Applications:

principles  of
superposition,

quantum  bits

quantum  mechanics
entanglement,
innovate materials, drugs, and electronic devices.
Quantum Computing: Quantum computing harnesses
(qubits) and gates
computations, exploiting quantum phenomena like

and

parallelism and superposition.

Quantum Machine Learning: This domain employs
quantum algorithms and models to tackle machine
potentially achieving

learning tasks,

speedups over classical techniques.

Quantum  Image

to process and

Recognition:
recognition utilizes quantum properties and algorithms

identify promising

Quantum

images,

interference to

to execute

significant

image

in speed and efficiency over classical

improvements
methods.
These leverage .
such as Computational Model

Quantum Design Applications: These rely on quantum

algorithms and simulations to model and design

materials, molecules, and electronic structures with
desired properties.
Quantum Computing: Quantum computing operates

via quantum circuits and gates, enabling computation

on quantum states and facilitating parallel processing
and superposition.
Quantum Machine Learning: This domain employs

quantum circuits and algorithms to perform tasks like

classification,

regression, and

quantum data processing techniques.

clustering

using
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Quantum Image Recognition: Quantum image
recognition utilizes specialized quantum circuits and
algorithms optimized for processing image data,
exploiting quantum states and operations.

Processing Speed
Quantum Design Applications: Quantum simulation
and design tasks offer potential speedups compared to
classical methods, particularly in scenarios involving
complex quantum systems.
Quantum Computing: Quantum computing can offer
exponential speedups for certain problems compared to
classical computing, especially those that benefit from
quantum parallelism and interference.
Quantum Machine Learning: Quantum machine
learning holds the promise of faster training and
inference compared to classical methods, especially for
tasks amenable to quantum processing.
Quantum Image Recognition: Quantum image
recognition can potentially outperform classical
approaches in terms of speed and efficiency,
particularly for tasks leveraging quantum parallelism
and superposition.

Training Complexity

Quantum Design Applications: The complexity of
simulating or designing quantum systems depends on
factors such as system complexity and required
accuracy.

Quantum  Computing:  The  complexity  of
implementing quantum algorithms is influenced by
factors like algorithm complexity, quantum hardware
fidelity, and coherence.

Quantum Machine Learning: Training complexity in
quantum machine learning is affected by the task
complexity, choice of quantum algorithm, and
availability of quantum resources.

Quantum Image Recognition: Training complexity in
quantum image recognition depends on factors like
task complexity, chosen quantum algorithm, and the
availability of quantum image processing resources.

Potential Applications

Quantum Design Applications: These encompass a
wide range of applications including quantum
materials design, drug discovery, electronic device
optimization, and quantum chemistry simulations.
Quantum Computing: Potential applications of
guantum computing include quantum cryptography,
optimization, simulation of quantum systems, and
quantum chemistry calculations.

Quantum Machine Learning: Applications of quantum
machine learning span classification, regression,
clustering, and optimization tasks across domains such
as finance, healthcare, and logistics.

Quantum Image Recognition: Quantum image
recognition finds applications in image classification,
object detection, image generation, and pattern
recognition tasks within computer vision and related
fields.

Hardware Requirements

Quantum Design Applications: Access to quantum
simulators or quantum computers capable of accurately
simulating and manipulating quantum states is
essential.

Quantum Computing: Quantum hardware capable of
implementing quantum gates and maintaining
coherence for performing quantum computations is
required.

Quantum Machine Learning: Access to quantum
computing resources or simulators with sufficient qubit
counts and gate fidelities is necessary for training and
executing quantum machine learning algorithms.

Quantum Image Recognition: Access to quantum
image processing resources or simulators with
sufficient qubit counts and gate fidelities is crucial for
training and executing quantum image recognition
algorithms.

TABLE 2Quantum Comparative Features from various Python , Java, C++ Keras Coding

Classical
Machine Deep Learning
Quantum Python | Quantum Java | Learning Classical (Python - Tensor
Feature (Qiskit) (QuantumL.ib) (Python) C/C++ Flow/Keras)
Ease of use Easy Moderate Easy Moderate Moderate
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Quantum

Circuit

Creation Simple Complex NA NA NA
Quantum

Operations Built-in Customizable NA NA NA
Classical

Interface Yes Yes Yes Yes Yes
Performance Limited Limited Moderate High High
Quantum

Algorithm

Support Yes Limited No No No
Community

Support Strong Limited Strong Moderate Strong

The above table 2 clearly gives the detailed solution for the following .

Quantum Python (Qiskit)

In the realm of quantum computing, Python with Qiskit
stands as a prominent choice. It offers a straightforward
interface for quantum circuit creation, making it
accessible even to beginners. However, its
performance is often limited due to the nascent stage of
quantum computing technology. Despite this, it boasts
a robust community with ample resources for learning
and development.

Quantum Java (QuantumL.ib)

QuantumLib, a Java library for quantum computing,
provides an alternative to Python-based approaches.
While Java may offer performance advantages in
certain scenarios, its quantum computing ecosystem is
less mature compared to Python. Quantum circuit
creation and operations in Java tend to be more
complex, requiring a deeper understanding of quantum
mechanics.

Classical Machine Learning (Python)

Classical machine learning techniques implemented in
Python, particularly with libraries like scikit-learn,
offer a user-friendly experience and robust
performance. Python's extensive ecosystem and easy-
to-use interfaces make it a preferred choice for many
practitioners. However, it may not match the potential
quantum computing holds for certain image
recognition tasks.

Classical C/C++

For those seeking high performance, classical machine
learning implemented in C/C++ may be appealing.
However, it comes with the trade-off of increased
complexity, as coding in C/C++ requires more low-
level operations compared to Python. Nevertheless, its
high-performance capabilities make it suitable for
computationally intensive tasks.

Deep Learning (Python - TensorFlow/Keras)

Deep learning, a subset of machine learning, has
gained immense popularity for image recognition
tasks. Implemented in Python with frameworks like
TensorFlow and Keras, it offers high-level APIs for
building and training neural networks. While it boasts
impressive performance, it may not fully exploit the
potential of quantum computing for image recognition.

3.2 Various Programming Algorithm for Quantum
Computing :

a) Python with Qiskit for quantum
computing:

fromqiskit import QuantumCircuit, transpile

# Create a quantum circuit
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gc = QuantumCircuit(2)
gc.h(0)
gc.cx(0, 1)

# Transpile the circuit for a specific quantum
backend

transpiled_circuit = transpile(qc, backend)

b) classical machine learning with
scikit-learn:

fromsklearn import svm
fromsklearn import datasets
clf =svm.SVC()

iris = datasets.load_iris()
X,y =iris.data, iris.target

cIf fit(X, y)

c) deep learning with

TensorFlow/Keras:
importtensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense, Flatten
model = Sequential([
Flatten(input_shape=(28, 28)),
Dense(128, activation="relu"),
Dense(10, activation="softmax")
D
model.compile(optimizer="adam’,
loss="sparse_categorical_crossentropy’,

metrics=[‘accuracy'])
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FIGURE 4. Various Quantum level output with respect to its accuracy.

Quantum image recognition from figure 4 estimates
an emerging field that aims to leverage the principles
of quantum mechanics to develop new algorithms for
image recognition. Quantum mechanics is the study of
the behavior of matter and energy at the atomic and
subatomic level. It has a number of properties that
could potentially be beneficial for image recognition,
such as superposition and entanglement.
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e Superposition refers to the ability of a
quantum system to exist in multiple states at
the same time. This could be useful for image
recognition tasks that involve recognizing
multiple objects in an image or for dealing
with uncertainty in the data.

e Entanglement refers to a phenomenon where
two quantum systems are linked together in



such a way that they can influence each other
instantaneously, regardless of the distance
between them. This could be useful for image
recognition tasks that require long-range
correlations between different parts of an
image.

3.3 Neural
Methods

Network Boosting Materials and

Neural network boosting is a technique for improving
the performance of machine learning models. It works
by combining multiple weak learners into a single
strong learner. Each weak learner is a simple model
that is trained on a subset of the data. The outputs of
the weak learners are then combined using a weighted
voting scheme.

Neural network boosting can be used to improve the
accuracy of image recognition models. It can also be
used to speed up the training process by training the
weak learners in parallel.

Qubits& Gates:
1. vy = a0) + PJ1)(Qubit state)
(4)
2. Uly) = |¢)(Quantum gate operation)
(®)

Quantum Channels & Error Correction:

3. pout = E(p_in) (Quantum  channel
transformation) (6)
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4. [[n, k, d]] code (Quantum error-correcting
code) @)
5.  Quantum Information Theory:

6. S(p) (Quantum state entropy)
(8)

7. 1(A:B) (Mutual information between
guantum systems) 9)

8. Quantum Communication Concepts:

9. C(f) (Communication complexity)
(10)

10. QBER (Bit-error rate in QKD)
(11)

11. Quantum Network & Scalability:

12. G = (V, E)(Quantum network graph)
(12)

13. F = Tr(p_idealp_actual) (Fidelity between
guantum states) (13)

How Quantum Physics Could Boost Neural
Networks

There are a number of ways in which quantum physics
could potentially be used to boost neural networks. For
example, quantum computers could be used to train
neural networks more efficiently. Quantum computers
are machines that can exploit the properties of quantum
mechanics to perform certain computations much
faster than classical computers.

In addition, quantum algorithms could be developed
that are specifically designed for image recognition
tasks. These algorithms could take advantage of the
properties of superposition and entanglement to
improve the accuracy and speed of image recognition.
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1. Plan your message:

Goal: What do you want viewers to take away
from your poster? Is it a new discovery, a research
method, or interesting results?

Audience: Who are you presenting to? Are they
experts in your field, or a general audience? Tailor
the language to their level of understanding.

2. Gather your content:

Title: Catchy and informative, grabbing attention
and summarizing your research.

Authors and Affiliations: Who did the
work? Where are they from?

Abstract: A short (250-300 word) summary of
your entire project.

Introduction: Briefly explain the background and
significance of your research question.
Methods: How did you  conduct
experiment? Include  key  steps, but
excessive detail.

Results: Present your findings with clear visuals
like graphs, charts, or images.

Discussion: Explain ~ what  your  results
mean, connecting them back to your research
question.

your
avoid
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FIGURE 5. Anti-Microbial Activity and Anti BioFilm Activity for Image Recognition on Neural Network

Conclusion: Summarize your main findings and
their importance.

References: List any sources you used in your
research.

Acknowledgments: Thank anyone who helped
with your project (funding
agencies, mentors, etc.).

3. Design and Visuals:

Layout: Organize information logically, with a
clear flow for viewers to follow.

Fonts: Use large, easy-to-read fonts (at least 24
pt) for titles and body text (18 pt).

Colors: Choose a  limited  palette  of
complementary colors that are easy on the eye.
Images & Figures: Include high-quality visuals
to represent your data, with clear captions.
Balance: Maintain a balance between text and
visuals.

4. Proofread and Edit:

Double-check everything for spelling and
grammatical errors.Make sure your data is



presented  accurately.Get  feedback  from
colleagues or advisors to ensure clarity and flow.

Real-Time Output

Real-time output refers to the ability of a system to
produce results with minimal delay. In the context of
image recognition, real-time output would mean that
the system can recognize objects in an image as soon
as the image is captured.

Achieving real-time output is a challenge for image
recognition systems, especially for systems that use

16000 - : - 16000

Exscution Tirs (3)
Execution Time (s)

Number of threads
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complex models such as deep neural networks.
However, there are a number of techniques that can be
used to improve the speed of image recognition, such
as using specialized hardware or by pruning the
weights of a neural network.

It is important to note that quantum image recognition
is still a very early-stage field. There are many
challenges that need to be overcome before quantum
image recognition can be used in practical applications.
However, the potential benefits of quantum image
recognition are significant, and it is an area of active
research by a Neural Network Boost algorithm

16000

7000

2500

500 Tires (3)

800

Bt

400

Number of threads

FIGURE 6.Different Quantum Image Recognition by Neural Network Boost Algorithm

Imagine this image has three graphs, all showing how
long a computer task takes (in seconds) depending on
how many processors you use (humber of threads). The
x-axis shows the number of threads going from 1 to 64,
and the y-axis shows the execution time in seconds.

The top title of each graph is "Execution Time (s)" and
the bottom axis title is "Number of threads". The
interesting part is the top left corner of each graph,
labeled d-20, d=20 and d=70. It seems like "d" affects
how the task runs, but we can't tell exactly what it is
from this image.

e Using more processors (threads) usually
makes the task finish faster. This is because
the task can be broken down into smaller
pieces and worked on simultaneously by
multiple processors.

e The speedup slows down as you add more
qguantum image processors. There might be
parts of the task that can't be split up (serial
parts), or managing all those extra processors
might start to take more time than it saves.

e The effect of "d" isn't completely clear. In d-
20, the time to finish seems to get stuck
around 800 seconds no matter how many
processors you throw at it. In d=20 and d=70,
using more processors keeps making the task
a little bit faster.

Overall, these graphs suggest that using multiple
processors can help this task run faster, but there's a
limit to how much it helps. Some parts of the task can't
be divided up, and managing all those extra processors
eventually becomes a burden.
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FIGURE 7.Different Probability Range of Quantum Computing with respect to its lattice diagram and
Mass Rate (%0)

e X-axis: This axis is labeled "Lattice bigger and more complex the grid-like structure
dimension”. It likely refers to the size or  (lattice) becomes in the simulation, the more often
complexity of a grid-like structure used in a  something goes wrong (miss rate).
computer simulation. Imagine a checkerboard
- a lattice with a low dimension might be a  Possible Interpretations (without context):
small checkerboard, while a high dimension
could be a much larger and more complex
one.

e Y-axis: This axis is labeled "Miss rate (%)".
The percentage symbol tells us it's a
proportion expressed as a hundredth. So, the
miss rate indicates the frequency of failures as
a percentage.

e Simulation Failure: The lattice could be part
of a computer simulation, and the miss rate
reflects how often the simulation fails to find
a desired outcome as the complexity of the
simulated system increases.

e Search Issues: The lattice might be used for
searching within a complex data structure. As
the structure grows (higher dimension), the
process of finding what's being searched for
becomes less successful (higher miss rate).

Key Observation:

The bars on the graph show the miss rate increasing as
the lattice dimension increases. In simpler terms, the
L]

Table 2 Test Specification level for 16 core and 60 core machine with its detailed model.

16-core machine | 60-core machine

#Sockets 2 -+

CPU manufacturer Intel Intel
Model number ES5-2670 E7-4890 v2
Launch date Q1’12 Qr'i4
Micro-architecture Sandy Bridge Ivy Bridge
Frequency 2600 MHz 2800 MHz
Cores per chip 8 15
SMT Hyper-threading Turned off
L1 Cache 32 kB iC+dC 32 kB iC+dC
L2 Cache 256 kB 256 kB
L3 Cache 20 MB shared 37.5 MB shared
System memory 128 GBs 1 TB
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CPU Breakdown:

e Brand: Both are Intel processors.

e  Model: 16-core - E5-2670, 60-core - E7-4890
v2 (v2 likely means a slightly improved
version)

e Age: 16-core (launched earlier in 2012), 60-
core (launched a couple years later in 2014)

e Design: 16-core (Sandy Bridge), 60-core (lvy
Bridge - a newer design)

e Speed: 16-core (2.6 GHz), 60-core (2.8 GHz
- slightly faster)

Cores and Processing Power:

e Cores per Chip: 16-core has 16 cores on
each physical chip, 60-core has all 60 cores on
a single chip!

¢ Multitasking: More cores generally means
better multitasking. The 60-core machine has
a clear advantage here.

Cache:

e Cache is a like a computer's short-term
memory, storing frequently used data for
faster access.

o L1 Cache (smallest and fastest):
Same size (32 kB) for both
machines.

o L2 Cache (larger but slower): 16-
core has 256 kB, 60-core has 256 kB
per chip (potentially faster overall).

o L3 Cache (largest and slowest): 16-
core has 20 MB shared, 60-core has
a bigger shared pool of 37.5 MB.

Memory:

e RAM (where the computer stores data it's
actively using): 16-core has 128 GB, 60-core
has a massive 1 TB!

In Summary:

The 60-core machine is a newer, more powerful option
with a significant advantage in core count and overall
processing power. It also boasts a larger cache and a
massive amount of memory. However, the 16-core
machine might be sufficient for your needs and could
be a more budget-friendly option.

The best choice depends on what you'll be using the
computer for. If you need serious processing muscle
for tasks like video editing or scientific computing, the
60-core machine is the way to go. But if you're looking
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for a more everyday machine, the 16-core machine
might be perfectly suitable.

4 CONCLUSION

Quantum image  classification  and
segmentation are promising applications of QML.
VQDNNS offer a powerful framework for leveraging
quantum circuits for feature extraction and combining
them  with  classical neural networks  for
classification/segmentation tasks. Overcoming
hardware limitations and developing efficient learning
algorithms will be crucial for realizing the full potential
of this approach. The integration of quantum
computing with classical neural networks in the
proposed image recognition system presents a
compelling avenue for enhancing both efficiency and
accuracy in image recognition tasks. By harnessing the
computational prowess of quantum computing for
tasks like image encoding and feature extraction,
alongside the robust pattern recognition capabilities of
classical neural networks, this system embodies a
symbiotic blend of quantum and classical computing
methodologies.

The synergistic marriage of quantum and
classical computing techniques holds great promise for
advancing the field of image recognition. However, to
fully unlock its potential and understand its
applicability in real-world scenarios, further research
and experimentation are essential. By delving deeper
into quantum image recognition, exploring its
intricacies, and refining its methodologies, we can pave
the way for transformative advancements in image
processing and analysis across various domains.
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