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Abstract: Quantum Machine Learning (QML) integrates quantum algorithms into machine learning programs to enhance and
expedite classical machine learning techniques. It leverages quantum data and hybrid quantum-classical models, utilizing the
principles of superposition and entanglement to handle complex joint probability distributions that would require exponential
classical computational resources. QML aims to harness the unique properties of quantum computers for practical machine
learning tasks, with the goal of achieving quantum advantage over classical approaches. QML finds applications in diverse
fields such as chemical and quantum matter simulation, quantum control, quantum communication networks, and quantum
metrology. Quantum algorithms can analyze quantum states and improve computational speed and data storage. Two main
frameworks, quantum kernel methods and variational quantum algorithms, are widely used due to their implement ability on
quantum hardware and capacity to work on general datasets. Quantum computers can solve linear algebraic problems, calculate
eigenvectors and eigenvalues, and perform support vector algorithms at exponentially faster rates than classical computers.
Despite its potential, QML faces significant challenges related to quantum hardware capabilities, including limited qubit
connectivity, noise, coherence times, and errors in state preparation and measurement. Hardware constraints, compatibility
issues, high computational and memory requirements, and the difficulty of quantum programming also pose obstacles.
Overcoming these hardware and software limitations is crucial for realizing the full potential of quantum machine learning.

Keywords: Quantum Machine Learning, Quantum Computing, Quantum Algorithms, Machine Learning, Hybrid Quantum-
Classical Models, Quantum Hardware, Quantum Data.

1. Introduction

Quantum Machine Learning (QML) is an emerging interdisciplinary field that combines the principles of quantum mechanics
with machine learning methodologies. By harnessing the unique properties of quantum systems, such as superposition and
entanglement, QML aims to develop algorithms and models that can outperform classical machine learning approaches in
specific tasks. This convergence of quantum computing and machine learning holds the promise of addressing complex
computational challenges across various domains, including data analysis, pattern recognition, optimization, and simulation.

1.1. The Promise of Quantum Computing in Machine Learning

Classical machine learning algorithms often struggle with high-dimensional data, complex patterns, and computationally
intensive tasks. Quantum computers, leveraging the principles of quantum mechanics, offer the potential to overcome these
limitations. QML algorithms can process vast amounts of data in parallel, explore intricate relationships, and perform complex
calculations with significantly reduced computational resources. This capability opens up new possibilities for solving
previously intractable machine learning problems and achieving quantum advantage over classical methods.

1.2. Key Concepts in Quantum Machine Learning

QML builds upon fundamental quantum computing concepts, including qubits, superposition, entanglement, and quantum
gates. Qubits, the basic units of quantum information, can exist in a superposition of states, allowing them to represent multiple
values simultaneously. Entanglement, a unique quantum phenomenon, creates strong correlations between qubits, enabling the
processing of complex data structures. Quantum gates manipulate the states of qubits, performing computations according to
specific quantum algorithms.

2. Quantum Machine Learning Applications

Quantum Machine Learning (QML) is being explored across various domains, with the potential to revolutionize industries by
enhancing computational speed, data analysis, and problem-solving capabilities. QML leverages quantum computing to
improve machine learning models, address complex challenges, and optimize processes in ways that classical computers
struggle to achieve.

2.1 Overview of Applications
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Drug Discovery and Material Science: QML offers significant advantages in simulating molecular structures, which is crucial
for discovering new drugs and materials. Traditional methods often require extensive simulations and analyses, consuming
considerable computational resources and time. Quantum algorithms can expedite the exploration of chemical spaces, allowing
for the rapid identification of novel compounds and the design of materials with specific properties. By simulating molecule
behavior and analyzing intricate chemical interactions, QML can significantly reduce the time and resources needed for drug
discovery, fostering the creation of innovative treatments and therapies. In material science, QML can optimize material
properties for specific applications, such as designing materials with enhanced conductivity or strength. The ability to explore
quantum states in materials at a computational level enables scientists to predict and engineer materials with tailored properties,
revolutionizing material design and innovation.

¢ Financial Modeling: Financial institutions can enhance their portfolio optimization strategies using quantum machine
learning. Quantum algorithms can efficiently explore vast solution spaces to identify optimal investment portfolios
that balance risk and return. This capability has the potential to revolutionize asset management and significantly
improve financial decision-making processes. QML can also improve financial models by identifying complex
patterns in market data, optimizing investment strategies, and managing risk more effectively.

e Logistics and Supply Chain Management: Managing intricate networks of transportation, distribution, and inventory is
a complex task in logistics and supply chain management, especially as the scale of operations increases. Quantum
machine learning algorithms offer a means to effectively address these optimization challenges. QML can optimize
routes for transportation, minimizing costs and maximizing efficiency. Quantum algorithms excel at solving
combinatorial optimization problems, allowing for the simultaneous evaluation of multiple routes and configurations.
Businesses can streamline their supply chain operations, reduce costs, and enhance overall logistics efficiency as a
result.

e Pattern Recognition and Machine Learning Enhancement: QML algorithms show great promise in enhancing pattern
recognition capabilities. Traditional machine learning models often struggle with processing and analyzing large
datasets, leading to performance limitations in tasks such as image and speech recognition. QML algorithms,
leveraging quantum parallelism, can process vast amounts of data simultaneously, which is particularly advantageous
in tasks that require the analysis of complex patterns or the identification of subtle correlations within extensive
datasets. Quantum-enhanced machine learning models have the potential to outperform classical counterparts in tasks
that demand high computational power and pattern recognition accuracy. Quantum Support Vector Machines
(QSVMs) are also being used to improve pattern recognition.

3. Quantum Machine Learning Applications

Quantum Machine Learning (QML) is being explored across various domains, with the potential to revolutionize industries by
enhancing computational speed, data analysis, and problem-solving capabilities. QML leverages quantum computing to
improve machine learning models, address complex challenges, and optimize processes in ways that classical computers
struggle to achieve.

3.1 Quantum-enhanced Optimization

Quantum computing offers unique capabilities to enhance optimization processes across various industries. Optimization
problems, which involve finding the best solution from a set of possible options, are prevalent in fields such as finance,
logistics, and engineering. Traditional optimization algorithms often struggle with complex, multi-dimensional problems,
where the time required to explore potential solutions grows exponentially with the problem’s size.

QML algorithms, such as the Quantum Approximate Optimization Algorithm (QAOA), demonstrate significant speedup in
solving optimization problems. These algorithms can efficiently explore vast solution spaces to identify optimal solutions, even
in complex scenarios with numerous variables and constraints. This is particularly advantageous in financial portfolio
optimization, where the optimization of asset allocations can be performed more efficiently with quantum algorithms. In
logistics, QML can be employed to optimize routes for transportation, minimizing costs and maximizing efficiency. Quantum
algorithms excel at solving combinatorial optimization problems, allowing for the simultaneous evaluation of multiple routes
and configurations.

3.2 Specific Application Domains

Drug Discovery and Material Science: QML offers significant advantages in simulating molecular structures, which is crucial
for discovering new drugs and materials. Traditional methods often require extensive simulations and analyses, consuming
considerable computational resources and time. By simulating molecule behavior and analyzing intricate chemical interactions,
QML can significantly reduce the time and resources needed for drug discovery, fostering the creation of innovative treatments



Prof. Juan Lopez / IJAIBDCMS, 5(4), 1-13, 2024

and therapies. In material science, QML can optimize material properties for specific applications, such as designing materials
with enhanced conductivity or strength.

Financial Modeling and Portfolio Optimization: Financial institutions can enhance their portfolio optimization
strategies using quantum machine learning. Quantum algorithms can efficiently explore vast solution spaces to
identify optimal investment portfolios that balance risk and return. This capability has the potential to revolutionize
asset management and significantly improve financial decision-making processes.

Image and Speech Recognition: QML algorithms show great promise in enhancing pattern recognition capabilities.
Traditional machine learning models often struggle with processing and analyzing large datasets, leading to
performance limitations in tasks such as image and speech recognition. QML algorithms, leveraging quantum
parallelism, can process vast amounts of data simultaneously. As a result, quantum-enhanced machine learning
models have the potential to outperform classical counterparts in tasks that demand high computational power and
pattern recognition accuracy. Quantum Support Vector Machines (QSVMs) are also being used to improve pattern
recognition.

Climate Modeling and Big Data Analysis: Quantum computing's foundational principles, such as superposition and
entanglement, offer unique capabilities for handling data-intensive tasks. Quantum Principal Component Analysis
(QPCA) reduces large datasets into smaller, manageable dimensions while preserving the essential correlations within
the data. This reduction minimizes the complexity and computational requirements, making it feasible to process
large-scale data using quantum computers.

3.3 Comparison with Classical Machine Learning

Quantum Machine Learning (QML) and classical machine learning both aim to extract patterns, make predictions, and gain
insights from data, but they differ significantly in their approach and capabilities. QML leverages the principles of quantum
mechanics to enhance or expedite machine learning tasks, while classical machine learning relies on traditional computing

methods.

Computational Power and Speed: Quantum computers have the potential to solve certain computational problems
much faster than classical computers due to quantum parallelism, which occurs because of superposition. This can
lead to significant speedups in QML algorithms for tasks such as linear algebra, optimization, and simulation.
However, quantum speedup is not guaranteed for all problems, and researchers are still exploring the specific areas
where QML can provide a substantial advantage.

Algorithm Performance: Quantum algorithms such as Grover's search can find a globally optimum value extremely
quickly in unordered sets and has been shown to be very valuable for machine learning. In some instances, quantum
algorithms have demonstrated higher accuracy compared to their classical counterparts. For example, quantum
variational Support Vector Machines (SVMs) have shown better performance in multi-class classification problems.
Quantum computers can perform Support Vector Machine algorithm at an exponentially faster rate because the
principle of Superposition and entanglement allows it to work efficiently and produce results faster.

Handling High-Dimensional Data: Classical machine learning algorithms often struggle with high-dimensional data,
where the number of features or variables is very large. Quantum computers, with their ability to process vast amounts
of data in parallel, offer a potential advantage in handling such datasets. Quantum Principal Component Analysis
(QPCA) can efficiently reduce the dimensionality of large datasets while preserving important information.

Resource Requirements and Limitations: QML faces significant challenges related to hardware limitations,
including the availability of stable and scalable quantum computers. Quantum algorithms also require specific
qguantum resources, such as qubits and quantum gates, which are still limited in current quantum devices.
Additionally, QML algorithms may require specialized quantum programming skills and tools, which are not yet
widely available. Long queuing times can occur before quantum algorithms can be run on a quantum computer.

When to Use Quantum vs. Classical Machine Learning: The choice between QML and classical machine learning
depends on the specific problem, the available resources, and the desired performance. If the problem can benefit from
quantum speedup and the necessary quantum resources are available, QML may be a suitable choice. However, for
many practical applications, classical machine learning algorithms may still be more efficient and cost-effective,
especially when dealing with relatively small datasets and well-defined problems.

4. Quantum Machine Learning Algorithms

Quantum Machine Learning (QML) algorithms leverage the principles of quantum mechanics to enhance or expedite machine
learning tasks. These algorithms can be broadly categorized into hybrid quantum-classical algorithms and pure quantum
algorithms.
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4.1 Overview of QML Algorithms

#Example of Variational Quantum Eigensolver (VQE)
import pennylane as gml
from pennylane import numpy as np

dev = gml.device('default.qubit’, wires=2)

@qml.gnode(dev)
def circuit(params):
gml.Hadamard(wires=0)
gml.CX(wires=[0, 1])
gml.Rot(params[0], params[1], params[2], wires=0)
gml.Rot(params[3], params[4], params[5], wires=1)
return gml.expval(gml.PaulizZ(0)), gml.expval(gml.PauliZ(1))

def cost(params):
expval_z0, expval_z1 = circuit(params)
return np.abs(expval_z0 - expval_z1)

optimizer = gml.GradientDescentOptimizer(stepsize=0.1)
params = np.random.randn(6)

for i in range(100):
params = optimizer.step(cost, params)
ifi% 10==0:
print(f"Cost at step {i}: {cost(params):.4f}")

print(f"Optimized parameters: {params}")

e Hybrid quantum-classical algorithms: These algorithms combine the strengths of both quantum and classical
computing to solve complex problems. They typically involve using a quantum computer to perform specific
computations that are difficult for classical computers, while the overall optimization and decision-making processes
are handled by classical algorithms.

e Variational Quantum Eigensolver (VQE): VQE is a hybrid quantum-classical algorithm used to find the ground state
energy of a quantum system. It combines a quantum computer to prepare a trial wave function and measure its energy
with a classical optimization algorithm to update the parameters of the wave function. This process is repeated
iteratively until the energy converges to the ground state energy.



Prof. Juan Lopez / IJAIBDCMS, 5(4), 1-13, 2024

Quantum Approximate Optimization Algorithm (QAOA): QAOA is another hybrid algorithm designed to find approximate
solutions to combinatorial optimization problems. It uses a quantum computer to prepare a superposition of possible solutions
and then applies a series of quantum gates to evolve the state towards the optimal solution. A classical optimization algorithm
is used to adjust the parameters of the quantum gates to improve the solution quality.

Pure quantum algorithms: These algorithms are designed to run entirely on a quantum computer and leverage quantum

# Example of Quantum Approximate Optimization Algorithm (QAOA)
import networkx as nx

import numpy as np

import pennylane as gml

from pennylane import gaoa

# Define the problem graph
graph = nx.Graph([(0, 1), (0, 2), (1, 2)])
cost_h, mixer_h = qaoa.max_cut(graph)

# Define the QAOA circuit

def qaoa_layer(gamma, beta):
gml.qaoa.cost_layer(gamma, cost_h)
gml.qaoa.mixer_layer(beta, mixer_h)

def gaoa_circuit(params):
for i in range(len(params[0])):
qaoa_layer(params[0][i], params[1][i])

wires = range(len(graph.nodes))
depth = 2

dev = gml.device("default.qubit”, wires=wires)

@qml.qnode(dev)

def circuit(params):
gml.layer(qaoa_circuit, depth, params)
return gml.sample()

# Optimize the parameters
optimizer = gml.AdamOptimizer()
params = np.array([[0.5, 0.5], [0.5, 0.5]])

for i in range(100):
params = optimizer.step(cost, params)
ifi % 10==0:
print(f*Cost at step {i}: {cost(params):.4f}")

print(f"Optimized parameters: {params}")

phenomena such as superposition and entanglement to achieve speedups over classical algorithms.

Grover's Algorithm: Grover's algorithm is a quantum search algorithm that can find a specific item in an unsorted database
with N time, 0(v/N) which is a quadratic speedup compared to classical search algorithms. This algorithm can be applied to
various machine learning tasks, such as finding the optimal parameters for a model or identifying the best features for a
classification problem.
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#Example of Grover's Algorithm
import numpy as np
from qiskit import QuantumCircuit, Aer, execute

# Define the oracle function
def oracle(secret_number, n):
gc = QuantumCircuit(n + 1)
for qubit in range(n):
if int(secret_number[qubit]) == 1:
qc.cx(qubit, n)
return gc

# Define the Grover's algorithm

def grover_algorithm(secret_number, n):
gc = QuantumCircuit(n + 1, n)
qgc.h(range(n))
qc.x(n)
qc.h(n)

num_iterations = int(np.floor(np.pi / 4 * np.sqrt(2**n)))
for _ in range(num_iterations):
oracle_gc = oracle(secret_number, n)
qgc.compose(oracle_gc, inplace=True)
qc.h(range(n))
qc.z(range(n))
qc.h(range(n))

gc.measure(range(n), range(n))
return qc

# Run the algorithm

secret_number = '11"

n = len(secret_number)

grover_circuit = grover_algorithm(secret_number, n)

simulator = Aer.get_backend('qasm_simulator')

job = execute(grover_circuit, simulator, shots=1024)
result = job.result()

counts = result.get_counts(grover_circuit)

print(counts)

Quantum Principal Component Analysis (QPCA): QPCA is a quantum algorithm that performs principal component analysis
(PCA) on quantum data. PCA is a dimensionality reduction technique that identifies the principal components of a dataset,
which are the directions of maximum variance. QPCA can perform this task more efficiently than classical PCA algorithms,
especially for high-dimensional data.
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#Example of Grover's Algorithm
import numpy as np
from qiskit import QuantumCircuit, Aer, execute

# Define the oracle function
def oracle(secret_number, n):
qc = QuantumCircuit(n + 1)
for qubit in range(n):
if int(secret_number[qubit]) == 1:
gc.cx(qubit, n)
return qc

# Define the Grover's algorithm

def grover_algorithm(secret_number, n):
qc = QuantumCircuit(n + 1, n)
qc.h(range(n))
qc.x(n)
qc.h(n)

num_iterations = int(np.floor(np.pi / 4 * np.sqrt(2**n)))
for _ in range(num_iterations):
oracle_gc = oracle(secret_number, n)
gc.compose(oracle_qc, inplace=True)
qc.h(range(n))
gc.z(range(n))
qc.h(range(n))

qc.measure(range(n), range(n))
return gc

# Run the algorithm

secret_number = '11'

n = len(secret_number)

grover_circuit = grover_algorithm(secret_number, n)

simulator = Aer.get_backend(‘gasm_simulator)

job = execute(grover_circuit, simulator, shots=1024)
result = job.result()

counts = result.get_counts(grover_circuit)

print(counts)

These algorithms are designed to run entirely on a quantum computer and leverage quantum phenomena such as superposition
and entanglement to achieve speedups over classical algorithms. Quantum computers can solve common linear algebraic
problems such as the Fourier Transformation, finding eigenvectors and eigenvalues, and solving linear sets of equations over
28-dimensional vector spaces exponentially faster than classical computers due to the Quantum Speedup. Quantum Supremacy
experiment showed it is possible to sample from an extremely complex joint probability distribution of 2253 Hilbert space.

4.2 Challenges in Algorithm Development

Developing quantum machine learning (QML) algorithms presents several unique challenges that researchers and practitioners
must address to realize the full potential of this field. These challenges span from algorithm scalability to quantum noise and
error correction, and training convergence issues.

Algorithm Scalability: As problem sizes increase, ensuring QML algorithms can handle the increased computational demands
is crucial. The limited number of qubits available in current quantum computers poses a significant challenge for tackling
large-scale problems. Many QML applications require more qubits than are currently accessible, restricting the complexity of
problems that can be effectively solved. Moreover, even with fewer parameters in a QML method, the quantum circuits
required may be deep (involving many sequential gates) or wide (involving many qubits). Both circuit depth and width can
significantly impact the feasibility of running quantum circuits on existing quantum devices due to noise and qubit limitations.

Quantum Noise and Error Correction: Quantum systems are inherently prone to noise and errors, which can significantly
impact the accuracy and reliability of QML algorithms. Qubit coherence is a critical issue in quantum device development.

7
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Qubits can lose their quantum properties due to decoherence, transitioning into classical bits when in a superposition state. This
loss can occur mid-training, resulting in errors during computations. Environmental factors contribute to noisy intermediate
states, complicating the training process. Implementing error correction or mitigation strategies is essential, but these can
introduce additional overhead, complicating the training process. Researchers are exploring various strategies to mitigate
decoherence, such as protecting qubits from vibrations and maintaining extremely low temperatures. Additionally, developing
error correction mechanisms is a key area of focus.

Training Convergence Issues: Training QML models can be challenging due to the complex quantum landscape and the
potential for vanishing gradients. The compatibility between linear and non-linear computations presents a primary challenge
for Quantum Neural Networks (QNNSs). Neural networks operate using non-linear activation functions, which are essential for
the functionality of layers in these networks. In contrast, quantum systems inherently behave in a linear manner, leading to
significant incompatibilities that must be addressed in model design. Many proposed QML algorithms are hybrid,
incorporating both quantum and classical machine learning steps. This back-and-forth process can introduce latency,
particularly in cloud-based quantum processors, which can hinder performance and efficiency. Quantum systems vyield
probabilistic outcomes, necessitating numerous measurements (samples) to achieve reliable results. This requirement can
introduce time overhead, complicating the training and evaluation processes.

5. Hardware Challenges in Quantum Machine Learning

Quantum Machine Learning (QML) represents a promising frontier in computational technology, but it faces significant
hardware challenges that hinder its development and practical application. These challenges stem from the inherent limitations
of current quantum computing technologies, which are still in their infancy.

5.1 Limited Qubit Availability

One of the most pressing hardware challenges in QML is the limited number of qubits available in existing quantum
computers. Current quantum systems often have only a few dozen qubits, which restricts the complexity of problems that can
be effectively addressed. Many QML applications require a larger number of qubits to represent high-dimensional data or to
perform intricate computations. As the scale of problems increases, the need for more qubits becomes critical, yet scaling up
guantum systems poses significant engineering and technological hurdles.

Moreover, the connectivity between qubits is often limited in current architectures. This limitation can lead to increased circuit
depth and complexity when implementing algorithms, as additional gates may be required to perform operations on non-
adjacent qubits. Consequently, the limited availability and connectivity of qubits can significantly impact the performance and
scalability of QML algorithms.

5.2 Noise and Decoherence

Quantum hardware is inherently susceptible to noise and decoherence, which can severely degrade the quality and reliability of
computations. Decoherence occurs when qubits lose their quantum properties due to interactions with their environment,
leading to errors in calculations. This phenomenon is particularly problematic during complex computations that require
maintaining superposition states over extended periods. Noise can arise from various sources, including thermal fluctuations,
electromagnetic interference, and imperfections in quantum gate operations. The presence of noise necessitates the
implementation of error correction techniques, which can add significant overhead to quantum algorithms and complicate their
execution. Current error correction methods require additional physical qubits and sophisticated protocols to maintain
computational fidelity, further straining the limited resources available in contemporary quantum systems.

5.3 Infrastructure Requirements

The infrastructure needed to support quantum computing adds another layer of complexity to hardware challenges in QML.
Quantum processors typically operate at cryogenic temperatures to minimize thermal noise and maintain qubit coherence. This
requirement necessitates specialized cooling systems and environments, increasing both the cost and complexity of quantum
computing setups. Additionally, developing reliable quantum hardware requires significant investment in research and
development. The integration of classical computing components with quantum systems is essential for hybrid approaches but
presents its own set of challenges regarding compatibility and efficiency. As researchers work towards creating more robust
quantum devices, the need for specialized expertise and resources can limit accessibility for many organizations interested in
exploring QML applications.

6. Comparative Analysis
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Classical Machine Learning (CML) and Quantum Machine Learning (QML), emphasizing their data types, processing
approaches, and applications. Classical Machine Learning operates on classical data, represented as bits (Os and 1s), and relies
on CPU/GPU-based processing to execute mathematical algorithms for pattern recognition. On the other hand, QML processes
guantum data, represented by qubits, which exist in a superposition of states (0 and 1 simultaneously). This enables QML to
potentially achieve superior processing power and efficiency compared to its classical counterpart, especially for complex
computational problems.
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Figure 1: Comparison of Classical and Quantum Machine Learning

The central processing method shown highlights the transformation between classical data (bits) and quantum data (qubits),
which is essential for hybrid machine learning systems that integrate classical and quantum techniques. Classical Machine
Learning processes data sequentially, whereas Quantum Machine Learning leverages quantum superposition and parallelism to
explore multiple states simultaneously. For example, in a system with three bits, CML evaluates one state at a time, while
QML processes all possible combinations of states (23 = 8 states) in parallel. This inherent advantage provides QML with
significant potential for handling large datasets and solving problems intractable for classical systems.

The image also outlines diverse application domains for QML, such as face recognition, genetics, recommendation systems,
financial modeling, self-driving automation, and entertainment services. By combining the strengths of both CML and QML,
hybrid systems are paving the way for breakthroughs in various fields, including healthcare, artificial intelligence, and big data
analytics. The diagram serves as a comprehensive overview of how the two paradigms differ while complementing each other
in advancing machine learning capabilities.

feature_dim = 2

training_dataset_size = 20

testing_dataset_size = 10

random_seed = 10598

shot = 10000

sample_Total, training_input, test_input, class_labels = ad_hoc_data(training_size=training_dataset_size,
test_size=testing_dataset_size,
gap=0.3,
n=feature_dim,
plot_data=True)

datapoints, class_to_label = split_dataset_to_data_and_labels(test_input)

print(class_to_label)

Figure 2: Loading and Plotting the Dataset
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Figure 3: Have a look at the dataset

Dependencies and Quantum Components
Apart from the standard dependencies required for classical machine learning, we need additional quantum-specific
components. These include:

e BasicAer: A quantum simulator for running quantum circuits.

o ZZFeatureMap: A quantum feature map that encodes data into a higher-dimensional quantum space.

¢ Quantumlnstance: Defines how the quantum computation is executed.

e  QSVM: The quantum version of SVM for classification tasks.

Dataset Configuration
We will use a dataset with the following parameters:
e Feature dimension: 2
Training size: 20
Test size: 10
Gap parameter: 0.3 (to separate data in a higher-dimensional space)
Random seed: Fixed for reproducibility
Shots: 10,000 (number of times the quantum circuit is run)

#getting my backend

backend = BasicAer.get backend('qasm simulator')

feature map = ZZFeatureMap(feature dim, reps=2)

svm = (SVM(feature map,training input,test input,None)

svm.random_seed = random_seed

quantum_instance = QuantumInstance(backend,shots=shot,seed simulator=random seed, seed transpiler=random seed)
result = svm.run(quantum_instance)

Figure 4: Running QSVM
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kernel matrix during the training:

Figure 5: QSVM Kernel Matrix

Loading and Plotting the Dataset
The dataset consists of two classes, A and B, labeled as 0 and 1, respectively. Visualizing the dataset shows that the classes are
not linearly separable, requiring a hyperplane in higher-dimensional space for classification.

Quantum Support Vector Machine (QSVM) Implementation
To execute QSVM on a classical computer, we need:

e A Quantum Simulator as a backend (using gasm_simulator from BasicAer).

e A Quantum Instance to execute the computations.

o A Feature Map with reps=2, meaning the quantum circuit is repeated twice for better feature encoding.
After training QSVM, we can inspect the kernel matrix used for training.

QSVM Prediction
Once trained, QSVM is used to predict classes for the test dataset. The results show that QSVM classifies the two classes
perfectly, demonstrating the power of quantum-enhanced feature mapping.
Classical Support Vector Machine (SVM) Implementation
To compare, we implement a Classical SVM using the equivalent functionality from scikit-learn within Qiskit. After training,
we analyze the kernel matrix and assess classification accuracy.
Comparison of QSVM and SVM Performance
e QSVM achieves 100% accuracy, perfectly classifying both classes.
e Classical SVM achieves 65% accuracy, struggling with the separation of classes.

In [9]: predicted_labels = svm.predict(datapoints[@])
predicted_classes = map_label to_class_name(predicted_labels,svm.label to_class)
print('ground truth: {}'.format(datapoints[1]))
print(‘prediction: {}'.format(predicted_labels))
print('testing success ratio: ', result['testing accuracy'])

ground truth: [0 000000000
prediction: [0 0000000001
testing success ratio: 1.0

Figure 6: QSVM Prediction
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7. Future Directions and Open Challenges

Quantum Machine Learning (QML) is a rapidly evolving field with the potential to revolutionize various aspects of machine
learning by leveraging the principles of quantum mechanics. While significant progress has been made, several future
directions and open challenges remain that need to be addressed to realize the full potential of QML.

7.1 Algorithm Development and Optimization

One of the primary areas of focus for future research is the development of new QML algorithms and the optimization of
existing ones. This includes exploring novel quantum algorithms that can efficiently solve machine learning problems, as well
as improving the performance and scalability of existing algorithms.

e Hybrid Quantum-Classical Algorithms: Hybrid algorithms that combine the strengths of both quantum and classical
computing are of particular interest. These algorithms can leverage quantum computers for specific tasks, while
relying on classical computers for overall control and optimization.

e Quantum Neural Networks (QNNSs): Further research is needed to explore the full potential of quantum neural
networks. This includes developing new QNN architectures, training methods, and activation functions that can
effectively leverage quantum phenomena.

e Data Encoding Techniques: Research on data encoding techniques is essential to efficiently transform classical data
into quantum states that can be processed by quantum algorithms.

7.2 Hardware Development and Integration

The advancement of quantum hardware is crucial for the progress of QML. This includes increasing the number of qubits,
improving qubit coherence times, and reducing gate errors. The integration of quantum hardware with classical computing
infrastructure is also essential for building practical QML systems.

e Scalable Quantum Computers: Developing scalable quantum computers with a large number of qubits is a major
challenge. This requires overcoming technological and engineering hurdles related to qubit fabrication, control, and
connectivity.

e Error Correction and Mitigation: Quantum error correction and mitigation techniques are essential for dealing with
noise and decoherence in quantum systems. Research is needed to develop more efficient and robust error correction
codes.

e Near-Term Quantum Devices: Exploring machine learning on near-term quantum devices is an emerging field of
research that seeks to use quantum computing to create more efficient and accurate machine learning algorithms.

7.3 Application and Use Cases

Identifying and exploring specific applications and use cases for QML is crucial for demonstrating its value and driving further
development. This includes identifying problems where QML can provide a significant advantage over classical machine
learning methods.

e  Cybersecurity: Quantum computing can be used to improve digital security measures, and future research is likely to
focus on further optimizing quantum algorithms for broader applications, including more robust cybersecurity
solutions.

e Drug Discovery and Materials Science: QML can accelerate the process of drug discovery and materials design by
accurately simulating molecular interactions and predicting material properties.

¢ Financial Modeling: QML can improve financial models by identifying complex patterns in market data, optimizing
investment strategies, and managing risk more effectively.

e Autonomous Driving Systems: Machine learning technology may generate new innovations in autonomous driving
systems, most notably in accelerating the training process for these systems.

8. Conclusion

Quantum Machine Learning (QML) stands at the exciting intersection of quantum computing and machine learning, offering
the potential to overcome limitations in classical machine learning techniques and tackle complex computational challenges
across various domains. QML algorithms leverage quantum phenomena like superposition and entanglement to process vast
datasets, explore intricate relationships, and perform calculations with significantly reduced computational resources. This
convergence of quantum computing and machine learning promises breakthroughs in drug discovery, materials science,
financial modeling, cybersecurity, and more.

Despite the tremendous potential, QML faces significant hurdles related to quantum hardware limitations, algorithm
development, and the integration of quantum and classical computing systems. Overcoming challenges such as limited qubit
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availability, noise and decoherence, and algorithm scalability is crucial for realizing the full potential of QML. Future research
should focus on developing new QML algorithms, improving quantum hardware, and identifying practical applications that can
demonstrate the value of QML in solving real-world problems. Addressing these challenges will pave the way for QML to
transform industries, drive innovation, and unlock new possibilities in machine learning.
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