International Journal of Science and Research (1JSR)
ISSN: 2319-7064
SJIF (2022): 7.942

Unlocking the Power of Quantum Mechanics for
Machine Learning

Brahmaleen Kaur Sidhu

Department of Computer Science and Engineering, Punjabi University, Patiala, India
Email: brahmaleen.ce[at]pbi.ac.in

Abstract: Machine learning has radically changed the way problems in various disciplines are solved but faces limitations in tackling
increasingly complex and high-dimensional data. Quantum machine learning emerges as a burgeoning paradigm, harnessing the
principles of quantum mechanics to potentially surpass classical approaches. This paper delves into the core concepts of quantum machine
learning, exploring its algorithms and challenges. The incorporation of quantum mechanics in machine learning algorithms offers a more
expressive way to represent data compared to classical methods by capturing intricate relationships within complex datasets. Superposition
and entanglement empower the development of algorithms that can tackle computationally expensive tasks in classical machine learning,
particularly in high-dimensional spaces. Limited qubit count and susceptibility to noise in current quantum computers hinder the practical
implementation of quantum machine learning for large-scale problems. Designing and optimizing efficient quantum algorithms tailored
to specific machine learning tasks remains an active area of research. The paper concludes by highlighting the immense potential of
quantum machine learning to revolutionize various fields, from materials science and drug discovery to finance and artificial intelligence.
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1. Introduction

Machine learning has revolutionized numerous aspects of
daily life. Machine learning applications, such as image
classification, natural language processing, drug discovery,
weather forecasting, predictive maintenance, etc., have
become ubiquitous tools for uncovering patterns, making
predictions, extracting insights from data, making intelligent
decisions, and automating complex tasks. These algorithms
rely on the availability of powerful computers as they work by
analysing large amounts of data and learning from it,
gradually improving their performance over time.
Computational resources have grown more powerful over the
past decades.

However, as the complexity of problems and size of datasets
increase, classical machine learning approaches start to
encounter limitations. The exponential growth and
development of machine learning algorithms and applications
have made the capabilities of classical computers seem
restricting. The resource requirements of machine learning
research and development keep increasing. Research institutes
and industry are, thus, looking into alternative computing
models such as quantum computing. With this emerging
technology computational applications can be pushed even
further and new challenges, that are currently out of reach for
existing classical processors, can be tackled.

Quantum computing promises a quantum leap in processing
power that has big potential for machine learning. Quantum
machine learning uses the power of quantum mechanics and
quantum computing to speed up and enhance the machine
learning done on classical computers. Quantum computers are
designed using the often counter-intuitive laws of quantum
physics and can store and process exponentially more
information  than the tablets, smartphones, and
supercomputers that power much of the modern world.

But quantum computers have a long way to go before being

used in our everyday lives. According to McKinsey and
Company, only about 2,000 to 5,000 quantum computers will
likely be operational by 2030, and those capable of handling
the most complex problems may not even exist until 2035 or
later [1]. Nonetheless, several companies have already begun
offering quantum devices accessible through the cloud,
creating the opportunity for hybrid work that pairs quantum
computing with classical machine learning.

This paper comprises seven sections. The idea of machine
learning and the limitations of classical machine learning
algorithms are discussed in the second section. The third
section presents the basic concepts of quantum computing.
The fourth section introduces quantum machine learning. The
fifth section discusses various quantum machine learning
algorithms. The sixth section lists the challenges and problems
that are faced while implementing and deploying quantum
versions of classical machine learning algorithms. The last
section concludes the paper.

and its

2. Classical Machine

Bottlenecks

Learning

Classical machine learning focuses on developing algorithms
and models that enable computers to learn from and make
predictions or decisions based on data. A machine learning
model learns from data patterns and iteratively improves its
performance without being explicitly programmed. Mainly,
there are three types of machine learning. Supervised learning
algorithms are trained on a labelled dataset, where each input
is associated with a corresponding output. The goal is to learn
a mapping from inputs to outputs so that the algorithm can
make accurate predictions on new, unseen data. Common
supervised learning tasks include classification (predicting
categories) and regression (predicting continuous values).

Unsupervised learning algorithms are trained on an unlabelled
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dataset, and the goal is to find patterns or structure within the
data. Unlike supervised learning, there are no predefined
output labels, and the algorithms must discover the inherent
structure of the data on their own. Common unsupervised
learning tasks include clustering (grouping similar data
points) and dimensionality reduction (reducing the number of
features). The third type, reinforcement learning comprises
learning by interacting with an environment and receiving
feedback in the form of rewards or penalties. The goal of a
reinforcement learning agent is to learn a policy that
maximizes cumulative rewards over time. Reinforcement
learning is often used in scenarios where explicit feedback is
not available, such as games, robotics, and autonomous
systems.

Classical machine learning algorithms can be further
categorized based on their underlying techniques, such as
neural networks, decision trees, random forests, and support
vector machines. Neural networks are inspired by the structure
and function of the human brain, neural networks consist of
interconnected nodes, called neurons, organized into layers.
Deep learning, a subset of neural networks, involves training
deep architectures with multiple layers to learn complex
patterns and representations from data. Decision trees are tree-
like structures where each internal node represents a decision
based on input features, and each leaf node represents a class
label or a regression value. Random forests are ensembles of
decision trees trained on random subsets of the data, which
improve generalization performance. Support vector
machines are supervised learning models used for
classification and regression tasks. They work by finding the
hyperplane that best separates different classes in the feature
space.

Generally, machine learning algorithms have three
components (c.f. Figure 1). The first is the representation that
depicts the inner architecture used by the algorithm to
represent the knowledge. Representation may consist of rules,
instances, decision trees, support vector machines, neural
networks, and so on. Second is the evaluation function used to
evaluate candidate algorithm parameters. Examples include
accuracy, prediction and recall, squared error, posterior
probability, cost, margin, entropy, etc. Third is the
optimization that describes the way of generating candidate
algorithm parameters.

Improve " AP

-~ -

Optimization Representation

Measure \ } Try

Evaluation

Figure 1: Machine Learning Process

The first step of machine learning is the development of
architecture. The architecture specifies the parameters whose
values hold the representation of the knowledge. This step
determines how suited the solution will be to solve a specific
problem. Parameter selection is a crucial task and requires
usage of formal feature engineering techniques. The
performance of a machine learning model largely depends on
the relevance of the type and number of parameters used to
represent the training knowledge.

The second step is to train the machine learning algorithm
with the training data. Next, the algorithm tries to predict the
label of each instance of training data. Finally, the
performance of the algorithm is measured using the evaluation
function. Optimization techniques are used to adjust the
representation to parameters that promise better performance
concerning the measured evaluation. This may involve
changing the architecture of the representation.

Several iterations of this general process lead to an efficient
machine learning model. Classical machine learning
algorithms typically rely on processing information within a
binary framework, representing data as ones and zeros. While
this approach has proven incredibly successful for many
applications, it struggles with problems that involve a high
degree of complexity or uncertainty.

Existing algorithms can become computationally
intractable for large-scale problems that require evaluating an
exponentially growing number of possibilities, such as
optimizing complex systems or simulating intricate physical
phenomena, etc. As data size and dimensionality increase,
classical algorithms can struggle with the sheer amount of
computation required for tasks like training complex models
or searching through high-dimensional spaces. This can lead
to slow processing times and hinder the ability to handle
massive datasets. Processing and storing such vast amounts of
data can also become a major challenge. Classical machine
learning often relies on vector-based data representation,
which might not effectively capture complex relationships
within intricate datasets. This can limit the accuracy and
efficiency of classical algorithms.

In high-dimensional spaces, classical algorithms can suffer
from the ‘curse of dimensionality’, where the complexity of
the problem grows exponentially with the number of
dimensions. This makes it challenging to find meaningful
patterns and relationships in such data. Traditional models
often struggle to accurately represent systems that exhibit
inherent randomness or quantum mechanics principles. These
systems can be challenging to model using the binary
framework of classical computing.

In the quest to overcome these limitations, researchers are
exploring the potential of quantum mechanics, a branch of
physics that governs the behaviour of matter and energy at the
atomic and subatomic level. Quantum machine learning
potentially tackle complex computations much faster than
classical algorithms, especially for problems that benefit from
this parallel processing approach. Quantum mechanics allows
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for data encoding in quantum states, which can be more
expressive than classical vector-based representations. This
has the potential to capture complex relationships within data
more effectively, leading to improved model performance.
Certain quantum algorithms might be able to overcome the
curse of dimensionality for specific tasks. This is because they
can leverage the unique properties of quantum mechanics to
navigate high-dimensional spaces more efficiently. The next
section presents the foundation of quantum mechanics.

3. Background on Quantum Computing

As the limitations of classical computing begin to surface in
handling intricate machine learning problems, the captivating
realm of quantum computing emerges, offering the potential
to tackle problems currently deemed intractable. Quantum
computers use quantum mechanics to produce processing
power that far outperforms even the most powerful
supercomputers used today. While classical computers
operate on the classical laws of physics and store information
using binary bits (1s or 0s), quantum computers leverage the
confounding laws of quantum physics to store information on
sub-atomic particles called quantum bits, or qubits, that can
hold more data than their classical counter parts and be used
for more complex computations. Qubits are based on theory
of probability, whereas the classical bit is deterministic in
nature. Quantum mechanics introduces fascinating properties
like superposition, where a system can exist in multiple states
simultaneously, and entanglement, where particles become
linked even when separated by vast distances.

At the atomic and subatomic level, particles exhibit a wave-
particle duality, meaning they can behave as both particles and
waves simultaneously. This leads to the concept of
superposition, wherein a qubit can exist in a combination of
both 0 and 1 at the same time. Superposition alone offers a
significant advantage in processing power. While a classical
bit can only be in one state at a time, a qubit in superposition
can explore multiple possibilities concurrently. This
drastically expands the potential search space for solutions
when dealing with complex problems.

Another crucial concept in quantum mechanics is
entanglement. This phenomenon occurs when two qubits
become linked, sharing a single quantum state regardless of
their physical separation. A change in one entangled qubit
instantaneously affects the other, even if they are miles apart,
allowing for powerful correlations between qubits.

The principles of superposition and entanglement to
manipulate qubits are leveraged using quantum circuits. A
quantum circuit consists of a series of gates, each performing
a specific operation on the qubits. These gates can rotate the
qubits' states, create superpositions, or establish entanglement
between them. By carefully constructing sequences of these
gates, programmers can design quantum algorithms to tackle
specific problems. One key distinction between classical and
quantum circuits is the concept of reversibility. While
classical operations can sometimes be irreversible, quantum
operations are often reversible. This allows for the possibility

of error correction in quantum computations, a crucial aspect
as the system becomes more complex and susceptible to noise.

3.1 Qubit Generation

Qubits are the basic manipulation elements of information in
quantum computers. Scientists harness and control many
physical systems to make them act as qubits. Thus, there are
several kinds of qubits, some occurring naturally and others
that are engineered. Most quantum particles behave like little
magnets. This property called spin is used to build spin qubit.
Qubits can also be made by controlling individual atoms,
photons, and their interactions. In their natural state, electrons
in an atom occupy the lowest possible energy levels. They can
be excited to higher energy levels using lasers and the qubit
values can be assigned based on their energy state.

Each photon (particle of light) carries an electromagnetic field
with a specific direction, known as its polarization. The two
states of horizontal polarization and vertical polarization can
be used to define qubits. The path a photon takes is another
way to define a qubit. It is also possible to build a photon qubit
using its time of arrival.

3.2 The Bloch Sphere

The Bloch Sphere is a geometric representation of the state
space of a single qubit that provides a powerful tool for
understanding and manipulating qubits in quantum
computing. Named after the physicist Felix Bloch, the Bloch
Sphere offers an intuitive visualization of the complex
quantum states that qubits can inhabit. Basically, it is a three-
dimensional sphere where each point on the surface
corresponds to a unique quantum state of a qubit. The surface
of the sphere represents all possible states of the qubit, while
the interior of the sphere represents invalid states that violate
the normalization condition.

In quantum mechanics, the state of a qubit is represented as a
complex vector in a Hilbert space. This vector encodes the
probability of the qubit being in either the 0 or 1 state, or a
superposition of both. The Bloch Sphere represents a two-
dimensional vector whose norm length is always 1. |0) and |1)
denote the states 0 and 1 respectively. At any time, except the
initialisation and the moment of reading, a qubit can be written
as a superposition of two states as follows:
ly>=010) + B [1)

Here, o, B are complex numbers called amplitudes and |-)
represents a state vector describing a quantum object (c.f.
Figure 2).

The superposition principle of qubits can be represented
mathematically as a linear combination of the basis states |0)
and |1). On the Bloch Sphere, superposition is visualized as a
point on the surface of the sphere that is not located at either
the north pole (|0)) or the south pole (|1)), but rather at some
intermediate position between the two poles. The distance of
the point from the poles represents the magnitude of the
probability amplitudes associated with the |0) and |1) states.

In addition to superposition, qubits can also have a phase,
which represents the relative angle between the |0) and |1)
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states. This phase can be thought of as the ‘direction’ in which
the qubit's state is oriented on the Bloch Sphere.
Mathematically, the phase is represented as a complex
number, and visually, it corresponds to the azimuthal angle
around the sphere.

" Probability Probability
tﬁféﬁ,ﬁ,ft of the 0 of the 1
g state state

Yp>=al0> +B]1>
la|? + 1817 = 1

The relationship between a and g according to
the Max Born rule, related to the Schrodinger
wave function that defines the states |0> and
|1>

0
— cos(o)

a
== [B] — exp(z‘w)sin(?)

Euler formula

Ground state of the
Qubit

Intermediary state

Angles defining the
vector of the
intermediary state

1> Excited state of the Qubit

Figure 2: Bloch Sphere [2]

The term ‘quantum data’ refers to the unique way of
representing information that harnesses the power of quantum
mechanics. Obviously, quantum data is encoded in the
quantum states of qubits. The ability to be in multiple states
allows quantum data to capture intricate relationships in
complex data, like images or financial trends. Quantum data
representation can better capture these nuances compared to
the binary limitations of classical data. Quantum data’s ability
to explore multiple states concurrently allows algorithms to
efficiently evaluate a wider range of solutions in a high
dimensional space.

3.3 Limitations of Quantum Computing

Despite significant progress in qubit technologies, quantum
computers are still in their infancy, and many technical
challenges need to be overcome before they can reach their
full potential. One of the primary challenges is qubit
coherence, which refers to the ability of qubits to maintain
their quantum states for extended periods of time. Qubits are
highly sensitive to environmental noise and disturbances,
leading to decoherence and loss of quantum information. To

address this challenge, researchers are developing error
correction techniques and fault-tolerant architectures that can
mitigate the effects of decoherence and errors.

Another major limitation of current quantum computers is
qubit connectivity, which refers to the ability of qubits to
interact with one another to perform computations. In many
qubit architectures, qubit connectivity is limited to nearest
neighbour interactions, restricting the types of computations
that can be efficiently performed. To overcome this limitation,
researchers are exploring ways to engineer long-range
interactions between qubits and develop novel quantum
algorithms that require minimal qubit connectivity.

Despite these challenges, significant strides are being made in
developing robust and scalable quantum hardware.
Companies like Google, IBM, and Microsoft are leading the
charge, with several quantum computers available for cloud-
based access. These prototype machines are typically limited
to a few dozen qubits, but the future holds promise for larger
and more powerful quantum systems.

4. Quantum Machine Learning

Classical machine learning algorithms have proven to be
highly effective in a wide range of applications. However, as
datasets grow larger, and problems become more complex,
classical algorithms may struggle to maintain their efficiency
and scalability. Quantum computing offers a novel approach
to addressing these challenges by providing exponential
computational speedup and leveraging quantum parallelism.

Quantum machine learning is a research area that explores the
usage of power of quantum mechanics to design algorithms
that can potentially overcome the bottlenecks faced by
classical machine learning methods. By exploiting
superposition and entanglement, quantum machine learning
algorithms can explore a high dimensional search space more
efficiently, leading to improved performance for complex
problems. This approach holds immense promise for tackling
some of the most challenging problems across various
scientific and technological disciplines.

Quantum machine learning uses algorithms run on quantum
devices, such as quantum computers, to supplement, expedite,
or support the work performed by a classical machine learning
program. Also called quantum-enhanced machine learning,
quantum machine learning leverages the information
processing power of quantum technologies to enhance and
speed up the work performed by a machine learning model.
While classical computers are constrained by limited storage
and processing capacities, quantum-enabled machines allow
for exponentially increased storage and processing power.
This ability to store and process huge amounts of information
means that quantum computers can analyse massive data sets
that would take classical methods significantly longer to
perform. Quantum data and hybrid quantum-classical models
form the building blocks of quantum machine learning.
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5. Quantum Machine Learning Algorithms

There are two approaches to incorporate quantum computing
into machine learning [3]. First, quantum computing can be
used to improve the training process of classical machine
learning models. This can be done using quantum computing
to find better optima in optimization of the objective function.
The advantage in this case may be limited to quadratic or small
polynomial speedups. Second, guantum computing can be
used to generate correlations between variables that classical
computation is inefficient in generating. Quantum computers
can sample from probability distributions that are
exponentially difficult to sample using classical techniques.

Linear algebra plays a crucial role in both classical and
guantum machine learning. However, in quantum machine
learning, the underlying principles of linear algebra are
applied within the framework of quantum mechanics, leading
to unique capabilities. Linear algebra operations like vector
addition, scalar multiplication, and matrix multiplication
become essential tools for manipulating and analysing the
quantum states [4].

Linear algebra techniques are also used by Variational
Quantum Eigensolvers. These algorithms aim to find the
lowest energy state (eigenvalue) of a complex system to
optimize the parameters of a quantum circuit, effectively
searching for the optimal state that minimizes the system's
energy. Quantum phase estimation subroutine utilizes linear
algebra operations to estimate the phase of a quantum state,
which can be crucial for tasks like quantum cryptography or
solving optimization problems.

Quantum circuits, the programs that control qubits in a
quantum computer, can be interpreted as sequences of linear
transformations applied to the state vectors of the qubits. Each
gate within a quantum circuit performs a specific operation on
the qubits, represented by a linear transformation matrix. By
composing these matrices, the overall effect of the circuit on
the qubits' state vectors can be determined.

5.1 Quantum K Nearest Neighbour

Quantum versions of k-nearest neighbour (kNN) methods aim
to leverage quantum computing principles to efficiently
perform nearest neighbour search in high-dimensional feature
spaces. KNN is a popular machine learning algorithm used for
classification and regression tasks, where the prediction for a
given data point is based on the majority vote or average of its
k nearest neighbours.

In classical kNN algorithms, the main computational
challenge lies in finding the nearest neighbours of a query
point among a large dataset. As the dataset grows in size or
dimensionality, the computational cost of searching for
nearest neighbours increases, making kNN less scalable for
large-scale applications. Quantum computing offers the
potential to overcome this challenge by exploiting quantum
parallelism and quantum data representation. Several
approaches have been proposed for implementing quantum
versions of KNN methods.

Quantum distance-based methods aim to find the nearest
neighbours of a query point by computing the distances
between the query point and all data points in the dataset using
quantum algorithms [5]. Quantum algorithms, such as
quantum amplitude amplification, can be used to amplify the
probability of finding the nearest neighbours efficiently,
leading to a speedup compared to classical algorithms [6].

Quantum feature mapping techniques transform classical data
into quantum states using quantum circuits. These quantum
states encode the features of the data in a high-dimensional
quantum space, where distance metrics can be computed more
efficiently using quantum algorithms. By operating directly on
quantum representations of the data, quantum KNN methods
can bypass the need for classical preprocessing steps, leading
to potential speedup.

Hybrid quantum-classical approaches combine classical and
quantum components to leverage the strengths of both
paradigms. In these approaches, classical preprocessing and
postprocessing steps are performed on classical computers,
while the core computation, such as distance calculations, is
offloaded to a quantum processor. This hybrid approach
allows for more scalable and practical implementations of
quantum kNN methods.

5.2  Quantum Support Vector Machines

Quantum Support Vector Machines (QSVMs) aim to address
the limitations of classical support vector machines by
harnessing the power of quantum mechanics. Rebentrost et al.
have shown that SVM can be implemented on a quantum
computer with complexity logarithmic in the size of the
vectors and the number of training examples, achieving an
exponential speedup where the classical sampling algorithms
require polynomial time [7]. QSVMs utilize linear algebra
operations to find the optimal hyperplane that separates data
points in a high-dimensional quantum space. Instead of
relying on kernel functions, QSVMs utilize quantum circuits
to encode the data points in the quantum states of qubits. This
allows for a more efficient and expressive representation of
complex relationships within the data. By manipulating qubits
through quantum gates within a circuit, the QSVM algorithm
searches for the optimal separation hyperplane in the high-
dimensional quantum space. This leverages the power of
superposition, allowing the algorithm to explore multiple
hyperplane candidates simultaneously. New data points are
encoded in quantum states and their classification is
determined based on which side of the hyperplane they fall on
in the quantum feature space.

In addition to efficiency in high dimensions, QSVMs use
superposition to enable the exploration of multiple hyperplane
candidates concurrently, potentially leading to faster
convergence and optimal solutions. Some challenges hinder
their practical implementation. Environmental noise can
introduce errors into the quantum circuit operations,
impacting the accuracy of the hyperplane search and
classification results. Implementing QSVMs with large
numbers of qubits needed for complex problems remains a
hurdle. Also, robust error correction techniques are crucial for
ensuring reliable performance.
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QSVMs fid applications in various areas such as financial
fraud detection, medical diagnosis, image and speech
recognition, etc.

5.3 Quantum Principal Component Analysis

Quantum principal component analysis (PCA) is a quantum
computing-based approach to perform dimensionality
reduction on large datasets [8]. PCA is a classical machine
learning technique used to identify the most important features
or components in a dataset and project the data onto a lower-
dimensional subspace while preserving the most relevant
information.

In quantum PCA, the goal is to achieve the same
dimensionality reduction objectives as classical PCA but
leveraging the computational power of quantum computers to
handle large-scale datasets more efficiently. Quantum PCA
aims to identify the principal components of a dataset by
exploiting the unique properties of quantum mechanics, such
as superposition and entanglement. The different approaches
for implementing quantum PCA are discussed below.

The quantum state preparation approach begins by encoding
the classical dataset into a quantum state using quantum
circuits. These quantum circuits transform classical data
points into quantum states, where each data point is
represented as a quantum superposition of basis states. By
representing the dataset in a quantum form, quantum PCA can
explore exponentially large state spaces more efficiently than
classical PCA.

Quantum variational algorithms such as the Variational
Quantum Eigensolver and the Quantum Approximate
Optimization Algorithm, can be adapted to perform quantum
PCA. These algorithms leverage parameterized quantum
circuits and classical optimization techniques to approximate
the principal components of a dataset. By optimizing the
parameters of the quantum circuit, quantum PCA can identify
the most important features or components in the dataset.

Quantum singular value decomposition algorithms aim to
decompose the classical dataset into its singular value
components using quantum computing principles. Singular
value decomposition is a key step in classical PCA for
identifying the principal components of a dataset. Quantum
singular value decomposition algorithms exploit the quantum
properties of superposition and entanglement to perform the
decomposition more efficiently than classical algorithms.

5.4 Deep Quantum Learning

Deep quantum learning is an emerging research area that
combines principles from quantum computing and deep
learning to develop advanced machine learning models
capable of solving complex problems. The goal is to harness
the computational power of quantum computers to enhance
the training and performance of deep neural networks. Wiebe
et al. show that quantum computing reduces the time required
to train a deep restricted Boltzmann machine and provides a
richer and more comprehensive framework for deep learning
than classical computing and leads to significant
improvements in the optimization of the underlying objective

function [9]. Authors demonstrate efficient training of full
Boltzmann machines and multi-layer, fully connected models
that do not have well known classical counterparts.

Deep quantum learning algorithms involve integrating
quantum computing techniques, such as quantum gates and
quantum circuits, into the architecture and training process of
deep neural networks. The different approaches that have been
proposed for implementing deep quantum learning are
discussed below.

Quantum neural networks are neural network architectures
that incorporate quantum elements, such as quantum gates and
quantum circuits, into their structure. Quantum neural
networks leverage the quantum properties of superposition
and entanglement to perform computations more efficiently
than classical neural networks. By replacing classical neurons
with quantum counterparts, quantum neural networks can
potentially achieve higher computational capacity and better
generalization performance.

Quantum variational circuits are parameterized quantum
circuits that can be optimized to perform specific tasks, such
as classification or regression. In deep quantum learning,
quantum variational circuits are used as building blocks for
training deep neural networks. By optimizing the parameters
of the quantum circuit, deep quantum learning algorithms aim
to learn complex representations of data and improve
predictive accuracy.

Quantum-inspired optimization techniques draw inspiration
from quantum computing principles to develop optimization
algorithms for training deep neural networks. These
algorithms mimic the behaviour of quantum systems, such as
quantum annealing or quantum tunnelling, to explore the
parameter space of deep neural networks more effectively. By
leveraging quantum-inspired optimization, deep quantum
learning algorithms can overcome optimization challenges
commonly encountered in training deep neural networks.

5.5 Quantum Bayesian Methods

Quantum Bayesian methods is a research area that explores
the application of Bayesian inference techniques to classify
quantum states based on experimental data [10]. Quantum
state classification is a fundamental task in quantum
information processing, where the goal is to identify the
quantum state of a system given measurements obtained from
quantum experiments.

Bayesian methods provide a probabilistic framework for
inference, allowing for uncertainty quantification and
principled decision-making based on available evidence. In
the context of quantum state classification, Bayesian methods
offer several advantages, including the ability to handle noise
and imperfections in experimental data, incorporate prior
knowledge about the system, and provide probabilistic
estimates of classification outcomes. Several Bayesian
approaches have been proposed for quantum state
classification.

Bayesian parameter estimation techniques aim to infer the
parameters of a quantum state model given measurement
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outcomes obtained from quantum experiments. By modelling
the quantum state as a probability distribution over possible
parameter values, Bayesian inference methods can provide
estimates of the most likely parameters given the observed
data. These parameter estimates can then be used to classify
the quantum state based on predefined criteria.

Bayesian decision theory extends Bayesian parameter
estimation by incorporating decision-making criteria based on
utility or loss functions. In quantum state classification,
Bayesian decision theory allows for the selection of
classification rules that optimize decision criteria, such as
minimizing classification error or maximizing classification
accuracy. By explicitly modelling the consequences of
classification decisions, Bayesian decision theory provides a
principled framework for quantum state classification.

Bayesian machine learning techniques leverage Bayesian
inference methods to learn probabilistic models of data and
make predictions based on observed evidence. In the context
of quantum state classification, Bayesian machine learning
algorithms can be trained on labelled datasets of quantum
states to learn classification models that generalize to unseen
data. These models can then be used to classify new quantum
states with uncertainty estimates provided by Bayesian
inference.

5.6 Quantum Decision Trees

The goal of quantum decision trees is to represent and process
data using quantum states and operations, allowing for the
exploration of exponentially large state spaces more
efficiently than classical algorithms. Lu and Braunstein used
quantum entropy impurity criterion to determine which node
should be split [11]. Authors cluster the training data into
subclasses by using the quantum fidelity measure between two
quantum states. Quantum decision tree construction algorithm
is also proposed.

The construction of a quantum decision tree involves several
steps. In the first step classical data is encoded into quantum
states using quantum circuits. Each data point is represented
as a quantum superposition of basis states, where the
amplitudes encode information about the features of the data.
In the second step, a quantum splitting operation is performed
at each node of the decision tree to separate the data into
smaller subsets based on the value of a specific feature.
Quantum splitting operations can be implemented using
quantum gates that perform conditional operations based on
the value of the feature. After splitting the data, a quantum
measurement is performed as the third step, to determine the
outcome of the splitting operation. The measurement outcome
determines the path taken in the decision tree, leading to
further splitting or a classification decision. The process of
splitting the data and making decisions is repeated iteratively
until a stopping criterion is met, such as reaching a maximum
depth or purity threshold. At each step, the decision tree grows
based on the information gained from previous splits.

5.7 Hidden Quantum Markov Models

Classical Hidden Markov Models (HMMs) are probabilistic
models used to model sequences of observable events when

the underlying states producing those events are not directly
observable. HMMs consist of a finite set of hidden states,
which represent the underlying system dynamics. These states
are not directly observable but influence the observed events.
Each hidden state emits observable events or symbols with
certain probabilities. The sequence of observed events is used
to infer the underlying sequence of hidden states. HMMs
model the transitions between hidden states using transition
probabilities. These probabilities represent the likelihood of
transitioning from one state to another. For each hidden state,
there is a probability distribution over the possible observable
events. These emission probabilities determine the likelihood
of emitting a specific observation given a hidden state. HMMs
also have an initial probability distribution over the hidden
states, which represents the likelihood of starting in each state.

Hidden Quantum Markov Models (HQMMs) are a quantum
computing-based extension of classical HMMs used for
modelling and analysing sequences of data [12]. In HQMMs,
both the hidden states and observed emissions are represented
using quantum states. Quantum circuits encode the states of
the system and the emitted observations as quantum
superpositions, allowing for the exploration of exponentially
large state spaces more efficiently than classical algorithms.
HQMMs model the dynamics of the system's states using
quantum operations that evolve the quantum states over time.
These quantum operations correspond to state transition
probabilities between hidden states and can be implemented
using quantum gates.

Like classical HMMs, HQMMs involve making
measurements on the quantum states to infer the underlying
hidden states of the system. Quantum measurements collapse
the superposition of states, revealing the most likely hidden
state based on the observed emissions. HQMMs are trained
using quantum algorithms that optimize the model parameters,
such as transition probabilities and emission probabilities,
based on observed data. Quantum versions of classical
algorithms, such as the EM algorithm, can be adapted to train
HQMMs efficiently.

HQMMs offer several potential advantages over classical
HMMs, including the ability to handle exponentially large
state spaces, exploit quantum parallelism for faster
computation, and capture complex dependencies in sequential
data more effectively. However, building and training
HQMMs pose several challenges, including the need for
robust quantum hardware, efficient quantum algorithms for
state evolution and measurement, and effective training
methods for learning model parameters from data.

Research in HQMM s is still in its early stages, and many open
questions remain regarding their feasibility and effectiveness.
Nevertheless, HQMMs represent an exciting direction in
quantum machine learning and hold the potential to advance
our understanding of sequential data analysis and modelling.

6. Challenges in Quantum Machine Learning

Quantum machine learning faces several challenges
pertaining to hardware, software, and algorithmic aspects.
These areas call for rigorous research and solutions for
quantum machine learning to reach its full potential. Among
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the hardware related challenges, the first is limited qubit
count. Building and maintaining large-scale quantum
computers with a significant number of qubits remains a
technical feat. As the number of qubits increases, the
complexity of controlling them and mitigating errors grows
exponentially. Current quantum computers typically have
only a few dozen qubits, limiting the type of problems they
can tackle.

Quantum systems are incredibly sensitive to noise and
decoherence [4]. Quantum noise manifests in several ways.
Environmental fluctuations such as minute fluctuations in
temperature, pressure, or electromagnetic fields can introduce
errors into the state of a qubit. Imperfections in the physical
components of quantum computers can also lead to noise,
causing errors in qubit manipulation and measurements. Even
the slightest imperfection in the control pulses used to
manipulate qubits can introduce noise. This noise can
introduce errors into computations, jeopardizing the accuracy
of quantum machine learning algorithms. Robust error
correction methods are crucial for ensuring reliable
performance, but they require additional qubits, further
exacerbating the scalability challenge. The impact of quantum
noise can be detrimental to quantum computations. It can
cause a qubit to inadvertently flip from 0 to 1 or vice versa,
leading to inaccurate computation results. Noise can disrupt
the delicate superposition of states, hindering the ability of
qubits to explore multiple possibilities simultaneously.

A major consequence of quantum noise is decoherence.
Qubits inevitably interact with their surroundings, and these
interactions can cause the qubit to entangle with its
environment, losing its pure quantum state. As a qubit
becomes entangled with its environment, its information gets
spread out, effectively losing the coherence, i.e. the ability to
exist in a superposition, which is crucial for quantum
computations. Unlike noise, which can be potentially
mitigated, complete elimination of decoherence is not
possible.

Researchers are actively exploring various approaches to
combat noise and decoherence. Quantum error correction
techniques are being developed to detect and correct errors
introduced by noise before they significantly impact the
computation. This involves using additional qubits to encode
redundant information and identify errors. Developing more
robust and isolated quantum hardware components can
minimize noise arising from imperfections and environmental
fluctuations. Exploring alternative approaches for building
fault tolerant qubits that are inherently less susceptible to
noise and decoherence is an ongoing research area.

The third hardware related problem is limited availability.
Quantum computers are still scarce and expensive, hindering
widespread access for researchers and developers. Cloud-
based access models are emerging, but scalability and cost
remain concerns.

There are algorithmic challenges also. Designing quantum
algorithms that effectively exploit the advantages of quantum
mechanics for specific machine learning tasks requires
extensive research. Quantum machine learning algorithms
require quantum data to operate on. However, generating,

storing, and processing quantum data is currently limited by
the availability of quantum sensors and quantum devices.
Obtaining large and diverse quantum datasets for training and
testing quantum algorithms is a significant challenge.

Many classical machine learning algorithms might not have
efficient quantum equivalents. While some problems might
benefit from purely quantum algorithms, others might be
better suited for a hybrid approach, combining classical and
quantum techniques. Finding the optimal balance between
these approaches remains an area of exploration. Validating
and benchmarking the performance of quantum machine
learning algorithms is challenging due to the lack of
standardized benchmarks, datasets, and evaluation metrics.
Developing robust testing methodologies and benchmarks for
comparing the performance of quantum algorithms against
classical counterparts is essential for assessing their practical
utility and impact.

The notion of a quantum speedup (potential to outperform
classical algorithms) depends on whether one takes a formal
computer science perspective, based on mathematical proofs,
or a perspective based on what can be done with realistic,
finite size devices, which requires solid statistical evidence of
a scaling advantage over some finite range of problem sizes.
For the case of quantum machine learning, the best possible
performance of classical algorithms is not always known.
Determination of a scaling advantage contrasting quantum
and classical machine learning would rely on the existence of
a quantum computer and is called a ‘benchmarking’ problem

[4].

There are limited number of software tools for developing and
optimizing quantum machine learning algorithms. Specialized
tools for quantum circuit design, simulation, and optimization
are still under development, requiring further advancements to
make them user-friendly and accessible. Efficient interfaces
that allow seamless data transfer and communication between
classical and quantum systems are also needed.

There is a theoretical threshold beyond which quantum error
correction becomes impossible for a given technology.
Identifying and exceeding this threshold is crucial for building
reliable and scalable quantum computers. Also, it may be
noted that quantum machine learning is not intended to
replace classical machine learning entirely. It excels at
specific problem types, but classical approaches remain
valuable for many tasks. Understanding these strengths and
limitations is important for determining the most suitable
approach for a given problem.

7. Conclusion

This paper discusses some of the quantum machine learning
algorithms. The field continues to evolve rapidly as
researchers explore new ways to harness the power of
quantum computing for machine learning tasks. Quantum
machine learning approaches encode data in quantum states of
qubits as opposed to vector representation of classical
machine learning approaches. This allows for a extraction of
more subtle features and more expressive representation of
complex relationships within the data, potentially leading to
improved learning outcomes.
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Quantum systems are inherently susceptible to errors due to
environmental noise and decoherence. These errors can
significantly impact the accuracy of quantum computations.
Mitigating quantum noise and decoherence is paramount for
realizing the full potential of quantum computing. With
continued advancements in error correction techniques,
hardware design, and theoretical understanding, researchers
are paving the way for building more robust and reliable
quantum systems. By conquering these adversaries, we can
unlock the true power of quantum machine learning and usher
in a new era of scientific discovery and technological
innovation.

Quantum machine learning is poised to be a transformative
force a vast array of scientific and technological disciplines.
In materials science, quantum machine learning can accelerate
the discovery of new materials with superior properties by
simulating complex material interactions at an atomic level,
leading to breakthroughs in areas like superconductors,
batteries, and lightweight alloys. In the area of drug discovery,
quantum machine learning can aid in the development of new
drugs with greater efficacy and fewer side effects by
simulating complex biological molecules and chemical
reactions. Quantum machine learning facilitates enhanced risk
management in the financial sector. It can analyse vast
financial datasets and identify complex patterns for more
accurate risk assessment and portfolio optimization, leading to
a more stable financial system. Quantum machine learning
can empower artificial intelligence systems to learn from
high-dimensional and complex data more efficiently,
potentially leading to significant advancements in areas like
natural language processing, computer vision, and robotics.
Also, quantum machine learning algorithms can tackle
complex optimization tasks in logistics, scheduling, and
resource allocation, leading to significant efficiency gains
across industries.

References

[1] A. Ménard, 1. Ostojic, M. Patel and D. Volz, “A Game
Plan for Quantum Computing,” 2020.

[21 R. Louriz, “Highlighting Quantum Computing for
Machine Learning,” 29 September 2019. [Online].
Available: https://medium.com/meetech/highlighting-
qguantum-computing-for-machine-learning-
1flabd41ch59.

[3] H.-Y.Huang, M. Broughton, M. Mohseni, R. Babbush,
S. Boixo, H. Neven and J. R. McClean, “Power of data
in quantum machine learning,” Nature
Communications, vol. 12, 2021.

[4] J. Biamonte, P. Wittek, N. Pancotti, P. Rebentrost, N.
Wiebe and S. Lloyd , “Quantum machine learning,”
Nature, vol. 549, p. 195-202, 2017.

[5] M. Schuld, I. Sinayskiy and F. Petruccione, “Quantum
computing for pattern classification,” arXiv, 2014.

[6] Y. Ruan, X. Xue, H. Liu, J. Tan and X. L, “Quantum
Algorithm for K-Nearest Neighbors Classification
Based on the Metric of Hamming Distance,”
International Journal of Theoretical Physics, vol. 56, p.
3496-3507, 2017.

[71 P. Rebentrost, M. Mohseni and S. Lloyd, “Quantum
Support Vector Machine for Big Data Classification,”
Physical Review Letters, vol. 113, no. 13, 2014.

[8] S. Lloyd, M. Mohseni and P. Rebentrost , “Quantum
principal component analysis,” Nature Physics, vol. 10,
pp. 631-633, 2014.

[9] N. Wiebe, A. Kapoor and K. M. Svore, “Quantum Deep
Learning,” arxiv, 2014.

[10] F. Neri, “Quantum Bayesian methods and subsequent
measurements,” Physical Review A, vol. 72, no. 6, 2005.

[11] S. Lu and S. L. Braunstein, “Quantum decision tree
classifier,” Quantum Information Processing, vol. 13,
pp. 757-770, 2014.

[12] A. Monras, A. Beige and K. Wiesner, “Hidden Quantum
Markov Models and non-adaptive read-out of many-
body states,” arxiv, 2010.

Author Profile

Q Dr. Brahmaleen K. Sidhu is an Assistant Professor in
* the Department of Computer Science and Engineering,
V Punjabi University, Punjab, India and has around 16
years of teaching experience. She holds a Ph.D. degree
in Faculty of Engineering and Technology from Punjabi University,
an M.Tech. degree in Computer Science and Engineering from the
Punjab Technical University and a B.Tech. degree in Computer
Science and Engineering from Punjabi University. Her research
interests include software architecture, software evolution, software
quality, refactoring, model-driven development, data science and
machine learning. Dr. Sidhu has around 75 research papers in
international journals and conferences.

Volume 11 Issue 3, March 2022

WWW.ijsr.net
Licensed Under Creative Commons Attribution CC BY

Paper |D: SR24427201406

DOI: https://dx.doi.org/10.21275/SR24427201406

1582


www.ijsr.net
http://creativecommons.org/licenses/by/4.0/



