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Abstract

For data processing, classification, and the clustering area, now a days, Machine Learning
has proved to be very effective. Now, it became superior because of its process in many
areas. After that, a new field has emerged named “Quantum Machine Learning” that is the
combination of Quantum information Processing and classical machine learning. Machine
Learning is one of the most over and over again used applications of Quantum Machine
Learning. So, here we introduce a comprehensive review of state of the art advances in
Quantum Machine Learning. Also, we outline some recent works n different models of the
quantum machine learning, and interprets classification tasks in the realm of Quantum
with several encoding methods.

1
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1
Introduction

Our understanding of our environment has evolved as a result of quantum physics, and
one of its branches, quantum mechanics, has produced accurate and reliable theoretical
results. Calculations based on quantum physics are known as quantum computations.
This field research is for future use, the quantum behavior of specific subatomic particles
(photons, electrons, etc.) when conducting calculations and processing a lot of data.
These benefits are accomplished by utilizing quantum properties like entanglement or
superposition. These Quantum computers may have the edge over traditional computers
in computing speed and cost compared to older computers. As a result of computational
complexity (there are more bytes than atoms in the observable universe) or calculation
time (thousands of years), there are now scientific problems that cannot be solved by
conventional computation. One potential solution is quantum computation. To accomplish
these objectives, present quantum devices do not, however, contain enough qubits or
are sufficiently fault-tolerant. Moreover, with existing quantum devices, there are other
industries like banking, chemistry, or machine learning where quantum computation could
be valuable.

Since the 1990s, we have seen numerous highly pertinent algorithms proposed and de-
veloped that show a computational advantage over traditional computation. Some of them
include Grover’s search method [1] and Shor’s algorithm [2], both of which greatly outper-
form traditional machines when it comes to integer factorization in polynomial time. The
use of quantum algorithms has recently grown significantly, offering effective solutions in
fields including chemistry [3] [4] [5], the solution of linear equations [6], physics simulations
[7] [8], and machine learning [9] [10]. The field of machine learning has been one of the
fastest-growing sectors. Classical machine learning is utilized to improve quantum pro-

3



4 CHAPTER 1. INTRODUCTION

cedures, and quantum algorithms have already improved classical processes with existing
quantum devices and algorithms.

Recent research demonstrates the detection of quantum entanglement with unsuper-
vised training in fully and partially entangled structures in the context of the use of classical
machine learning techniques for enhancement of the quantum world [11]. Additionally, us-
ing deep learning approaches, we may analyze the structural characteristics and molecular
dynamics of a quantum system [12] or minimize the noise generated by quantum systems
[13] The use of hybrid graphical convolutional networks (QGCNN), which can perform
better than quantum convolutional neural networks, the classical multilayer perceptron
(MLP), and classical convolutional networks, has been proposed for the design and im-
plementation of hybrid deep learning algorithms [11]. Hybrid neural networks have been
used to forecast GDP growth in the field of financial applications [14]. Using Boltzmann
machines in the healthcare industry to categorize people with lung cancer [15].

1.1 What is Machine Learning?

A subfield of artificial intelligence (AI) and computer science called machine learning fo-
cuses on using data and algorithms to simulate how humans learn, gradually increasing
the accuracy of the system. We want to assign a label to an unlabeled item using machine
learning. And there are three main approaches: segmentation, regression, and classifica-
tion.

1.1.1 Classification

When classifying an instance, we attempt to anticipate its discrete label. Which one is it
given the input and a list of potential labels? Here is a photo. Is that a dog or a cat? [16]

Figure 1.1: Is it dog or cat?

1.1.2 Regression

In regression, the goal is to identify a function that may be used to forecast the relationship
between an input and a continuous dependent output value. For instance, even though
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you don’t know how to calculate your tax rate, can you approximate it given your income
and your friends’ income and effective tax rates? [16]

1.1.3 Segmentation

Segmentation is the process of dividing the population into groups that have similar traits
and are thus likely to behave similarly. Machine learning’s use of customer segmentation
can reduce waste, allowing us to spend less on marketing campaigns. If we know which
consumers are similar to one another, we will be better equipped to target our advertising
to the right people.

1.2 What is Quantum Computing?

A rapidly expanding area of research is quantum computing, which merges computer
science with quantum mechanics. Feynman noted in 1982 that a quantum computer is
required, or the computer must operate in the realm of quantum mechanics, in order to
simulate a quantum system (QC). In 1993, the first suggestion for the actual application
of a QC was made. In a QC, the quantum bit serves as the fundamental unit of quantum
information (qubit). It is possible to think of a single qubit as a two-state system with
two levels, such as an atom with a spin-half. The capacity of quantum systems to exist
in superpositions of their fundamental states underlies the potential power of a QC. The
basic states indicate a set of numbers that can all be changed at once [17].

The following fundamental prerequisites must be met in order to perform quantum
computations: Qubits must meet the following requirements:

• A two-level system |0⟩ and |1⟩ as a qubit.

• The ability to prepare the qubit in a specific state, such as |0⟩.

• The ability to measure each qubit.

• The construction of fundamental gate operations like the conditional logic gate (the
control-not gate).

• And a long enough decoherence time. Since environmental interactions obliterate
the superposition of states, it is crucial for a QC to be properly insulated from them.
Quantum error corrections, which were developed recently, are also necessary.

The quantum system cannot be in more than one state at once. It is found in a
complicated linear combination of states 0 and 1. It is an alternative combination that falls
outside of either ”or” or ”and”. A unique type of computation is quantum computing. It
makes use of the three essential concepts of superposition, interference, and entanglement
in quantum physics. In this book, we’ll go into great details about these concepts in
chapter 3 but for now we are just introducing these concepts in a brief.
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1.2.1 Superposition

When a quantum system may exist in numerous states simultaneously, this phenomenon
is referred to as superposition.

Figure 1.2: Quantum Superposition

Where |ψ⟩ = cos θ
2 |0⟩ + expiϕ sin θ

2 |1⟩.

1.2.2 Interference

The ability to bias quantum systems in the desired direction is due to quantum interference.
The objective is to produce an interference pattern in which the paths leading to incorrect
responses interfere destructively and cancel out, while the paths leading to correct answers
reinforce one another. An example of interference can be like the equation

=H H I

Figure 1.3: Applying double Hadamart gate on a qubit to create Interference.

1.2.3 Entanglement

A very strong correlation between quantum particles is called entanglement. Even when
separated by enormous distances, entangled particles maintain their flawless correlation.

The maximally entangled Bell-States |ϕ±⟩ and |ψ±⟩, are the model entangled states
of a two-qubit system q1q2, phrases that are stated as a statement of the computational
basis is as follows equation 1.1 and 1.2:

|ϕ±⟩ =
|0⟩q1

|0⟩q2
± |1⟩q1

|1⟩q2√
2

(1.1)
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|ψ±⟩ =
|0⟩q1

|1⟩q2
± |1⟩q1

|0⟩q2√
2

(1.2)

A Bell-Pair or EPR (Einstein-Podolsky-Rosen) Pair [18] is another name for the two
qubits that make up a Bell-State.

1.3 What is Quantum Machine Learning?

The incorporation of quantum algorithms into machine learning is known as quantum ma-
chine learning. The term is most frequently used to describe machine learning techniques
used on a quantum computer to analyze classical data. Quantum machine learning makes
use of qubits, quantum processes, or specific quantum systems to speed up computing and
data storage performed by algorithms in a program while machine learning methods are
used to calculate enormous amounts of data. This includes hybrid processing techniques
that combine classical and quantum computing and outsource computationally demand-
ing subroutines to a quantum device. On a quantum computer, these operations can be
carried out more quickly and with greater complexity.

The basic building block of quantum machine learning more specifically say quantum
neural network is given in fig 1.4, the concept of quantum machine learning and quantum
neural network briefly discussed in chapter 3 and 4.

Encode Process Measure
Y
^

X
Quantum Computer

Figure 1.4: Building block of Quantum Machine Learning

1.4 Background of the research

Recent years have seen the rise of algorithms that can play chess and go better than
world champions. Almost every industry that can be imagined is using machine learning,
including the military, aerospace, manufacturing, agriculture, banking, and healthcare.

But because these algorithms have billions of parameters, training them gets harder
and harder. Such issues are unsolvable with present computing technology, but quantum
computers promise to address them. Additionally, because they can calculate several states
at once, they can carry out an infinite number of superposed activities concurrently. a
skill that has the potential to accelerate and enhance machine learning methods.
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Quantum computing, as opposed to traditional computers based on sequential infor-
mation processing, takes advantage of the superposition, entanglement, and interference
phenomena in quantum physics. But it decreases the amount of processing power required
to solve a problem rather than increasing the amount of computing power accessible.

However, quantum computing calls for a shift in how we view computers. A com-
pletely new set of algorithms are necessary. algorithms that use and encrypt quantum
information. Algorithms for machine learning are included. Additionally, it needs a fresh
group of developers. developers with an understanding of quantum computing and ma-
chine learning. Developer’s ability to find solutions to real-world issues that have never
been encountered. a unique kind of developer. You are already unique from everyone else
since you can tackle challenges using quantum machine learning.

The disruptive potential of quantum machine learning is great. Although this integra-
tion of machine learning and quantum computing, two areas of active study, is largely of
a conceptual nature, there are already some examples where it is being used to address
practical issues. Many high-tech startups, including Google, Amazon, IBM, Microsoft,
and others, compete to develop and market the first quantum machine learning systems.

It’s a rare chance to examine a technology just as it is about to demonstrate its
superiority [16].

1.5 Why Quantum in Machine Learning?

1. It has more effective dimension than classical ML models.

2. Quantum Computers as AI accelerators like gpu.

3. Theoretically it reduce the cost faster.

4. and so on

1.6 Scope of the Quantum Machine Learning

A researcher may now conduct more research with large amounts of data thanks to the
past fifty years’ rapid advancement in computing technology and the accessibility of high-
performance computing devices. IBM recently succeeded in creating quantum processor-
based computers that are much quicker than the ones in use today. Computing systems
based on quantum mechanics typically include a quicker quantum bit than a binary bit.
Therefore, compared to ordinary 64-bit computing equipment, a computer based on quan-
tum computing can read and process large amounts of data much more quickly. Similar
to this, existing traditional machine learning techniques based on binary bit manipula-
tion perform poorly with large amounts of data. It is also predicted that if quantum
processor-based computers become commercially viable, they would greatly assist numer-
ous industries, and the field of quantum machine learning will be greatly opened to fresh
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ideas for resolving complicated issues in the future. This presentation illustrates the the-
ories, architectures, and model construction in quantum machine learning.

1.7 Organization of the thesis

The research work performed in this study is divided into different topics and presented
within six chapters including this chapter. The first Chapter of this research describes the
background of the study, the scope of Quantum Machine Learning, and why Quantum
Computing in Machine learning? The methodology of this study is also outlined in this
chapter briefly.

The Second Chapter provides an extensive literature review based on the recent work
that has been done on quantum machine learning area.

Chapter Three focuses on the key aspect of the quantum computing and quantum
machine learning. This chapter will provide a basic but depth knowledge of quantum
computing, quantum machine learning in contrast with the classical computing and clas-
sical machine learning. This will be an easy start for non quantum background people to
learn about quantum computing and later on quantum machine learning.

The Fourth Chapter consists of the methodology of our research. Why and how we
have build the models. What each quantum machine learning model.

The Fifth Chapter of this research is about the result analysis of our research where
we will be folding some research question related with quantum and classical machine
learning.

And finally the Sixth Chapter of this research will conclude the conclusion of our
research.
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2
Related Work

This chapter describes the existing work in quantum machine learning that we had found
to be helpful. We tried to find out some books and papers related to this concepts and
tried to find out what types of works or innovation has been done on Quantum Machine
Learning.

Big data management demands a lot of time, and big data classification suffers from
this limitation as well [19] [20] [21], making quantum computing-based classification a vi-
able solution. The Quantum Least Square Support Vector Machine (Quantum LS-SVM)
is one of the investigated classifiers motivated by quantum mechanics [19]. While the
Library for Support Vector Machine (LIBSVM) on a classical computer has classifica-
tion rates of 86.46% and 84.90%, respectively, Quantum LS-SVM has average values and
standard deviations of 91.45% in low-rank datasets and 89.82% in low-rank approximate
datasets.

Additionally, a quantum kernel machine can perform quantum evaluation directly in
a higher-dimensional space using a quantum big data method (i.e., non-sparse matrix
exponentiation for matrix inversion of the training data inner-product matrix) for imple-
mentation on a quantum computer [21]. Quantum Multiclass SVM is a different strategy
that is based on the quantum matrix inversion algorithm and the one-against-all tactic.
This method converts datasets into quantum states, employs QRAM for quantum parallel
data access, and then exploits memory access incoherent quantum assumption to achieve
quadratic speed gains over classical computer systems [20].

On the D WAVE 2000Q Quantum Annealer machine, binary classification for remote
sensing (RS) of multispectral pictures is possible using quantum SVM [22]. On two ID
datasets, Im16 and Im40, this method applies the RBF kernel method and formulates the

11
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classification as a Quadratic Unconstrained Binary Optimization (QUBO). For the Im16
dataset, the approach obtained an AUROC score of 0.886 and an AUPRC score of 0.930,
respectively. For the other dataset Im40, AURCOC of 0.882 and AURPC of 0.870 were
obtained, respectively [22]. On 50 samples from the SemCity Toulouse dataset, similar
RS testing for image classification on the upgraded quantum machine D-WAVE Advan-
tage produced an overall accuracy of 0.874 with 0.734 F1 score, which was comparable to
classical SVM models and outperformed the IBM quantum machines, which lagged with
0.609 and 0.569 scores, respectively [23]. The Wisconsin breast cancer dataset was used
to test QSVM with RBF kernel and SVM (the traditional equivalent) [24]. The accuracy
of the QSVM, which was built on the Qiskit Aqua with a real backend quantum-chip
(ibmqx4), was 80%, while that of the classical SVM was 85%. The study discovered that
employing QSVM on a simulator outperformed the conventional method by achieving
nearly flawless accuracy. The same study used a quantum multiclass variational SVM
on the UCI ML Wine dataset and was able to obtain 100% accuracy on the StateVector
simulator and 93.33% accuracy on the iqmqx4 while only achieving 90% accuracy with a
classical SVM running on a local CPU context. [25]. Several datasets, including Fisher’s
Iris dataset, modified Iris dataset, Sonar dataset, and Wisconsin’s Breast Cancer dataset,
were subjected to quantum neural network (QNN) applications using the single-shot train-
ing scheme, which enables input samples to be trained in a single qubit quantum system
[26]. The QNN outperformed a traditional NN with no hidden layers, delivering accu-
racy of 83.26%, 96.96%, 41.25%, and 90.19%, respectively [26]. However, the classical NN
outperformed the QNN when two additional hidden layers were added to the architecture.

By substituting SHIFT operations for multiply operations on the ResNet, DenseNet,
and AlexNet network structures, a data structure known as n-BQNN—which contains
the learning framework of n-bit QNNs—can achieve an accuracy that is nearly identical
to that of full-precision models while being 68.7% more energy efficient and 2.9 times
faster than SVPE (shift vector processing element) [27].The ideal weights of a neural
network are also discovered by a variant of Grover’s quantum search technique known as
BBHT optimization, which also more effectively trains a QNN for data categorization [28].
Through the activation of a Perceptron, this model is created.utilizing a step activation
function, the initial qubit of the inner product of input and neuron weights is measured
using quantum Fourier analysis modification [28].

To reliably display the optimal route from a certain source to destination, dynamic
traffic routing can be calculated by extracting real-time data from devices on GPS land-
marks, which is then preprocessed in Spark SQL and then processed by a combination
of Decision tree and Random Forest [29]. In tests using the Iris Dataset, QNN’s testing
accuracy of 97.3%, 97.5%, and 85.5% for matching training pairings of 75, 30, and 12 was
comparable to that of CVNN and RVNN’s single hidden layer classical neural networks
[30]. However, when compared to CVNN, which ran for 1000 epochs, and RVNN, which
lasted for 5000, QNN’s computational speed was 100 times faster. In addition, Varia-
tional Quantum Classifiers (VQC) based on Quantum Random Access Coding (QRAC)
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have been used to improve performance and efficiency by using fewer qubits on the Breast
Cancer (BC) dataset and Titanic Survival (TS) dataset, respectively, with test accuracy
and f1 scores of 0.682 and 0.483 for BC and 0.772 and 0.707 for TS dataset [31]. The
accuracy of QNN4EO, which is made up of three convolutional 2D layers and utilized for
picture classification, was higher than that of CNN (93.63%) in the Earth Observation
(EO) dataset known as EuroSat [32].
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3
Theory

The details of the theory of our system are discussed in this chapter. The theoretical
explanation is divided into two sections

• Fundamental Of Quantum Computing.

• Fundamental Of Quantum Machine Learning.

3.1 Fundamental Of Quantum Computing

Before we move on to the concept of Quantum computers we have to know one of the
most common notations that are used in quantum mechanics and quantum computing,
the Dirac notation. It was invented by Paul Dirac.

Lets take a vector in 3-dimensional complex space. We can write this as a column
vector like this:

r =


a

b

c


In quantum mechanics, we write the column vector in Dirac notation as ket like this:

|r⟩ =


a

b

c


But kets are special:

15
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• The values (a, b, and c above) are complex numbers (they may be real numbers,
imaginary numbers, or a combination of both)

• A ket is a quantum state.

• Kets can have any number of dimensions, including infinite dimensions!

The ”bra” is similar, but the values are in a row, and each element is the complex
conjugate of the ket’s elements.

⟨r| =
[
a∗ b∗ c∗

]

3.1.1 Hilbert Space

In quantum mechanics the state of a physical system is represented by a vector in a Hilbert
space :a complex vector space with an inner product. The term “Hilbert space” is often
reserved for an infinite-dimensional inner product space having the property that it is
complete or closed. However, the term is often used nowadays, in a way that includes
finite-dimensional spaces, which automatically satisfy the condition of completeness.

3.1.2 Qubit

3.1.2.1 The Concept of Qubit

The bit-level is where processing takes place in a traditional computer. Quantum
physics, in the context of quantum computers, is the specific behavior that controls the
system. The interaction between various atoms is described using a number of methods
from the field of quantum physics. These atoms are referred to as ”qubits” when speaking
of quantum computers. A qubit functions as both a wave and a particle. Compared to a
particle (or bit), a wave dispersion may store a lot of information .

A bit is a binary digit, and it is the fundamental unit of classical computing. Quantum
Binary Digit is what is meant by the word ”qubit.” Qubits can exist in numerous states
simultaneously, unlike bits, which can only exist in two states 0 and 1. There is a value
range of 0 to 1.

Take a look at the coin toss as an example to help you better understand this idea.
One side of a coin is Heads (1) and the other is Tails (0). We don’t know which side the
coin is on when it’s being tossed until we stop it or it hits the ground. Can you identify
its side? Depending on your angle, it displays either 0 or 1; only when you pause it to
take a closer look does it display just one side. Similar circumstances apply to qubits.
The superposition of two states is what is meant by this. Accordingly, the likelihood of
measuring a 0 or 1 is typically neither 0.0 nor 1.0. In other words, there’s a chance the
qubit could be in several states at once. When we learn the outcome of the coin flip (heads
or tails), the superposition collapses
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3.1.2.2 Qubit with Mathematical Notations

It is a two-dimensional quantum system in mathematics with the orthonormal basis states
|0⟩ and |1⟩, also referred to as the computational basis [25]. Any superposition of the base
states, which can be described as

|ψ⟩ = α |0⟩ + β |1⟩ =
(
α

β

)
(3.1)

can be the state |ψ⟩ of a system.
where, α and β are complex numbers such that |α|2+|β|2 = 1. The final equality states

that since a qubit’s states are simply vectors in a complex Hilbert space, linear algebra’s
whole framework may be applied to manipulate them. The ground state |g⟩ and an excited
state |e⟩ of a matter system, or the horizontally polarized state |H⟩ and vertically polarized
state |V ⟩ of a single-photon system, could both be examples of orthonormal basis states.

3.1.3 Quantum Register

In classical computer the register is form by flip-flop and in quantum computer the register
is merely a collection of qubits.

If any input state is entangled with any other state then 2n bit of input state and
overall 2(n+1) data can be store initially. This need more memory space, but this space is
required in instantinuous situation.

So an n size classical register refers to an array of n flip flops where as an n size of
quantum register is merely a collection of n qubits.

In classical computer we worked with 0 or 1 at a time but in quantum computer for
qubits we get more advantages as a quantum register of n qubits (register of size n or
length n) is a state of the 2n dimensional product space or Hilbert Space.

Suppose we want to store a number between 0 to 7 in a register for this we need 3 bits.
A classical register would thus store one of the following configurations

0 = (000)

1 = (001)

2 = (010)

3 = (011)

4 = (100)

5 = (101)

6 = (110)

7 = (110)
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A system of 3 bits can be occupied by the any following product states:

0 : |000⟩

1 : |001⟩

2 : |010⟩

3 : |011⟩

4 : |100⟩

5 : |101⟩

6 : |110⟩

7 : |111⟩

As we can generate superposition like:

|q⟩ =
∑

x,y,z∈[0,1]
Cxyz |xyz⟩ (3.2)

Therfore, we can conclude that the sate vector allows us to store the 23 = 8 numbers
in Cxyz at once and generally 2N numbers with N qubits.This can be all done before
measuremnts as after measurement the superposition states of qubits collapses.

3.1.4 Quantum Logic Gates

Qubits, as opposed to bits, are used by quantum computersas. A qubit can exist in a
”superposition” of 0 and 1, in contrast to conventional bits, which can only be 0 or 1.
Quantum computers are incredibly powerful due to their capacity to live in several states
simultaneously.

But until you can perform a quantum calculation on a qubit, it is meaningless. Ad-
ditionally, a set of fundamental operations known as quantum logic gates are used to
accomplish these quantum computations. There are lots of types of quantum gates from
single qubit to multiple qubit gates.

3.1.4.1 Single Qubit Gate

Single-qubit gates exist that enable both the creation of superposition states (Hedamart
gate) and the flipping of a qubit from 0 to 1(PaulyXgate) and also rotate the bit along
different axis(PaulyY, Z). Details mentioned in the table 3.1.

3.1.4.2 Two Qubit Gates

These enable interaction between the qubits and can be used to produce quantum entan-
glement, which is a condition in which two or more qubits are correlated in a way that is
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Operator Gate(s) Matrix Transformation
Hadamard gate H [ 1√

2
1√
2

1√
2 − 1√

2

] Maps Z → X,
and X → Z. This
gate is required
to make superpo-
sitions.

Pauli-X X [
0 1
1 0

] π rotation around
the X axis, Z →
−Z. It basi-
cally like not gate
of classical gate
means it flip the
bit from 0 → 1 or
1 → 0.

Pauly-Y Y [
0 −i
i 0

] π rotation around
the Y axis, Y →
−Y .

Pauly-Z Z [
1 0
0 −1

] π rotation around
the Z axis, X →
−X. Also re-
ferred to as a
phase-flip.

Phase (S,P) S [
1 0
0 i

] maps X → Y .
This gate ex-
tends H to make
complex super-
positions. (π/2
rotation around
Z axis).

Table 3.1: Single Qubit Gates with their matrices and transformation on a qubit.

not consistent with classical physics.

The controlled-NOT (CNOT) gate is an illustration of a 2qubit gate. It is a two-qubit
operation, with the control qubit as the first qubit and the target qubit as the second. It
will flip the target’s qubit state from |0⟩ to |1⟩ or vice versa if the control qubit is |1⟩.

Quantum algorithms with numerous qubits can be decomposed into a series of one-
qubit and two-qubit quantum gates, constituting a universal quantum gate set, much like
conventional computers.

Therefore, we can utilize these quantum gates to implement every algorithm conceiv-
able on our quantum computer if we can make them operate reliably and scale to many
qubits.
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3.1.5 Quantum Entanglement

One of the most strange phenomena that can be observed when things are extremely small
or inside the quantum realm is quantum entanglement. No matter how far apart two or
more particles are in space, their states remain linked when they hook up in a specific
way. That indicates that they are in a single, shared quantum state. Therefore, regardless
of how far apart the particles are, observations of one of the particles can automatically
reveal information about the other entangled particles. Furthermore, any change to one
of these particles will inevitably have an effect on the others in the entangled system.

As they figured out the mechanics of the quantum realm in the early 20th century,
physicists discovered the basic concepts of entanglement. They discovered that they
needed to employ something known as a quantum state in order to adequately charac-
terize subatomic processes.

Figure 3.1: Engtangled Gloves

The concept of quantum entanglement asserts that two qubits are constantly super-
posed in two different states. Here is one instance. Imagine there is a package with a pair
of gloves inside of it. One glove is pulled at random from the box. The package is then
brought to another room. We can infer that the glove that is still in the box is left-handed
because the glove that was taken out was discovered to be right-handed.

With qubits, the situation is the same. If one is spinning up, the other is put into a
spin-down position by default. A situation in which both qubits are in the identical state
is not possible. In other words, they are continuously intertwined. Quantum entanglement
is what is happening here.

3.1.6 Quantum Superposition

Superposition is the capacity of a quantum system to exist in numerous states concurrently
up until it is measured. The property of a quantum system whereby it can exist in multiple
simultaneous quantum states. As an illustration, electrons have a quantum property called
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spin, which is a form of inherent angular momentum. The electron can exist in either of
two distinct spin states—spin up or spin down—in the presence of a magnetic field. Each
electron will have a finite possibility of existing in either state up until it is measured.
It only seems to be in a particular spin state when it is being measured. In common
experience a coin with its face up has a clear value: either it is a head or a tail. You are
confident that the coin must be a head or a tail even if you don’t look at it.

Figure 3.2: Example of a Superposition State

3.1.7 Measurement

A qubit may be measured out in the computational basis once a quantum computation
task has been completed. As a result, one of the basic states |0⟩ or |1⟩ is reached for
the qubit state. The value obtained could be kept in a conventional register and used for
additional processing.

All qubits must initially be in the state |0⟩ and can only be measured in the com-
putational basis, according to the rules of quantum computing. Prior to the measuring
operation, other states must be established by employing the requisite unitary operations,
and measurement in other bases may be accomplished by using the appropriate gates. [33]
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Figure 3.3: Example of Qubit Measurement

3.2 Fundamental of Quantum Machine Learning

3.2.1 Quantum Embeddings

Through the use of a quantum feature map, a quantum embedding encodes classical data
as quantum states in a Hilbert space. A quantum state |ψx⟩ is produced by translating a
classical data point x into a collection of gate parameters in a quantum circuit. This pro-
cedure is essential for creating quantum algorithms and has an impact on their computing
capacity.

Figure 3.4: Example of encoding the Classical Data to Quantum Data

Let’s look at a standard set of input data that consists of M examples and N features
per example,

D = {x(1), . . . , x(m), . . . , x(M)}, (3.3)

where, for m=1,...,M, x(m) is an N-dimensional vector. We can utilize different em-
bedding approaches, some of which are briefly discussed below, to embed this data into n
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quantum subsystems (n qubits or n qumodes for discrete- and continuous-variable quan-
tum computing, respectively).

3.2.1.1 Several Types of Embeddings

• Basis Embedding: Each input is connected to a qubit system’s computational
basis state using basis embedding. Therefore, binary strings are the only way to
represent classical data. The bit-wise translation of a binary string to the appro-
priate states of the quantum subsystems creates the embedded quantum state. For
instance, the 4-qubit quantum state |1001⟩ represents the value x=1001 . Conse-
quently, one quantum subsystem can represent one bit of classical information.

X

X

Figure 3.5: Basis Embedding Circuit

Think about the classical dataset in equation (3.3) that was mentioned earlier.
Each example must be an N-bit binary string for basis embedding, where x(m) =
(b1, ..., bN) and bi = {0, 1} for i = 1, ..., N . Each input example x(m) can be directly
mapped to the quantum state |x(m)⟩ if all features are recorded with unit binary
precision (one bit). In light of this, n, the number of quantum subsystems, must
at least be equal to N. In superpositions of computational basis states, a complete
dataset can be represented as

|D⟩ = 1√
M

M∑
m=1

|x(m)⟩

Let’s say, for example, that we have a classical dataset with two samples, x(1) = 01
and x(2) = 11. Two qubits are used in the corresponding basis encoding to represent
the values |x(1)⟩ = |01⟩ and |x(2)⟩ = |11⟩, resulting in

|D⟩ = 1√
2

|01⟩ + 1√
2

|11⟩

• Amplitude Embedding: Data is encoded into a quantum state’s amplitudes
using the amplitude-embedding technique. The amplitudes of an n-qubit quantum
state |ψx⟩ are used to represent a normalized classical N -dimensional datapoint x
as,

|ψx⟩ =
N∑

i=1
xi |i⟩
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where |i⟩ is the i-th computational basis state, xi is the i-th element of x, and
N = 2n. However, in this situation, xi may contain several numeric data types, such
as integer or floating point.

• For data processing, classification, and the clustering area,
now a days, Machine Learning has proved to be very
effective.

• A new field has emerged named “Quantum Machine
Learning” that is the combination of Quantum information
Processing and classical machine learning.

• We introduce a comprehensive review of state of the art
advances in Quantum Machine Learning.

• We also outline some recent works on different models of the
quantum machine learning, and interprets classification tasks
in the realm of Quantum with several encoding methods.

• We have used PennyLane framework which allows quantum
function to run on any quantum device.

Introduction Method with System Diagram

Can we go with fully Quantum? 
• Quantum Computers are still evolving and have limitations. 

Most of the big players are taking a hybrid approach. That is 
mix classical and quantum layers.

Results & Analysis

• A quantum embedding represents classical data as quantum 
states in a Hilbert space via a quantum feature map.

• It takes a classical datapoint x and translates it into a set of 
gate parameters in a quantum circuit, creating a quantum 
state |ψx⟩.

• This process is a crucial part of designing quantum 
algorithms and affects their computational power.

• Embeddings can also depend on trainable parameters, and 
they may be constructed from repeated layers.

• There are several types of quantum embedding like Angle 
Embedding, Amplitude embedding, Displacement 
Embedding and many more.  

Background
• Four different approaches to combine the disciplines of 

quantum computing and machine learning

x

Conclusion

Md. Abu Ammar , Sadia Afrin Tamanna
Faculty Advisor:  Dr. Mahdy Rahman Chowdhuryr.

Department of Electrical and Computer Engineering
North South University, Bashundhara, Dhaka-1229

Machine Learning In The Realm Of Quantum: The State-Of-The-Art, 
Challenges, Future Vision and Applications Of It.

encode process measure

Quantum Computer

�𝑦𝑦

Building Block of QML

Four discipline of ML in QC and CC

Quantum Embedding

𝑥𝑥 =
0.88
−0.25

0.5

|0>

H

H

H

𝑅𝑅𝑧𝑧 0 ⋅ 88

𝑅𝑅𝑧𝑧 −0 ⋅ 25

𝑅𝑅𝑧𝑧 0 ⋅ 5

|0>

|0>

Data is encoded into the amplitudes of 
a quantum state.

|x> =∑𝑖𝑖=12𝑛𝑛 𝑥𝑥𝚤̇𝚤 |𝑖𝑖 >
1.0
0.0
2.5
0.6

1
𝑐𝑐

|00 > −2.5
𝑐𝑐

|10 > + 0.6
𝑐𝑐

|11>

Angle Embedding Amplitude Embedding

In
pu

t L
ay

er

O
ut

pu
t L

ay
er

U(x) U(𝜃𝜃) M

In
pu

t L
ay

er

O
ut

pu
t L

ay
er

Classical Neural Network Quantum Neural Network

U(x)

𝑅𝑅𝑦𝑦 𝜃𝜃1

𝑅𝑅𝑦𝑦 𝜃𝜃2

𝑅𝑅𝑦𝑦 𝜃𝜃3

𝑅𝑅𝑦𝑦 𝜃𝜃4

𝑅𝑅𝑦𝑦 𝜃𝜃5

𝑅𝑅𝑦𝑦 𝜃𝜃6

𝑅𝑅𝑦𝑦 𝜃𝜃7

𝑅𝑅𝑦𝑦 𝜃𝜃8

𝑅𝑅𝑦𝑦 𝜃𝜃9

𝑅𝑅𝑦𝑦 𝜃𝜃10

𝑧𝑧1

𝑧𝑧2

𝑧𝑧3

𝑧𝑧4

𝑧𝑧n

…
…

…
..

…
…

…
…

𝑅𝑅𝑦𝑦 𝜃𝜃1

𝑅𝑅𝑦𝑦 𝜃𝜃2

𝑅𝑅𝑦𝑦 𝜃𝜃3

𝑅𝑅𝑦𝑦 𝜃𝜃4

U(𝜃𝜃)

Output 
features

Ch.1
Ch.2

Ch.3

Ch.4

Input 
Image

|0>

|0>

|0>

|0>

+ 
Fully connected Layer

Soft Max

Model 01: Quanvolutional Neural Network

Classical 
Layers

Classical Output Layers

Data 
Encoding USU D K QNN Measurement �𝑦𝑦

|0>
|0>

|0>
|0>

Quantum Neural Network Layer 1 QNN nth Layer

Model 02: Hybrid Continuous Variable Quantum Neural Network

In model 02, A classical neural network is used as a pre-
processing step to reduce the original image matrices of size
28×28 = 784 to vectors of lower length that the data encoding
circuit can accommodate. For the data encoding circuit,
squeezers, an interferometer, displacement gates, and Kerr
gates are used. For the quantum neural network, the quantum
circuit implementing L(|x⟩) = |φ(Wx+b)⟩. Measuring the
quantum circuit, we get a one hot output vector length 10 as the
predicted label.

CC CQ

QC QQ

Type of Algorithm

Ty
pe

 o
f D

at
a

Classical Quantum

Q
ua

nt
um

C
la

ss
ic

al
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• According to a recent research It has more effective

dimension than classical ML models.
• Quantum Computers as AI accelerators like gpu.
• Theoretically it reduce the cost faster.
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As a part of the analysis, we run the model on Strawberry Folk,
a Photonic Quantum Computer Simulator with a 700 sample of
the MNIST dataset. As a 1st generation quantum machine
learning algorithm, the performance of the model could not
outperform the classical one as it is trained on classical data.
But it did not perform bad relatively to the classical one.
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Why Quantum in Machine Learning
• According to a recent research It has more effective

dimension than classical ML models.
• Quantum Computers as AI accelerators like gpu.
• Theoretically it reduce the cost faster.

As most of our data is classical and converting all classical data
to quantum data will be very costly, there need a bridge
between quantum and classical computer and this hybrid model
is exactly what we need.

Figure 3.7: Angle Embedding

According to the rotation parameter, the rotations can be either RX, RY, or RZ
gates:

1. rotation=’X’ uses the features as angles of RX rotations.

2. rotation=’Y’ uses the features as angles of RY rotations.

3. rotation=’Z’ uses the features as angles of RZ rotations.

Features must have lengths that are less than or equal to the amount of qubits.
The circuit does not apply the remaining rotation gates if there are fewer entries in
features than rotations.
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• Displacement Embedding: Encodes N features into the displacement ampli-
tudes r or phases ϕ of M modes, where N ≤ M

The mathematical definition of the displacement gate is given by the operator.

D(α) = exp
(
r
(
eiϕâ† − e−iϕâ

))
where â and â† are the bosonic creation and annihilation operators

D

D

D

Figure 3.8: Displacement Embedding Circuit

3.2.2 Quantum Feature Map

To make it easier to work with or because the new space might have some useful qualities,
many traditional machine learning techniques re-express their input data in a separate
space. Support vector machines, which categorize data using a linear hyperplane, are a
typical example. When the data are already linearly separable in the original space, a
linear hyperplane is effective; however, this is unlikely to be the case for many data sets.
By using a feature map to translate the data into a new space where it is linear, it might
be able to get past this problem.

Let χ represent a set of input data more formally. A function that has the form
ϕ : χ → F , where F is the feature space, is called a feature map (ϕ). ϕ(x) for all x ∈ X,

Data In Original Space Data In Feature Space

Feature

Map

Figure 3.9: Data can be transformed into an easier-to-process format using a feature map.
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the outputs of the map on the individual data points, are referred to as feature vectors.
A quantum feature map, F is typically merely a vector space. ϕ : χ → F is a feature

map where the feature vectors are quantum states and the vector space F is a Hilbert space.
The unitary transformation Uϕ(x), which is often a variational circuit whose parameters
depend on the input data, is used by the map to convert x → |ϕ(x)⟩ by means of its
parameters.

Figure 3.10: Data Transformation Using Unitary Operation.

3.2.3 Quantum Gradient

The expected value of a measurement observable, which may be formally expressed as a
parameterized ”quantum function” f(θ) with tunable parameters θ = θ1, θ2, ....., θn, is the
output of a variational circuit. Partially derivatives of f with respect to its parameters
can be defined, just like with any other similar function. [34]

Figure 3.11: The Flow Of Quantum Gradients

The vector of partial derivatives of a quantum function f(θ) is defined as a quantum
gradient.
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∇θf(θ) =


∂θ1f

∂θ2f
...

∂θnf


Usually, for instance if many qubits are measured, quantum nodes are characterized

by a number of expectation values. The output in this situation is characterized by the
vector-valued function f⃗(θ) = (f1(θ), f1(θ), ...)T , and the quantum gradient turns into a
”quantum Jacobian”:

Jθf(θ) =


∂θ1f1 ∂θ1f2 · · ·
∂θ2f1 ∂θ2f2 · · ·

...
... . . .


It turns out that using parameter-shift principles, the gradient of a quantum function

f(θ) may frequently be represented as a linear combination of other quantum functions.
This implies that quantum computers are capable of computing quantum gradients, en-
abling gradient-based optimization techniques like gradient descent, which are commonly
used in machine learning, to be used to quantum computing.

3.2.4 Parameter-Shift Rules

A variational circuit’s output (i.e., the expectation of an observable) can be expressed as
a ”quantum function” denoted by the parameters f(θ) and parametrized by θ = θ1, θ2, ...

In many instances, the partial derivative of f(θ) can be written as a linear combination of
various quantum functions. It’s significant that these other quantum functions frequently
employ the same circuit, with the sole difference being a shift in the argument. This
indicates that the same variational circuit architecture can be used to compute partial
derivatives of a variational circuit.

Figure 3.12: Example of Parameter-Shift Rules

Parameter-shift rules are instructions on how to obtain partial derivatives by evaluating
parameter-shifted examples of a variational circuit. They were first introduced to quantum
machine learning in [35] and expanded in [36].
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3.2.5 Circuit Ansatz

An ansatz in the context of variational circuits typically refers to a subroutine made up
of a series of gates applied to particular wires. Similar to the design of a neural network,
this just specifies the basic structure; the variational technique can be used to optimize
the types of gates and/or their free parameters.

The quantum computing community has put up a number of variational circuit theo-
ries. The strength of an ansatz depends on the targeted use-case, and what constitutes a
good ansatz is not always obvious.

Figure 3.13: A Simple Circuit Ansatz

3.2.6 Hybrid Computation

The method of combining classical and quantum computations is referred to as a hybrid in
the domain of quantum computing. This is the fundamental idea of optimizing variational
circuits, which involves using a classical co-processor to support a quantum algorithm.

To establish how ”excellent” the quantum circuits are, averages of measurement out-
comes are typically estimated by quantum devices. This is done by combining these
averages into a single classical cost function.

3.2.7 Quantum Differentiable Programming

In quantum computing, it is possible to automatically calculate variational circuits’ deriva-
tives with regard to their input parameters. This is used by a paradigm called quantum
differentiable programming to create quantum algorithms differentiable and thus trainable.

The derivatives of functions with respect to program inputs are calculated via au-
tomatic differentiation in classical differentiable programming. Although differentiable
programming and deep learning are conceptually similar, they differ in some ways. The
structure of models like neural networks, including the number of nodes and hidden layers,
is often statically set in early deep learning frameworks. This is referred to as a ”define-
and-run” strategy. Although the network is trainable via automatic differentiation and
backpropagation, the program’s basic structure remains the same.

In contrast, more modern methods employ a ”define-by-run” strategy where the model’s
structure isn’t predicated in any way. The models’ structure, which is dynamic and made
up of parameterized function blocks, can alter depending on the input data while still
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Figure 3.14: In quantum differentiable programming, hybrid computations made up of
both classical (blue) and quantum (pink) components are inherently differentiable.

being trainable and differentiable. This is true even in the presence of traditional control
flow structures like for loops and if statements, which is an important part of it. With
the help of these concepts, we may use diffentiable programming to create end-to-end
differentiable programs for hybrid classical-quantum computing.
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4
Methodology

In this chapter, we will discuss about our research methodology.

4.1 Methond with System Diagram

The quantum circuit is differentiable, as was already mentioned it in section 3.2.7, and
it can function as a deep learning model. Nearly all datasets in the world are classical
datasets, so in order to train a quantum machine learning model, we must transform the
dataset into a format that quantum computers can understand. Quantum Embedding
is the process of converting traditional data into quantum data. There are several ways
to convert classical data into quantum data, as explained in the section on quantum
embeddings. According to the methodology of quantum machine learning as shown in
figure basic architecture of QML, we must first and foremost encode the classical data in
quantum readable data before using some unitary operations that will function as deep
learning neurons. We then perform measurements to obtain the prediction, calculate the
loss using the classical loss function, and then backpropagate through the circuit. The
quantum machine learning algorithm functions in this manner overall.

So in the quantum neural networks, the goal is to translate the classical mathematical
formula L(x) = ϕ(Wx+ b) into a quantum state L(|x⟩) = |ϕ(Wx+ b)⟩. The key elements
for transforming classical neural networks into quantum circuits are:

• data encoding: x → |ψ(x)⟩

• affine transformation W |ψ(x)⟩ + |b⟩

• non-linear activation function ϕ(|A⟩)

31
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• For data processing, classification, and the clustering area,
now a days, Machine Learning has proved to be very
effective.

• A new field has emerged named “Quantum Machine
Learning” that is the combination of Quantum information
Processing and classical machine learning.

• We introduce a comprehensive review of state of the art
advances in Quantum Machine Learning.

• We also outline some recent works on different models of the
quantum machine learning, and interprets classification tasks
in the realm of Quantum with several encoding methods.

• We have used PennyLane framework which allows quantum
function to run on any quantum device.

Introduction Method with System Diagram

Can we go with fully Quantum? 
• Quantum Computers are still evolving and have limitations. 

Most of the big players are taking a hybrid approach. That is 
mix classical and quantum layers.

Results & Analysis

• A quantum embedding represents classical data as quantum 
states in a Hilbert space via a quantum feature map.

• It takes a classical datapoint x and translates it into a set of 
gate parameters in a quantum circuit, creating a quantum 
state |ψx⟩.

• This process is a crucial part of designing quantum 
algorithms and affects their computational power.

• Embeddings can also depend on trainable parameters, and 
they may be constructed from repeated layers.

• There are several types of quantum embedding like Angle 
Embedding, Amplitude embedding, Displacement 
Embedding and many more.  

Background
• Four different approaches to combine the disciplines of 

quantum computing and machine learning

x
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In model 02, A classical neural network is used as a pre-
processing step to reduce the original image matrices of size
28×28 = 784 to vectors of lower length that the data encoding
circuit can accommodate. For the data encoding circuit,
squeezers, an interferometer, displacement gates, and Kerr
gates are used. For the quantum neural network, the quantum
circuit implementing L(|x⟩) = |φ(Wx+b)⟩. Measuring the
quantum circuit, we get a one hot output vector length 10 as the
predicted label.
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As a part of the analysis, we run the model on Strawberry Folk,
a Photonic Quantum Computer Simulator with a 700 sample of
the MNIST dataset. As a 1st generation quantum machine
learning algorithm, the performance of the model could not
outperform the classical one as it is trained on classical data.
But it did not perform bad relatively to the classical one.
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Why Quantum in Machine Learning
• According to a recent research It has more effective

dimension than classical ML models.
• Quantum Computers as AI accelerators like gpu.
• Theoretically it reduce the cost faster.

As most of our data is classical and converting all classical data
to quantum data will be very costly, there need a bridge
between quantum and classical computer and this hybrid model
is exactly what we need.

Figure 4.1: Extended Building block of Quantum Machine Learning in Contrast with
Classical Machine Learning.

All unitary gates that are possible in the qubit model are linear. As a result, the model
does not directly translate the bias addition component and the non-linear activation
function component of classical neural networks into quantum. The displacement gate
and the Kerr gate in the CV model, however, permit a direct conversion from classical to
quantum.

That’s why we have chosen two architectures of QNN one from the qubit model (Quan-
volutional Neural Network) and another from qumode model (Continuous variable Quan-
tum Neural Network). Where our primary objective is to develop a quantum neural
network model and compare its result to a classical machine learning model. For two dif-
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ferent quantum machine learning models (1. QNN; 2. CVQNN) of two different quantum
computing architectures, we primarily compare three things.

1. Either classical or quantum model reach the optimum accuracy state faster.

2. Either the classical or quantum model reaches the optimum loss faster.

3. And lastly their test accuracry.

Our research models will be conducted as visual on the figure 4.1 to build an effective model
for the classification task of multiple classes of MNIST handwritten digit classification.

4.2 Model 01: Quanvolutional Neural Networks(QNN)

We use the Quanvolutional Neural Network, a quantum machine learning model first
presented by Henderson[37]. A common model in classical machine learning that is very
effective at processing images is the convolutional neural network (CNN). The model is
built around the concept of a convolution layer, where a local convolution is used to process
a portion of the input data rather than processing the entire set with a global function.

Small local regions are processed consecutively with the same kernel when the input is
an image. The findings for each region are typically connected to various output channels
of a single pixel. A new object that resembles an image is created by adding together all
of the output pixels and can then be treated by other layers.

The same concept can be expanded to apply to quantum variational circuits. The
subsequent process, which is quite similar to the one utilized in [37], provides a potential
strategy. The figure additionally depicts the scheme.

• In our case, a 2×2 square from the input image is implanted into a quantum circuit.
This is demonstrated here by applying parametrized rotations to qubits that were
started in the ground state.

• The system performs a quantum computation linked to a unitary U . A variational
quantum circuit or, more simply, a random circuit, as suggested in [37], could pro-
duce the unitary.

• After measuring the quantum system, a list of classical expectation values is ob-
tained. The measurement results might also be post-processed traditionally, as sug-
gested in [37].

• Each expectation value is assigned to a distinct channel of a single output pixel,
much like a classical convolution layer.

• By repeating the same process over several regions of the image, we may scan the
entire input image and create an output object that is organized as a multi-channel
image.
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• For data processing, classification, and the clustering area,
now a days, Machine Learning has proved to be very
effective.

• A new field has emerged named “Quantum Machine
Learning” that is the combination of Quantum information
Processing and classical machine learning.

• We introduce a comprehensive review of state of the art
advances in Quantum Machine Learning.

• We also outline some recent works on different models of the
quantum machine learning, and interprets classification tasks
in the realm of Quantum with several encoding methods.

• We have used PennyLane framework which allows quantum
function to run on any quantum device.

Introduction Method with System Diagram

Can we go with fully Quantum? 
• Quantum Computers are still evolving and have limitations. 

Most of the big players are taking a hybrid approach. That is 
mix classical and quantum layers.

Results & Analysis

• A quantum embedding represents classical data as quantum 
states in a Hilbert space via a quantum feature map.

• It takes a classical datapoint x and translates it into a set of 
gate parameters in a quantum circuit, creating a quantum 
state |ψx⟩.

• This process is a crucial part of designing quantum 
algorithms and affects their computational power.

• Embeddings can also depend on trainable parameters, and 
they may be constructed from repeated layers.

• There are several types of quantum embedding like Angle 
Embedding, Amplitude embedding, Displacement 
Embedding and many more.  

Background
• Four different approaches to combine the disciplines of 

quantum computing and machine learning
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In model 02, A classical neural network is used as a pre-
processing step to reduce the original image matrices of size
28×28 = 784 to vectors of lower length that the data encoding
circuit can accommodate. For the data encoding circuit,
squeezers, an interferometer, displacement gates, and Kerr
gates are used. For the quantum neural network, the quantum
circuit implementing L(|x⟩) = |φ(Wx+b)⟩. Measuring the
quantum circuit, we get a one hot output vector length 10 as the
predicted label.
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As a part of the analysis, we run the model on Strawberry Folk,
a Photonic Quantum Computer Simulator with a 700 sample of
the MNIST dataset. As a 1st generation quantum machine
learning algorithm, the performance of the model could not
outperform the classical one as it is trained on classical data.
But it did not perform bad relatively to the classical one.
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Why Quantum in Machine Learning
• According to a recent research It has more effective

dimension than classical ML models.
• Quantum Computers as AI accelerators like gpu.
• Theoretically it reduce the cost faster.

As most of our data is classical and converting all classical data
to quantum data will be very costly, there need a bridge
between quantum and classical computer and this hybrid model
is exactly what we need.Figure 4.2: Model 01: Quanvolutional Neural Network
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• Further quantum layers or classical layers may come after the quantum convolution.

A quantum circuit can produce extremely complex kernels whose computation could, at
least in theory, be classically intractable. This is the major difference between a quantum
circuit and a classical convolution.

4.2.1 Data Encoding

The 28 × 28 matrix used in the MNIST dataset is in its classical states. We must use a
quantum data encoding approach to convert this classical data from classical to quantum
states. To convert the classical data into quantum data in this case, we employed the angle
embedding technique (discussed in section 3.2.1). An embedding layer of Ry rotations with
angles scaled by a factor off π makes up the quantum circuit of our model 1 (QNN) in fig
4.2.

4.2.2 Quantum Circuit

By following the architecture of Quanvolutional Neural Network we have implemented a
random circuit from the PennyLane framework on 4qubits. Hence it is a 4 qubit system
simulated on PennyLane default.qubit simulation device.

4.2.3 Measurement

For qubit based classification, PennyLane provides several measurement techniques in-
cluding expected value method which has been used for our first model.

We have got 4 expected value from for qubits that are then mapped into 4 diferent
channels of a single ouptput pixel. By repeating the process a multiple of times we have
mapped a full 4 output channel object just like CNN extract the important features from
image into several channels. This process halves the resolution of the input image. In the
standard language of CNN, this would correspond to a convolution with a 2 × 2 kernel
and a stride equal to 2.

Inspecting how a batch of samples respond to the quantum convolution layer in fig 4.3.
we can finalize that the resolution has been downscaled, and the quantum kernel has also
caused some localized distortion. On the other hand, as is conventional for a convolution
layer, the image’s overall shape remains kept.

4.2.4 Classical Layer

The characteristics that come from applying the quantum convolution layer are then fed
into a classical neural network, which will be trained to classify the 10 distinct digits in
the MNIST dataset.

We only utilize a single fully connected layer with ten output nodes and a softmax
activation function as our model.
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Figure 4.3: Grayscale images of the four quantum convolution output channels.
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A cross-entropy loss function and a stochastic gradient descent optimizer are used in
the model’s construction.

4.3 Model 02: Continuous variable Quantum Neural Net-
work(CVQNN)

The CV binary classifier design(14) serves as an inspiration for the multi-classifier model
provided in this section. The CVQNN moel runs on Xanadu’s X8 photonic quantum
simulator which is made up of 8 − qumodes. The model’s measurement outputs are
interpreted as one-hot encoded predictions of the labels for the images.

• For data processing, classification, and the clustering area,

now a days, Machine Learning has proved to be very

effective.

• A new field has emerged named “Quantum Machine

Learning” that is the combination of Quantum information

Processing and classical machine learning.

• We introduce a comprehensive review of state of the art

advances in Quantum Machine Learning.

• We also outline some recent works on different models of the

quantum machine learning, and interprets classification tasks

in the realm of Quantum with several encoding methods.

• We have used PennyLane framework which allows quantum

function to run on any quantum device.

Introduction Method with System Diagram

Can we go with fully Quantum? 

• Quantum Computers are still evolving and have limitations. 

Most of the big players are taking a hybrid approach. That is 

mix classical and quantum layers.

Results & Analysis

• A quantum embedding represents classical data as quantum 

states in a Hilbert space via a quantum feature map.

• It takes a classical datapoint x and translates it into a set of 

gate parameters in a quantum circuit, creating a quantum 

state |ψx⟩.
• This process is a crucial part of designing quantum 

algorithms and affects their computational power.

• Embeddings can also depend on trainable parameters, and 

they may be constructed from repeated layers.

• There are several types of quantum embedding like Angle 

Embedding, Amplitude embedding, Displacement 

Embedding and many more.  

Background

• Four different approaches to combine the disciplines of 

quantum computing and machine learning
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In model 02, A classical neural network is used as a pre-

processing step to reduce the original image matrices of size

28×28 = 784 to vectors of lower length that the data encoding

circuit can accommodate. For the data encoding circuit,

squeezers, an interferometer, displacement gates, and Kerr

gates are used. For the quantum neural network, the quantum

circuit implementing L(|x⟩) = |φ(Wx+b)⟩. Measuring the

quantum circuit, we get a one hot output vector length 10 as the

predicted label.
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As a part of the analysis, we run the model on Strawberry Folk,

a Photonic Quantum Computer Simulator with a 700 sample of

the MNIST dataset. As a 1st generation quantum machine

learning algorithm, the performance of the model could not

outperform the classical one as it is trained on classical data.

But it did not perform bad relatively to the classical one.
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Model 01: Loss and Accuracy

Model 02: Loss and Accuracy

Why Quantum in Machine Learning
• According to a recent research It has more effective

dimension than classical ML models.

• Quantum Computers as AI accelerators like gpu.

• Theoretically it reduce the cost faster.

As most of our data is classical and converting all classical data

to quantum data will be very costly, there need a bridge

between quantum and classical computer and this hybrid model

is exactly what we need.

Figure 4.4: Model 02: Hybrid Continuous Variable Quantum Neural Network

In order to convert the original image matrices of size 28 × 28 = 784 into vectors of
shorter length that the data encoding circuit can handle, a classical neural network is uti-
lized as a pre-processing step. Squeezers, an interferometer, displacement gates, and Kerr
gates are employed in the data encoding circuit. The quantum circuit that implements
L(|x⟩) = |ϕ(Wx+ b)⟩ as in the binary classifier(14) is employed for the quantum neural
network.

The foundation of the 10 − class classifier is two qumodes. When an image matrix’s
label k{0, 1, 2, 3, 4, 5, 6, 7, 8, 9} is transformed into a one-hot encoded vector, the
result is a vector of length 10 with all zeros but the kth entry as 1. The cutoff dimensions
are chosen so that the length of the output vectors is more than 10. For this model, we
added some padding zeros to the one-hot encoded labels to make them fit the circuit’s
output size. The table 4.1 below provides a description of the cutoff dimension utilized
for the model CVQNN.

The architecture in Figure 6 depicts the data flow of image matrix → classical layers →
reduced output vectors → data encoding → QNN → measurement → output vectors as one−
hot encoded labels.
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number of qumodes cutoff dimension output size number o padding 0’s
2 4 42 = 16 6

Table 4.1: Calculation of cutoff dimension

Interferometers, a set of m squeezers, a set of m displacement gates, and a set of m Kerr
gates, respectively, are represented by the boxes U, S,D, andK, where m is the number of
qumodes.

4.3.1 Classical layers

The size of the data images is reduced from 28 × 28 = 784 to smaller size vectors that
fit the amount of parameters available for data encoding using traditional feed forward
neural networks. The image matrices are first reduced to vectors of smaller sizes using
Keras dense layer operations and the activation function ”ELU,” flattening them to vectors
of size 28 × 28 = 784. The data encoding quantum circuit subsequently transforms the
output vectors into quantum states.

4.3.2 Data encoding

The classical neural network’s output vectors are in classical states. Classical states are
transformed into quantum states by the quantum data encoding circuit. Squeezers, inter-
ferometers, displacement gates, and Kerr gates are examples of quantum gates that are
used for data encoding. These parameterized quantum gates use the entries of a classical
vector as their parameters. Beamsplitters on pairs of nearby qumodes, along with rotation
matrices, make up an interferometer. When viewing the parameters z, α ∈ C in the Euler
formula z = a+ bi = r(cosϕ+ isinϕ) = reiϕ, squeezers S(z) and displacement gates D(α)
can be viewed as either one parameter gates or two parameter gates. We employ them as
two-parameter gates for data encoding.

These gates can handle (8m − 2) parameters, where m is the number of qumodes,
in m − qumode circuits. These values calculated from table 4.2 served as the basis for
determining the size of the classical network output vectors.

Squeezers Base Shift Rotation Displacement Kerr
2m 2(m− 1) m 2m m

Table 4.2: Calculation of Squeezers, Base Shift, Rotation, Displacement, and Kerr gate

4.3.3 Quantum circuit

The QNN circuit implements a quantum equivalent of the classical neural network L(x) =
(Wx+ b) as

L(|x⟩) = |ϕ(Wx+ b)⟩ = ϕ ◦D ◦ U2 ◦ S ◦ Ui |x⟩ (4.1)
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where |x⟩ is a quantum data encoded state of the original data vector x, Uk interferometers,
S squeezers, D displacement gates, and ϕ(·) Kerr gates, respectively. Calculations for the
number of parameters for a set of gates on m-qumodes are shown in the table 4.3 .

Uk S Dt ϕ(·) Total
2(m− 1) +m m m m 2{(2m− 1)m} +m+m+m = 9m− 4

Table 4.3: Equation to calculate total Parameter

On our 2-qumode CVQNN multiclass classifier, 4 layers of QNN were implemented.
The table 4.4 lists how many parameters there are for 2-qumodes.

Number of Qumodes Parameter per Layer Total Parameter
2 9 × 2 − 4 = 14 4 × 14 = 56

Table 4.4: Calculation of Parameters

4.3.4 Measurement

For CV-based calculations, Pennylane provides three different measurement techniques:
expected value, variance, and probability. For each qumode, the expectation value and
variance procedures produce a single-valued result. Vectors of size nm are produced by the
probability approach, where n is the cutoff dimension and m is the number of qumodes.

For the measurement we have use the probability method for our quantum network

4.3.5 Parameter update

The quantum circuit is transformed into a Keras layer using the PennyLane Tensorflow
plug-in capabilities, and it is then added to the classical layers. Then, parameter updating
can be done using the built-in loss and optimizer methods of Keras. Categorical Cross
entropy and Stochastic Gradient Descent are employed as the optimizer and loss function,
respectively, for our 2 − qumode CVQNN multiclass classifier model. The quantum gates’
parameters are subsequently set using the revised parameters in the following training
iteration.
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5
Result Analysis

We primarily compare three things of classical and quantum machine learning model for
both of our model.

1. Either classical or quantum model reach the optimum accuracy state faster.

2. Either the classical or quantum model reaches the optimum loss faster.

3. And lastly their test accuracry.

5.1 Result Analysis of Model 01

As far as our first analysis of model 1(QNN) from the evaluation graph of figure [5.1] we
can visualize that the classical machine learning model reach out to the optimum state of
accuracy matrix before than the Quantum Machine Learnin model.

In comparison to the classical model, the hybrid quanvolutional neural network model
for the second analysis achieves the ideal state of loss reduction more quickly can be
enriched from figure [5.1].

41
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Figure 5.1: Evaluation Loss and Accuracy of QNN Model in contrast with a Classical
Neural Network Model..
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model Test Accuracy Train Accuracy
Classical Neural network 0.96 0.99

Quanvolutional Neural network(QNN) 0.92 0.98

Table 5.1: Test Accuracy of Classial And Quantum Model 1.

5.2 Result Analysis of Model 02

According to our first study of Model 2, we can see from figure [??]that the classical
machine learning model reached the optimal accuracy matrix state before the quantum
machine learning model from the evaluation graph.

For the second study,as per figure [5.3] the hybrid continuous variable quantum neural
network takes longer to get to the ideal loss-reduce state than the conventional neural
network model.

As the we are comparing the first generation quantum machine learning models to the
optimized classical machine learning models it is still quit close to the classical machine
learning and also quantum models takes longer time than classical model as it runs on the
simulator rather than the actual quantum computer, so when we will be able to do these
thing on real quantum computer it will be faster than classical one.

Figure 5.2: Validation Accuracy of CVQNN Model along with a Classical Neural Network.
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Figure 5.3: Validation Loss of CVQNN Model along with a Classical Neural Network

model Test Accuracy Train Accuracy
Classical Neural network 0.88 0.99

Continuous Variable Quantum Neural network(CVQNN) 0.72 0.98

Table 5.2: Test Accuracy of Classical And Quantum Model 2



6
Conclusion

The world is moving towards the making Quantum Computer to ease the complex com-
putation that take years in classical computer. We need to introduce the classical ML
algorithm in quantum and that is what we wanted and have done in this project. For
data processing, classification, and the clustering area, now a days, Machine Learning has
proved to be very effective. Now, it became superior because of its process in many areas.
After that, a new field has emerged named “Quantum Machine Learning” that is the com-
bination of Quantum information Processing and classical machine learning. As most of
our data is classical and converting all classical data to quantum data will be very costly,
there need a bridge between quantum and classical computer and this hybrid model is
exactly what we need.

So, here we introduce a comprehensive review of state-of-the-art advances in Quantum
Machine Learning. Also, we outline some recent works on different models of the quantum
machine learning, and interprets classification tasks in the realm of Quantum with several
encoding methods.
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Appendix

A block of sample python codes are given below.

1 # Initialize a Quantum circuit in PannyLane

2 dev = qml.device("default.qubit", wires=4)

3 # Random circuit parameters

4 rand_params = np.random.uniform(high=2 * np.pi, size=(n_layers, 4))

5

6 @qml.qnode(dev)

7 def circuit(phi):

8 # Encoding of 4 classical input values

9 for j in range(4):

10 qml.RY(np.pi * phi[j], wires=j)

11

12 # Random quantum circuit

13 RandomLayers(rand_params, wires=list(range(4)))

14

15 # Measurement producing 4 classical output values

16 return [qml.expval(qml.PauliZ(j)) for j in range(4)]

47
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1 # Data encoding program for CVQNN (Model 02) model

2 def data_encoding(x):

3 qml.Squeezing(x[3], x[4], wires=0)

4 qml.Squeezing(x[9], x[10], wires=1)

5

6 qml.Beamsplitter(x[5], x[6], wires=[0,1])

7

8 qml.Rotation(x[7], wires=0)

9 qml.Rotation(x[8], wires=1)

10

11 qml.Displacement(x[1], x[2], wires=0)

12 qml.Displacement(x[11], x[12], wires=1)

13

14 qml.Kerr(x[0], wires=0)

15 qml.Kerr(x[13], wires=1)
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1 # CVQNN (Model 02) model circuit

2 def qnn_layer(v):

3 # Interferometer 1

4 qml.Beamsplitter(v[0], v[1], wires=[0,1])

5 qml.Rotation(v[2], wires=0)

6 qml.Rotation(v[3], wires=1)

7

8 # Squeezers

9 qml.Squeezing(v[4], 0.0, wires=0)

10 qml.Squeezing(v[5], 0.0, wires=1)

11

12 # Interferometer 2

13 qml.Beamsplitter(v[6], v[7], wires=[0,1])

14 qml.Rotation(v[8], wires=0)

15 qml.Rotation(v[9], wires=1)

16

17 # Bias addition

18 qml.Displacement(v[10], 0.0, wires=0)

19 qml.Displacement(v[11], 0.0, wires=1)

20

21 # Non-linear activation function

22 qml.Kerr(v[12], wires=0)

23 qml.Kerr(v[13], wires=1)
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