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Abstract

This engineering thesis includes the approaches to implementing the
Quantum Neural Networks to classify the Brain tumor on the MRI
Brain Tumor dataset and the classification of digits from the MNIST
database. The different architectures of Quantum Neural Network are
trained on this dataset and compared in terms of prediction

performance.
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Chapter1

Introduction

This thesis aims to create quantum neural networks that perform tasks similar to
those of classical neural networks and simulate their operation on a classical
computer. Since the problems related to quantum computing are not included in
the scope of studies, the thesis attempts to deepen the knowledge about quantum

algorithms and their possible applications in machine learning.

The technical part of the thesis is related to attempts to solve real (non-synthetic)
problems through quantum neural networks (QNN) and their comparison with
classical equivalents, i.e., neural networks (NN). The whole implementation of the
system simulating the operation and comparison of the QNN with classic NN and
comparison of different QNN models, on the example of the data image
recognition(classification) tasks, is prepared using the Python programming
language. The code utilizes machine learning libraries dedicated to neural and

quantum neural computing, Pytorch and Qiskit, respectively.

The work is organized as follows. A description of neural networks as a part of
classical machine learning is provided in Chapter 2. Next, the adopted approach to
extending classical algorithms into their quantum counterparts is introduced. This
topic makes Chapter 3. Chapters 4 and 5 describe experimental frameworks on two
different datasets for image recognition. These chapters also include the results of the
conducted experiments, providing a quantitative comparison of different quantum

neural networks. Chapter 6 concludes the thesis.
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Chapter 2

Classical neural networks

2.1 Concept of neural network

The human brain’s cognitive part comprises 86.06 *+ 8.12 billion cells called neurons

[4]. The total number of synapses is estimated to be 10" [16]. The division of both
numbers gives us the average number of single-neuron connections with other neurons
scattered around the brain, roughly 10 thousand. The structure of a single neuron
includes the body and parts called dendrites and an axon. The many aforementioned
connections are possible because the dendrites and the axon are highly branched. The
task of a neuron is to receive electric signals from other neurons and, after processing,
send one signal to the latter neurons. The neural cell receives signals through

dendrites. Dendrites are connected with other neurons, and these connections called

synapses are dynamically formed or reduced during one’s lifetime. The strength and
maintenance of such a connection depend on its utilization. The more it is used, the
more critical it becomes. Signals coming from the dendrites merge in the cell body. If
the total number of signals, weighted by their connection strengths, received by the
body exceeds the required activation threshold, the neuron propagates a new signal

along its axon to other neurons’ dendrites [7].

The first mathematical description of a biological neuron appeared in 1943 [17], and
since then, many considerations related to the possible solution of machine learning

problems came out. For this thesis, the mathematical model of a neuron shown in the
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Figure will be considered. The artificial neuron takes inputs x,, x,, ..., x,,, where n is the
number of input neurons. Inputs x;, i = 1, 2, ..., n coming from other neurons are

multiplied by respective weights w,. Weighted inputs are aggregated in the neuron

according to the following equation

z = Zwix.ﬂrb, (2.1)
i=1

where b is a bias term introduced inside the neuron, its value is equivalent to the
mentioned activation threshold in biological neurons. The output of the neuron y is

created by passing 2.1 to activation function F, as in
y=F(z)

and can be transmitted to other neurons.

1
Il%—_

1
xz%ﬁ

w,
I‘J’.’, Il

Fig:2.1 Schematic model of an artificial neuron

Let us denote the input vector as X defined in the following way. If we combine k neurons

into a layer with » inputs, as in Figure 2.2, we can see that the number of
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weights equal k& % n. Hence, let us denote the weight matrix as W, which has the following

form
Wyp Wy o Wy o0 Wy
Woyp Wag *++ Wy *++ Uhy
W= .
Wig Wiz v Wi v Win
Wg1 Wgo -+ Wgi =+ Wgn

The bias term has now the form of matrix B of size k x 1:

T

The output of such layer has the form of the matrix ¥ of size k % 1:

T
Y:[yl y.2 ryj yk] ,

given by the equation

Y = F(WX + B),

26)

(2.7)

13



Where activation function F is applied element-wise to the resulting matrix.

n

Yk

Figure 2.2: Schematic model of artificial neural layer

The layers can be combined by feeding Y, of the layer 1 (/=1, - - -, L) to the following

layer /+ 1, as in

Y, = Fz+1("Vl+1Yl +B,,), (2.8)

with activation functions F, possibly different for each layer, forming a neural network.
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2.2 Concept of Convolutional Neural Network

Convolutional Neural Networks are very similar to ordinary Neural Networks from the
previous topic 2.1; they are made up of neurons with learnable weights and biases. Each
neuron receives inputs, performs a dot product, and optionally follows it with a
non-linearity. The whole network still expresses a single differentiable score function from
the raw image pixels on one end to class scores at the other. And they still have a loss
function like SVM and Softmax on the last fully-connected layer, and all the methods we

developed for learning regular Neural Networks still apply.

Convolutional Neural Network architectures assume that the inputs are images, allowing us
to encode certain properties into the architecture. These then make the forward function
more efficient to implement and vastly reduce the number of parameters in the network

compared to a Classical Neural Network.

2.1.1 Architecture Overview

As we saw in the previous chapter, Neural Networks receive an input of a single vector and
transform it through a series of hidden layers. Each hidden layer comprises a set of neurons,
where each neuron is fully connected to all neurons in the previous layer, and where
neurons in a single layer function independently and do not share any connections. The last
fully-connected layer is called the “output layer” like softmax, and in classification settings,

it represents the class scores.

Regular Neural Nets don’t scale well to complete images. Let's take the example of

15



CIFAR-10. The image sizes are 32x32x3 (width, height, color channels), so a single
fully-connected neuron in a first hidden layer of a regular Neural Network would have
32%32*3 = 3072 weights. This amount still seems manageable, but clearly, this
fully-connected structure does not scale to larger images. For example, an image of a more
respectable size, e.g., 200x200x3, would lead to neurons with 200*200*3 = 120,000
weights. Moreover, we would almost certainly want to have several such neurons so that the
parameters would add up quickly. So, this full connectivity is wasteful, and the huge

number of parameters would quickly lead to overfitting.

Convolutional Neural Networks take advantage of the fact that the input consists of images
and constrain the architecture more sensibly. In particular, unlike a regular Neural Network,
the layers of a ConvNet have neurons arranged in 3 dimensions: width, height, and depth.
For example, the input images in CIFAR-10 are an input volume of activations, and the
volume has dimensions 32x32x3 (width, height, and depth, respectively). As we will soon
see, the neurons in a layer will only be connected to a small region of the layer before it,
instead of all of the neurons in a fully-connected manner. Moreover, the final output layer
for CIFAR-10 has dimensions 1x1x10, because, by the end of the ConvNet architecture, we
will reduce the full image into a single vector of class scores, arranged along the depth

dimension.

16



put layer

input layer
hidden layer 1 hidden layer 2

Fig:2.3 Fully Connected Neural Network

i [a» [an a» @7
A-I-I-I-I-‘ﬁ'.

OOOOOH)
0/0/0/0/0)! ) fngl Wum—
QOOOOPwidth

Fig:2.4 Convolutional Neural Network

A ConvNet arranges its neurons in three dimensions (width, height, depth), as visualized in
one of the layers. Every layer of a ConvNet transforms the 3D input volume to a 3D output
volume of neuron activations. In this example, the red input layer holds the image, so its

17



width and height would be the image's dimensions, and the depth would be 3 (Red, Green,

and Blue channels).

2.1.2 Layers used to build ConvNets

A simple ConvNet is a sequence of layers, and every layer of a ConvNet transforms one
volume of activations to another through a differentiable function. We use three main layers
to build ConvNet architectures: Convolutional Layer, Pooling Layer, and Fully-Connected

Layer. By stacking these layers to form a full ConvNet architecture.

A simple ConvNet for CIFAR-10 classification could have the architecture [INPUT -
CONV - RELU - POOL - FC].

e INPUT [32x32x3] will hold the raw pixel values of the image, in this case, an
image of width 32, height 32, and with three color channels R, G, and B.

e The CONYV layer will compute the output of neurons connected to local regions in
the input, each computing a dot product between their weights and a small region
connected to the input volume. This might result in volume such as [32x32x12] if
we decided to use 12 filters.

e RELU layer will apply an elementwise activation function, such as the

e max(0,x)

e max(0,x) thresholding at zero. This leaves the size of the volume unchanged
([32x32x12]).

e POOL layer will perform a downsampling operation along the spatial dimensions

(width, height), resulting in volume such as [16x16x12].

18



e FC (i.e., fully-connected) layer will compute the class scores, resulting in a volume
of size [1x1x10], where each of the 10 numbers corresponds to a class score, such
as among the 10 categories of CIFAR-10. As with ordinary Neural Networks, and
as the name implies, each neuron in this layer will be connected to all the numbers

in the previous volume.

In this way, ConvNets transform the original image layer by layer from the original pixel
values to the final class scores. Note that some layers contain parameters, and others don’t.
In particular, the CONV/FC layers perform transformations that are a function of not only
the input volume's activations but also the parameters (the weights and biases of the
neurons). On the other hand, the RELU/POOL layers will implement a fixed function. The
parameters in the CONV/FC layers will be trained with gradient descent so that the class
scores that the ConvNet computes are consistent with the labels in training set for each

1mage.

2.2 Activation functions

The main advantage of neural networks over linear estimators is the automatic
introduction of nonlinearities into the estimated formula. If a linear activation
function or no activation function is used, the output signal is just a linear
combination of inputs [18], i.e., a hyperplane, and such a deep neural network can be

reduced to a linear estimator [7].

To capture more complex relationships between features and create their crosses,
nonlinearities must be introduced. Some of the most commonly used activation

functions, and those used in the thesis, are:
19
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1. linear function

F(z)=az, a € R, (2.9)

2. hyperbolic tangent function
F(z) = tanh (z), (2.10)

3. Rectified Linear Unit (ReLU)

F(z) = max (0, az) = a max (0, z), a > 0,

: e
4.. softmax function 0(2); = =, (2.12)
2i1€%
which yields probabilities o; for each class, where j = 1, 2, ..., k represents consecutive

output neurons, where z is defined in (2.1).

The combination of activation functions among deep and output layers allows for
tackling regression and classification problems, e.g., (2.9) and (2.12) as output layer

activations, respectively.

20
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2.3 Training of Neural Networks

Training the neural network requires, fundamentally, the specification of the objective

function f . The solution to training the neural network is, generally, to find such
decision variables, i.e., weights W, and bias terms B, [ = 1, 2, ..., L, where L is the

number of layers in the network, that minimize f[19]:

argmin f (W, B)). (2.13)

However, the formulation and evaluation of complete objective function f can be
computationally inefficient and sometimes impossible to solve analytically. Thus the

optimization is performed based on a definition of the error (loss) function £:

E(Krue’ Ypred) - R’ (214)

which allows comparison of Y,,, and Y, (true outputs and those predicted by the

model), yielding an error value to be minimized, e.g., root mean square error or

categorical cross-entropy [7].

The update of network weights is performed iteratively for each layer and can be
performed in three ways, with respect to the number of input-output pairs m after which
the update takes place and the total number of input-output pairs n. We can distinguish
batching (when m = n), mini-batching (when m < n) and no batching. The latter means

that parameter update is calculated after considering each input-output pair.
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2.3.1 Backpropagation

One of the approaches to the iterative minimization and parameters update is so-called
backpropagation. In this method, the error calculated with (2.14) is propagated
backward through the consecutive layers of the network.
The update of network parameters can be performed with any type of batching and has
the value of

)

Owyjx

A%Ug:j,k. = -1 (215)

where w;;, is the updated weight for the i-th input value for a k-th neuron in the /-th layer,

and

n 1s a scaling factor called the learning rate. Alternatively, to train the neural network,
a more complex but faster converging acceleration method may be used, in which the
current gradient is used to modify the velocity of the point in weight space instead of
changing its position:

where ¢ represents the current epoch, and « is a decay factor [Rumelhart et al., 1986].
The difference in interpretations between (2.15) and (2.16) is such that (2.15) updates
weights by jumping over specific values. In contrast, (2.16) updates them by
introducing inertia in the weight space, hence, the possibility of overcoming saddle

points and avoiding getting stuck in local minima during the optimization process.
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2.3.1 The Adam algorithm

The learning algorithm used in this thesis is the Adam algorithm, the stochastic gradient
descent algorithm that adaptively estimates the first and second moments of gradients to
determine the direction of update [13]. One should point out the similarity to the
backpropagation with acceleration by (2.16), in that both methods change the step
dynamically, depending on a local gradient. Equation (2.16) uses inertia to keep the point
moving by changing its movement trajectory, while (2.17) uses local gradient statistics to

choose the direction of the next jump.

The following formula gives the update of parameters Aw:

Awjr = —N—F—, (2.17)

where + € N is the number of current learning epochs (¢ = 0 for initial epoch), # is

the learning rate (step size), E i1s a small numerical stabilization constant, m",

and V", are bias-corrected first and second raw moment estimates:
1— Bt

-~

my

(2.18)

Uy

— t?
1 — 2

-~

Ut

(2.19)

where S, 5, € [0, 1) are the exponential decay rates for moment estimates, m, and v,
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are biased first and second raw moment estimates, respectively:

m=p - mot(1=f) - g (2.20)
vw=F v t(1=p) - & ' (2.21)
and g, is gradient of stochastic objective function f, in epoch 7, given by

g = Vi filwo). (2.22)
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Chapter 3

Quantum Neural Networks

3.1 Quantum computing

The basic idea of quantum is fundamentally different from the operating principles of
what will be called classical computers. Quantum algorithms consist of a series of
operations performed on a quantum analogy of bits based on quantum mechanics
principles. Quantum computers are not standalone devices since they must be

controlled by a classical computer [20].

3.1.1 The qubit

The general called classical computing is based on the concept of a bit. The bit can be
in one of two states denoted as 0 and 1, and the technical implementation is nowadays
realized in the form of transistors. A quantum bit, or shortly qubit, is a quantum
analogy of a classical bit, with such difference that qubit can be |0), |1) or in both of
|0) and |1) at the same time, with non-zero probabilities for measuring either of the
states. The mathematical representation of a qubit in the state |y), is a linear

combination of states |0) and |1), namely, the superposition of those states:
ly) =a|0) + (1), (3.1)

where o, B € C and |af> + |B|> = 1. Values |a|* and |B|* represent the probabilities of
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measuring states [0) and |1), respectively. Numbers |a| and |B| are complex numbers,and

(3.1) can be rewritten in a polar form:

) = cos z 0} + €' sin g 1), (3.2)

where 6, ¢ € R. Thus, the state can be interpreted as a point on a complex sphere with

radius 1, called the Bloch sphere, shown in Figure 3.1.[20].

Fig:3.1 Bloch Sphere Representation Of Qubit

The technical aspects of physical implementations of qubits are very sophisticated,
while new realizations are still being developed. The common aspect of all the methods
is that single particles carry the quantum representation of information. The qubit can be
physically realized by, e.g., electron spin [21], electron charge [10], [22], photon
polarization [23], [24], nuclear spin [25], using Joseph- son junction effects [12], or

using van der Waals heterostructure effects [26].

Unfortunately, all current physical implementations are subjected to noise and

measurement errors. It is worth mentioning, however, that the Noisy Intermediate-Scale
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Quantum technology, as defined in [27], has already emerged with the Sycamore

processor that uses 54 interconnected qubits [2]. The ‘noisy’ in the term means the lack
of qubits available to be dedicated to error correction in algorithms, and
‘intermediate-scale’ for that the number of used qubits (specified as 50) will be high
enough to be impossible to simulate on classical computers, but not high enough to

provide the universal operation of a quantum computer.

3.1.2 Quantum Circuits

The quantum computations are based on the evolution of a quantum circuit, where the
quantum gate operations, modifying the qubits’ physical states with, e.g., electric
voltage [28], are applied sequentially, as programmed by the scientist. After
completing the program, the chosen qubits are observed (measured). At this moment,
nature chooses one of all existing evolutions, and thus a single, determined state can
be observed. The experiment is repeated many times to gather statistically significant

data.

_H_

Figure 3.2: The Hadamard gate

X
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applied to the qubit to change its state can be interpreted as rotations on the Bloch
sphere and represented using their corresponding rotation matrix. A notable example
of a single qubit quantum gate is the Hadamard gate, represented by symbol H and
described by the Hadamard matrix

1 1

1
H=— ,
V2 |1 -1

(3.3)

and its quantum circuit representation is shown in Figure 3.2. It can be interpreted as
rotation by z radians about the axis defined by the vector [1, 0, 1]. Another important
example is the 2-qubit Controlled NOT (CNOT ) gate, shown in Figure 3.3 and

represented by a matrix

(1 0 0 0
0100
CNOT = | (3.4)
000 1
0010

It allows control of the z-axis flip of a qubit, depending on the state of the control qubit.

If the control qubit is in the superposition, introduced by, e.g., (3.3), as in Figure 3.4, the
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two qubits become entangled since the measurement of one of them immediately

determines the state of the other. Hence, both qubits are in one of the so-called Bell

states, or EPR states:

a— H

|Bargn)

12 N

Figure 3.4: Quantum circuit creating the Bell states

The generalization of the CNOT gate is the parametrized Power CNOT gate, defined as

CNOT(z) =
(=) 0 0 gc —igs

where ¢ = cos( ,z), s = sin( ,z), g =c 4B [29].

The other gate used in the thesis is the R, rotation gate, allowing rotation of qubit state

about the x axis, by the value 6, as in:

g - 0
iy cos?2 —isin?
R:,;(Q) _ o i0X/2 _ | -29 , 2 , (310)
—1 S1n 5 COS 2

where X is the X Pauli matrix that represents the quantum NOT (Pauli X) gate [20]:
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X = . (3.11)

I 0

3.2 Quantum Deep Learning

The author in [27] postulates that the advantage of quantum deep learning over

classical deep learning may be coming from quantum implementations of linear

algebra-related tasks. The quantum state of n qubits is a vector in 2" dimensional

complex vector space, i.e., it can store 2" bits of classical information. The quantum

algorithms related to linear algebra give exponential speed up, as stated in [5].

Another possible advantage of quantum computing over classical computing in deep

learning or other machine learning tasks may be the concept of Quantum Random

Access Memory (QRAM), where data of size n may be stored using log n qubits.

Unfortunately, there is a non-negligible drawback of quantum computing, which is
the fact that the classical data needs to be at first encoded in a quantum way, which is

a time-consuming process and may nullify the advantage. [27]

This thesis, however, does not focus on quantum algorithms that can speed up the
data handling but rather on quantum circuits themselves, as possible trainable deep
neural network layers and their applicability in solving the real classical data

problems.

3.3 Hybrid quantum-classical neural networks
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The recent release of TensorFlow Quantum (TFQ) [6], Pytorch, and Qiskit bring new
opportunities to experiment with quantum machine learning algorithms by allowing easy
prototyping of quantum neural networks. Well set position of classical TensorFlow (TF)
encourages the use of the new library and allows the use of all the capabilities of its
classical version to easily combine quantum neural network layers with classical ones with

the help of high-level Keras API [8]. For simulation on a classical computer, the TFQ uses
gsim simulator [30] and Cirg library to build quantum layers [29], but the library is

prepared to change the target device to a Quantum Processing Unit easily.

This thesis is based on the approach proposed by Tensorflow, Pytorch and Qiskit, which
combines classical layers and parameterized quantum circuits to create hybrid

quantum-classical models. A general mathematical description of a quantum neural

network proposed in this article is given in the form

U(9) = [ viti(ey, (3.12)

where [ is the layer index, L is the number of layers, V'lis a non-parametric unitary

(circuit), U1(0)) is unitary with variational parameters (parametrized circuit), and 0 is a

vector of parameters.

The loss function of the quantum neural network is, contrary to (2.14), often defined as

an expectation value of a cost Hamiltonian

f(0) = (I:De = (¢o|ﬁT(9)ﬁﬁ(9)|¢n>a (3.13)
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where |y), is the input state of the parametrized circuit, since the quantum circuit
requires sampling, getting an estimate of the expectation value h6 within the accuracy E

requires ~ O(+) measurements of all observables [6].

To train the network defined in (3.12), using cost function (3.13), the parameter shift has

a general form of

0
Oy j k

fn) = fn+ T Aux) — f(n — 7A0), (3.14)

where A, is a vector representing unit-norm perturbation of the variable 7,;, in the

positive direction. The procedure is, however, computationally costly; hence, the

gradient descent is performed stochastic [6].
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Chapter 4

Brain Tumor MRI Dataset

One of the problems solved in this thesis is the classification of Brain Tumor MRI
Dataset, and the goal of this chapter is to show that we can use a quantum neural
network to classify Brain Tumor and also tried different architectures of Quantum

Neural networks on Brain MRI Tumor dataset

4.1 About the dataset

A Brain tumor is considered one of the most aggressive diseases among children and adults.
Brain tumors account for 85 to 90 percent of all primary Central Nervous System(CNS)
tumors. Every year, around 11,700 people are diagnosed with a brain tumor. The 5-year
survival rate for people with a cancerous brain or CNS tumor is approximately 34 percent
for men and 36 percent for women. Brain Tumors are classified as benign, Malignant
Tumors, pituitary tumors, etc. Proper treatment, planning, and accurate diagnostics should
be implemented to improve the life expectancy of the patients. The best technique to detect
brain tumors is Magnetic Resonance Imaging (MRI). A huge amount of image data is
generated through the scans. The radiologist examines these images. A manual examination

can be error-prone due to the complexities involved in brain tumors and their properties.

Brain tumors are abnormal cell aggregations that grow inside the brain tissues. Brain tumors
can be divided into benign tumors and malignant tumors. Brain benign tumors can be cured

by surgery, while malignant brain tumors are one of the most deadly types of cancer and can
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lead directly to death [31]. Brain tumors can also be divided into primary tumors formed in
the brain or derived from the brain nerves and metastatic brain tumors metastasized from
other body parts to the brain. The most common primary brain tumors in adults are primary
central nervous system lymphoma and gliomas, of which gliomas originate from the
periglacial tissue and account for more than 80% of malignant brain tumors. Different
symptoms appear with different lesion areas, such as headache, vomiting, visual decline,
epilepsy, and confusion. A more detailed classification divides brain tumors into four
grades. The higher the grade, the more malignant the brain tumor is. According to the
Global cancer statistics 2020 [32], there are about 308,000 new cases of brain cancers in
2020, accounting for about 1.6% of all new cases of cancers, and about 251,000 deaths from

brain cancers, accounting for about 2.5% of all cancer deaths.

Early detection is essential for effectively treating brain tumors [33]. With the development
of medical imaging, imaging techniques play an important role in brain tumor diagnosis and
treatment evaluation and can provide doctors with a clear human brain structure. These
imaging techniques can provide information on brain tumors' shape, size, and location,
assisting doctors in making an accurate diagnosis and developing a treatment plan.
Magnetic resonance (MR) imaging is one of neurology's most commonly used scanning
methods. MR i1maging uses radiofrequency signals to excite the target tissue under a
powerful magnetic field to produce an image of its interior. It has the advantages of high
soft-tissue contrast and zeroes ionizing radiation exposure. Therefore, MR imaging is more

suitable for detecting brain lesions [34].

Brain Tumors are complex. There are many abnormalities in the size and location of the
brain tumor(s). This makes it difficult to understand the nature of the tumor thoroughly.

Also, a professional Neurosurgeon is required for MRI analysis. In developing countries,
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the lack of skillful doctors and knowledge about tumors often makes it challenging and
time-consuming to generate MRI reports. So an automated system in Cloud can solve this

problem.

There are three different architectures we will construct in this chapter

4.2 Quantum Convolutional Neural Network

4.2.1 Classical convolution

As we have seen in the previous chapter, a convolutional neural network (CNN) is a standard
model in classical machine learning which is particularly suitable for processing images. The
model is based on the idea of a convolution layer where a local convolution is applied

instead of processing the full input data with a global function.

Small local regions are sequentially processed with the same kernel if the input is an image.
The results for each region are usually associated with different channels of a single output
pixel. The union of all the output pixels produces a new image-like object, which additional

layers can further process.

4.2.2 Quantum convolution

We can extend the same idea also to the context of quantum variational circuits. Below is the
possible methodology, which is very similar to the one used in [35]. The scheme is also

represented in figure 4.1 given below.

1. A small region of the input images( in our example, a 2x2 square) is embedded into a
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quantum circuit. The architecture below achieves this with parameterized rotations to
the qubits initialized in the ground state.

. A quantum computation associated with a unitary U is performed on the system. The
unitary could be generated by a variational quantum circuit, as discussed in [35].

. The quantum system is finally measured, and a list of classical expectation values is
obtained. The measurement results could also be classically post-processed, as
discussed in [35]. In our implementation, we have used raw expectation value.

. Like a classical convolution layer, each expectation value is mapped to a different
channel of a single output pixel.

. Iterating the same procedure over different regions and to different channels, it scans
the full input image and produces an output object which will be structured as a
multichannel image.

. The quantum convolution can be followed by further quantum layers or by classical
layers. In our case, we have taken the classical layer to classify into different classes
. Since the input Brain MRI tumor dataset has three channels, the output after
convolution will have 12 channels because every pixel outputs three pixels after

convolution.

. The main difference concerning a classical convolution is that a quantum circuit can
generate highly complex kernels whose computation could be, at least in principle,

classically intractable.
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4.3 Quantum Convolutional Neural Network Architecture

Model: "sequential 6"

Layer (type) Output Shape Param #
flatten 6 (Flatten) (None, 150528) 0
dense_6 (Dense) (None, 4) 602116

Total params: 602,116
Trainable params: 602,116
Non-trainable params: 0
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Fig-4.1 Quantum Convolution Neural Network Architecture

37



4.4 Methodology

4.4.1 Quantum Circuit as a Convolution Kernel

We have followed the method described in the introduction and represented in the figure
above. We simulated a system of 4 qubits. The associated qnode represents the quantum

circuit consisting of:

1. an embedding layer of local Ry rotations (with angles scaled by a factor of n);
2. Arandom circuit of n_layers;

3. A final measurement in the computational basis and estimating 4 expectation values.

4.4.2 Convolution Method:

1. The input image is divided into squares of 2x2 pixels.

2. The quantum circuit processes each square.

3. The four expectation values are mapped into 4 different channels of a single output
pixel.

4. The above process halves the resolution of the input image. In terms of a
Convolutional Neural Network, it corresponds to a convolution with a 2x2 kernel and
a stride equal to 2

5. Since we are not going to train the quantum convolutional layer, So that's why it is
efficient to make it a pre-processing layer for all the images of our dataset. After that
entirely classical model will be directly trained and tested on the pre-processed
dataset. It will help to avoid repetitions of quantum computations.

6. After applying the quantum convolution layer, we feed the resulting features into a
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classical neural network that will be trained to classify the Brain MRI Tumor input
image into four classes, glioma tumour, meningoma tumour, no tumour, and
pituitary tumour.

7. In the final Layer (Fig-4.1), we used a fully connected layer with 4 output nodes with
a final softmax activation function.

8. The model is compiled with a stochastic-gradient-descent optimizer and a

cross-entropy loss function.
Dense Layer

It is nothing but a classical, fully connected layer with 4 neurons because we are classifying
the Brain MRI Tumor dataset into four classes, namely glioma_tumour,

meningoma_tumour, no_tumour, and pituitary tumour
4.5 Output of Quantum Convolutional Neural Network

Below each input image fig-4.2, the 12 output channels generated by the quantum
convolution are visualized in grayscale. One can notice the downsampling of the resolution
and some local distortion introduced by the quantum kernel. On the other hand, the global

shape of the image is preserved, as expected, for a convolution layer.

This is the 12-channel output after Quantum Convolution Operation

Input




Channel 1 output

Channel 2 output

Channel 3 output

Channel 4 output
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Channel 5 output

Channel 6 output

Channel 7 output
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Channel 8 output

Channel 9 output

Channel 10 output
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Channel 11 output

Channel 12 output

Fig:4.2: 12 channels output after Quantum Convolution Operation
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Training of Quantum Convolution Neural Network Architecture
We have trained the classical neural network for 15 epochs and cross-entropy as a loss function,
and after training, we have achieved a training accuracy of 96% and testing accuracy of 63.3%,

as shown in figure 4.3

Epoch 1/15

13/13 - 1s - loss: 65.0645 - accuracy: 0.1600 - val loss: 61.9764 - val accuracy: 0.2667 - 556ms/epoch - 43ms/step
Epoch 2/15

13/13 - 0s - loss: 26.2617 - accuracy: 0.4800 - val loss: 15.5157 - val accuracy: 0.3333 - ld42ms/epoch - llms/step
Epoch 3/15

13/13 - 0s - loss: 13.9558 - accuracy: 0.6000 - val loss: 13.5931 - val accuracy: 0.4000 - 147ms/epoch - llms/step
Epoch 4/15

13/13 - 0s - loss: 4.5821 - accuracy: 0.7600 - val loss: 11,3038 - val accuracy: 0.4667 - 133ms/epoch - 10ms/step
Epoch 5/15

13/13 - 0s - loss: 2.2233 - accuracy: 0.8800 - val loss: 6.8469 - val accuracy: 0.6000 - 175ms/epoch - 13ms/step
Epoch 6/15

13/13 - 0s - loss: 4.2169 - accuracy: 0.7800 - val loss: 5.3257 - val accuracy: 0.6333 - 133ms/epoch - 10ms/step
Epoch 7/15

13/13 - 0s - loss: 3.9355 - accuracy: 0.8200 - val loss: 8.6820 - val accuracy: 0.6000 - 131ms/epoch - 10ms/step
Epoch 8/15

13/13 - 0s - loss: 9.8512 - accuracy: 0.7400 - val loss: 47.4195 - val accuracy: 0.2667 - 188ms/epoch - l4ms/step
Epoch 9/15

13/13 - 0s - loss: 5.9041 - accuracy: 0.6800 - val loss: 8.3452 - val accuracy: 0.6000 - 141ms/epoch - llms/step
Epoch 10/15
13/13 - 0s - loss: 2.6108 - accuracy: 0.9200 - val loss: 5.8693 - val accuracy: 0.7333 - 1l44ms/epoch - llms/step
Epoch 11/15
13/13 - 0s - loss: 1.0606 - accuracy: 0.9400 - val loss: 24.8125 - val accuracy: 0.4333 - 142ms/epoch - 1lms/step
Epoch 12/15
13/13 - 0s - loss: 2.7018 - accuracy: 0.9200 - val loss: 26.6381 - val accuracy: 0.5333 - 140ms/epoch - 1lms/step
Epoch 13/15
13/13 - 0s - loss: 4.9861 - accuracy: 0.8200 - val loss: 13.8559 - val accuracy: 0.6667 - 179ms/epoch - l4ms/step
Epoch 14/15
13/13 - 0s - loss: 0.7353 - accuracy: 0.9600 - val loss: 22.6719 - val accuracy: 0.4667 - 180ms/epoch - l4ms/step
Epoch 15/15
13/13 - 0s - loss: 2.1443 - accuracy: 0.8800 - val loss: 6.1749 - val accuracy: 0.6333 - 143ms/epoch - llms/step

Fig 4.3 Training of Quantum Convolution Neural Network Architecture



To compare the results achievable with and without the quantum convolution layer, we also
initialize a “classical” instance of the model that will be directly trained and validated with

the raw Brain MRI Tumor Dataset images (i.e., without quantum pre-processing).
Classical Neural Network Model Architecture

We have built a simple classification model with 4 neurons as output and Softmax as an

activation function, as shown in fig-4.4

Model: "sequential 7"

Layer (type) Output Shape Param #
flatten 7 (Flatten) (None, 150528) 0
dense 7 (Dense) (None, 4) 602116

Total params: 602,116
Trainable params: 602,116
Non-trainable params: 0

Fig:4.4
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Classical Neural Network Model Training

We have trained the classical neural network for 15 epochs and cross-entropy as a loss

function, and after training, we have achieved a training accuracy of 96% and testing

accuracy of 56%, as shown in figure 4.5

Epoch 1/15

13/13 - 1s - loss:

Epoch 2/15

13/13 - 0s - loss:

Epoch 3/15

13/13 - 0s - loss:

Epoch 4/15

13/13 - 0s - loss:

Epoch 5/15

13/13 - 0s - loss:

Epoch 6/15

13/13 - 0s - loss:

Epoch 7/15

13/13 - 0s - loss:

Epoch 8/15

13/13 - 0s - loss:

Epoch 9/15

13/13 - 0s - loss:

Epoch 10/15

13/13 - 0s - loss:

Epoch 11/15

13/13 - 0s - loss:

Epoch 12/15

13/13 - 0s - loss:

Epoch 13/15

13/13 - 0s - loss:

Epoch 14/15
13/13 - 0s - loss

13/13 - 0s - loss

18.6996 - accuracy: 0.2800 - val loss: 11.9263 - val accuracy: 0.2667 - 586ms/epoch - 45ms/step
8.0351 - accuracy: 0.5800 - val loss: 11.0381 - val accuracy: 0.3000 - 130ms/epoch - 10ms/step
7.2531 - accuracy: 0.5600 - val loss: 7.8073 - val accuracy: 0.3667 - 129ms/epoch - 10ms/step
2.2402 - accuracy: 0.7600 - val loss: 8.6712 - val accuracy: 0.5667 - 149ms/epoch - 1lms/step

2.0267 - accuracy: 0.8000 - val loss: 13.4618 - val accuracy: 0.2333 - 133ms/epoch - 10ms/step

1.2580 - accuracy: 0.8000 - val loss: 6.0682 - val accuracy: 0.6333 - 127ms/epoch - 10ms/step

0.8073 - accuracy: 0.9000 - val loss: 6.3492 - val accuracy: 0.4333 - 125ms/epoch - 10ms/step

0.3128 - accuracy: 0.9600 - val loss: 8,2024 - val accuracy: 0.4333 - 135ms/epoch - 10ms/step

0.2515 - accuracy: 0.9400 - val loss: 5.2641 - val accuracy: 0.5333 - 127ms/epoch - 10ms/step

0.1540 - accuracy: 0.9600 - val loss: 7.7288 - val accuracy: 0.4667 - 139ms/epoch - 1llms/step

0.2675 - accuracy: 0.9600 - val loss: 11.4246 - val accuracy: 0.4667 - 151ms/epoch - 12ms/step
0.4383 - accuracy: 0.9200 - val loss: 6.9473 - val accuracy: 0.5000 - 139ms/epoch - 1llms/step
0.0384 - accuracy: 0.9800 - val loss: 5.7850 - val accuracy: 0.5667 - 176ms/epoch - l4ms/step

: 7.4469e-05 - accuracy: 1.0000 - val loss: 6.5650 - val accuracy: 0.5667 - 136ms/epoch - 10ms/step

: 7.4143e-04 - accuracy: 1.0000 - val loss: 6.8242 - val accuracy: 0.5667 - 126ms/epoch - 10ms/step

Figure 4.5 Classical Neural Network Model Training
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We have finally plotted the test accuracy and the test loss with respect to the number of
training epochs for Architecture with Quantum Layer and Without Quantum Layer. With
Quantum Layer, we have achieved the testing accuracy of 66%, and without a quantum

layer, we have achieved the accuracy of 56%, as shown in figure 4.6

10
—a— With gquantum layer
—&— Without quantum layesr
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a6

Accuracy
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az
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—&— With quantum layer
—&— Without quantum layesr

Fig:4.6: Plot of Accuracy with respect to epoch and loss with respect to the epochWith

quantum and without a quantum layer
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4.6 Hybrid Quantum Convolutional Neural Network

Neurons and Weights

As we have seen in the previous chapter, a neural network is ultimately just an elaborate
function built by composing smaller building blocks called neurons. A neuron is typically
an easy-to-compute nonlinear function that maps one or more inputs to an output which is
nothing but a single real number. The single output of a neuron becomes an input into other
neurons. Graphically, neurons are represented as nodes in a graph, and directed edges are
used between nodes to indicate how the output of one neuron will become input to other
neurons. Each edge in the Neural Network graph is often associated with a scalar value
called a weight. Each input to a neuron will be multiplied by a scalar before being collected
and processed into a single value. The objective when training a neural network consists

primarily of choosing our weights such that the network behaves in a particular way.

Feed Forward Neural Networks(FFNN)

Feed Forward Neural Networks means that as data flows through our neural network, it will
never return to a neuron it has already visited. Equivalently, we can say that the graph

described by a neural network is a directed acyclic graph.
1O Structure of Layers

The input to a neural network is a real-valued vector. Each input vector component is
multiplied by a different weight and fed into a layer of neurons. After each neuron in the
layer has been evaluated, the results are collected into a new vector where the i1'th
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component records the output of the i'th neuron. This new vector can then be treated as an
mnput for a new layer, and so on. We will use the term as a hidden layer to describe all

except our network's first and last layers.

Backpropagation in Hybrid Quantum Neural Network
As we have seen Backpropagation in classical ML similarly, we can view a quantum circuit
as a black box, and the gradient of this black box concerning its parameters can be

calculated as follows:

V@ Quantum Circuit (0) =0 Quantum Circuit (0 + s) il Quantum Circuit (0 — s)

where 0 represents the parameters of the quantum circuit and s is a macroscopic shift.

The gradient is then simply the difference between our quantum circuit evaluated at
O+sand 6-s

Thus, we can systematically differentiate our quantum circuit as part of a more extensive
backpropagation routine. This closed-form rule for calculating the gradient of quantum

circuit parameters is known as the parameter shift rule.

There are two different architectures we will construct in this chapter. Figures 4.8 illustrate
the first architecture we will construct in this chapter. Ultimately, we will create a hybrid
quantum-classical neural network that seeks to classify the Brain Tumor MRI Dataset. Note

that the edges in this image are all directed downward; however, the directionality is not
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visually indicated.

In this architecture, we focused on the binary classification of Brain MRI tumor Datasets to

no_tumor and glioma_tumour.

Classical node
(E.g. Pytorch
neural network)

\/

Quantum node
(Qiskit circuit with
trainable parameters;
VQE, QAOQA etc.)

Pytorch Optimisation

(Computes gradient of Output > compute loss > optimise/update parameters
loss function w.r.t.

parameters)

Fig 4.7 Hybrid Quantum Convolution Neural Network
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4.7 First Architecture

Net (
(convl): Conv2d(1l, 10, kernel size=(5, 5), stride=(1l, 1))
(conv2): Conv2d(10, 20, kernel size=(5, 5), stride=(1, 1))
(conv2_drop): Dropout2d(p=0.5, inplace=False)

(fcl): Linear(in_ features=320, out_ features=50, bias=True)
(fc2): Linear(in_features=50, out features=1, bias=True)
(gcsim): Linear(in_ features=1, out features=1, bias=True)

Figure:4.8 First Architecture

In the first experimentation, in place of a Classical neural network, we used Convolutional
Neural Network and in the final layer, we used a quantum layer where Figure 4.8 is the
architecture we used for training. We have used two convolution layers with filter size 5 *5
and a stride of one; after that, one dropout layer is used with a p-value of 0.5. And finally,
two fully connected layers we have used, and after that quantum, the layer is used where we

have taken 1 qubit with a single Ry architecture.
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Training of Hybrid Quantum Neural Network(First Architecture)

We have trained this above model for 10 epochs with binary cross-entropy loss function and

reached the loss of 1.2056 after 10 epochs of iteration, as shown in Figure 4.9

Figure:4.9- Training of Hybrid Neural Network First Architecture

Training
Training
Training
Training
Training
Training
Training
Training
Training
Training

[10%]
[20%]
[30%]
[40%]
[50%]
[60%]
[70%]
[80%]
[90%]

Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
[100%] Loss:

132357
1.2224
1.2170
1.2137
1.2105
1.2072
1.2062
1.2070
1.2057
1.2056

We have plotted the cross-entropy loss concerning the number of training iterations, as

shown in Fig 4.10

1235

1230

Cross Entropy Loss

= = [
) ) [
= [ [
LA =] LA

1210 A

1205

Hybrid MM Training Convergence for 1-qubit

a

&

Taining lterations

Fig 4.10: Plot of Cross entropy loss function concerning the number of training

iterations
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Result

Using this architecture to classify the Brain MRI Tumor dataset into no tumour and
glioma tumour, we have achieved the testing accuracy of 54.63% as shown in the figure

below.

Accuracy is a metric that generally describes how the model performs across all classes. It
is useful when all classes are of equal importance. It is calculated as the ratio between the
number of correct predictions to the total number of predictions we have implemented in

code, which is shown in Figure 4.11.

T'ruepgsirive T Truenegative

Accuracy =
Truepgsitive T Tr€pegarive + Fﬂ!fepusiﬁm + Fﬂ!senegnzme

"] print("Performance on test data is : {}/{} = {}%".format(accuracy,number,100*accuracy/number))

Performance on test data is : 112/205 = 54.63414634146341%

Fig:4.11 Performance on the test data
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Output

We have tested the model with some test data and predicted its corresponding classes, and

also put its actual classes on top of every image, and represented in figure 4.12

Predicted 0, target 0

Predicted 0, target 0

Predicted 1, target 0

Predicted 1, target 1

Predicted 0, target 1

Predicted 1, target 1

Predicted 0, target 0

Predicted 0, target 1

Predicted 1, target 1

Predicted 0, target 0

Predlcted 1, target 0

Predicted 1, target 1

Predicted 0, target 1

Predicted 0, target 0

Predicted 0, target 0

Predicted 0, target 1

Predicted 0 ta rget 1

Predicted 0, target 0

Predicted 1, target 1

Predicted 1, target 0

Predlcted 1 target 0

Predicted 0, target 1

Predicted 0, target 0

Predicted 1, target 1

Fig 4.12: Visualization of prediction on test data

Predicted 1, target 0

Predicted 1, target 1

Predicted 0, target 0

Predicted 1, target 1

Predicted O. target 1

Predicted 1, target 0

Predicted 0, target 0

Predicted 1, target 1

Pred ictedo. ta rget 1

Predicted 1, target 0

o
Predicted 1, target 1

Predicted 1, target 0

Predicted 1, target 1

Predicted 0, target 1
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4.7.1 First Architecture(Resnet as a Convolution Neural Network)

In place of a normal convolution neural network, Resnet 18 is used, and the final layer is a
quantum layer, as shown in Fig 4.13.

ResNet (
(convl): Conv2d(3, 64, kernel size=(7, 7), stride=(2, 2), padding=(3, 3), bias=False)
(bnl): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(maxpool): MaxPool2d(kernel size=3, stride=2, padding=1, dilation=1, ceil mode=False)
(layerl): Sequential(
(0): BasicBlock(
(convl): Conv2d(64, 64, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1), bias=False)
(bnl): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bn2): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)
)
(1): BasicBlock(
(convl): Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bnl): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bn2): BatchNorm2d(64, eps=1le-05, momentum=0.1, affine=True, track running stats=True)

)

(layer2): Sequential(
(0): BasicBlock(
(convl): Conv2d(64, 128, kernel size=(3, 3), stride=(2, 2), padding=(1l, 1), bias=False)
(bnl): BatchNorm2d(128, eps=le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(128, 128, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1), bias=False)
(bn2): BatchNorm2d(128, eps=le-05, momentum=0.1, affine=True, track running stats=True)
(downsample): Sequential(
(0): Conv2d(64, 128, kernel size=(1l, 1), stride=(2, 2), bias=False)
(1): BatchNorm2d(128, eps=1le-05, momentum=0.1, affine=True, track running stats=True)
)
)
(1l): BasicBlock(
(convl): Conv2d(128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1), bias=False)
(bnl): BatchNorm2d(128, eps=le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bn2): BatchNorm2d(128, eps=1le-05, momentum=0.1, affine=True, track running stats=True)
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)
(layer3): Sequential(
(0): BasicBlock(
(convl): Conv2d(128, 256, kernel size=(3, 3), stride=(2, 2), padding=(1, 1), bias=False)
(bnl): BatchNorm2d(256, eps=1e-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(256, 256, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1), bias=False)
(bn2): BatchNorm2d(256, eps=1e-05, momentum=0.1, affine=True, track running stats=True)
(downsample): Sequential(
(0): Conv2d(128, 256, kernel size=(1l, 1), stride=(2, 2), bias=False)
(1): BatchNorm2d(256, eps=1e-05, momentum=0.1, affine=True, track running stats=True)

)

(1): BasicBlock(
(convl): Conv2d(256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bnl): BatchNorm2d(256, eps=1le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(256, 256, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1), bias=False)
(bn2): BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track running stats=True)

(layerd4): Sequential(
(0): BasicBlock(

(convl): Conv2d(256, 512, kernel size=(3, 3), stride=(2, 2), padding=(1, 1), bias=False)
(bnl): BatchNorm2d(512, eps=1e-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1), bias=False)
(bn2): BatchNorm2d(512, eps=1le-05, momentum=0.1, affine=True, track running stats=True)
(downsample): Sequential(

(0): Conv2d(256, 512, kernel size=(1l, 1), stride=(2, 2), bias=False)

(1): BatchNorm2d(512, eps=1le-05, momentum=0.1, affine=True, track running stats=True)

)

(1): BasicBlock(
(convl): Conv2d(512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bnl): BatchNorm2d(512, eps=1le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bn2): BatchNorm2d(512, eps=1e-05, momentum=0.1, affine=True, track running stats=True)

)

(avgpool): AdaptiveAvgPool2d(output_size=(1, 1))

(fc): Quantumnet
(pre_net): Linear(in_features=512, out_ features=4, bias=True)
(post_net): Linear(in_features=4, out features=2, bias=True)

Fig:4.13: Model Summary of First Architecture
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4.7.1 ResNetl18

ResNet-18[37] is a convolutional neural network. The network has 18 layers( as shown in
Fig 4.13), that's why it is called resnet18. As a result, the network has learned rich feature

representations for a wide range of images.

Two main types of blocks are used in a ResNet, depending mainly on whether the

input/output dimensions are the same or different

1. Identity Block

The identity block is the standard block used in ResNets and corresponds to the case where

the input dimension has the same as the output dimension.

X(Shortcut) - T

Conv(2D)  |Relu Conv(2D) |Relu G

Fx)+X

Fig4.14: Identity Block

The upper path is the shortcut path or skip connection, and the lower path is the main path.
The first component of the main path: The first Convolution layer(Conv2D) has F1 filters
of shape (1,1) and a stride of (s,s). Its padding is "valid."Then apply the ReLLU activation
function, which adds nonlinearity to the output. The second component of the main path:
The second Convolution layer(CONV2D) has F2 filters of shape(f,f) and a stride of (1,1).
Its padding is "same" .Then apply the ReLU activation function. In the final step, the
shortcut and the input are added together.
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2. The convolution Block

X(Shorteut)

Conv(2D)

Relu

Conv(20)

Relu

Conv(2D)

Relu

Fig4.15: Convolutional Block in Resnet

F(x)+X

The ResNet "convolutional block" is the other type of block. This block type is used when

the input and output dimensions don't match up. The difference with the identity block is

that there is a CONV2D layer in the shortcut path. The CONV2D layer in the shortcut path

1s used to resize the input xx to a different dimension so that the dimensions match up in the

final addition needed to add the shortcut value back to the main path.

We now have the necessary blocks to build a very deep ResNet. Figure 4.14 describes in

detail the architecture of this neural network.
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Training of Hybrid Quantum Neural Network(Resnet as a Classical Neural

Network)

We have trained this above model for 30 epochs with binary cross-entropy loss function and

reached the loss of 1.1045 after 30 epochs of iteration and training accuracy of 93.53% and

testing accuracy of 66.83%, and test loss of 0.7763 as shown in Figure 4.16

Phase:
Phase:
Phase:
Phase:
Phase:
Phase:
Phase:
Phase:
Phase:
Phase:

val
val
val
val
val
val
val
val
val
val

Epoch: 26/30
Epoch: 26/30
Epoch: 27/30
Epoch: 27/30
Epoch: 28/30
Epoch: 28/30
Epoch: 29/30
Epoch: 29/30
Epoch: 30/30
Epoch: 30/30

Training completed in 95m

Best test loss: 0.7763 | Best test accuracy: 0.6683
Fig:4.16: Training of Hybrid Quantum Neural Network

Output

Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:

29s

o

.1795
.9804
.1857
.0985
.2028
.1716
.1928
L1122
.1967
.1045

H O P, O O OO

Acc:
Acc:
Acc:
Acc:
Acc:
Acc:
Acc:
Acc:
Acc:
Acc:

0.9427
0.6341
0.9337
0.5951
0.9304
0.6000
0.9296
0.6000
0.9353
0.5854

We have tested the model with some test data and predicted its corresponding classes, and

also put its actual classes on top of every image, and represented in figure 4.17
[glioma_tumor]

[no_tumor]

Fig:4.17: Some output of model on test data

[no_tumor]
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4.8 Second Architecture

There are 2 parts to a Hybrid Quantum Classical Neural Network: The classical NN and the

quantum circuit. The classical NN is your standard NN with its inputs, weights, and biases.

The quantum part is a Parameterized Quantum Circuit with its qubits, rotations, and CNOT

gates.

Classical
X %) X3
wa L3

Wy : We

N -

hy = 6(Wyx; + wsxy + Wex3)

Quantum l

| l//l) Il ll Measurement 1

Some specified

input state
|ys) R(h,) Measurement 2

e o

= U(W7l’l3 + W8h4)

Fig 4.18: Second Architecture

Fig 4.18 shows the second type of Hybrid Quantum Classical Neural Network.
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We have a normal neural network at the top that takes in all the data, computes it, and
compresses it down to a smaller size. Then we take the outputs of that classical network and
use them as the rotations of our qubits. Finally, we take the outputs of those qubits and put

them inside another classical neural network, which then outputs the result

We did it a bit differently. For the first part, I didn't just use classical neural networks. We
used a Resnetl8 as in the previous architecture with some linear layers attached to the end
(with dropout and Relus), and after that, there is a quantum layer and, again, some classical
linear layer. As the Resnetl8 layer is the same as the previous, we have only shown a few

last layers.

Quantum Architecture with 3 qubit

We have created the Quantum Architecture with 3 qubits and have 9 trainable parameters.

0.00208]),

g 0: { B |Hi— RY(thetal) ——-—4 RY (thetal) RY (theta4) |»

i | I »
g 1: { B |—=i— RY(thetal) = = RY(theta2) =& o »
g 2: 4 H |—i— RY(theta0) - RY (theta3) O »

« g 0

« wn
« g 1: {1 RY(theta5) =i
« g_2: {4 RY(theta6) =i
«

«meas: 3/

« 0o 1 2)

Fig 4.19: Quantum Architecture
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Training of the model

We have trained this above model for 30 epochs with binary cross-entropy loss function and
reached the training loss as 0.3686 after 30 epochs of iteration and training accuracy of 94.10%
and testing accuracy of 65.85%, and test loss of 0.6479 as shown in Figure 4.20

Phase: Testing Epoch: 24/30 Loss: 0.6999 Acc: 0.6000
Phase: train Epoch: 25/30 Loss: 0.3728 Acc: 0.9386
Phase: Testing Epoch: 25/30 Loss: 0.7038 Acc: 0.6049
Phase: train Epoch: 26/30 Loss: 0.3692 Acc: 0.9410
Phase: Testing Epoch: 26/30 Loss: 0.7031 Acc: 0.6098
Phase: train Epoch: 27/30 Loss: 0.3708 Acc: 0.9386
Phase: Testing Epoch: 27/30 Loss: 0.6982 Acc: 0.6098
Phase: train Epoch: 28/30 Loss: 0.3790 Acc: 0.9353
Phase: Testing Epoch: 28/30 Loss: 0.6947 Acc: 0.6098
Phase: train Epoch: 29/30 Loss: 0.3730 Acc: 0.9402
Phase: Testing Epoch: 29/30 Loss: 0.7076 Acc: 0.5951
Phase: train Epoch: 30/30 Loss: 0.3686 Acc: 0.9410
Phase: Testing Epoch: 30/30 Loss: 0.6948 Acc: 0.6049
Training completed in 108m 42s

Best test loss: 0.6479 | Best test accuracy: 0.6585

Fig 4.20: Training of Hybrid Quantum Neural Network(HQNN)
Result

This model is trained for 30 epochs and achieved a training accuracy of 94.10% and a

testing accuracy of 65.85%. Some of the output of the model is shown below.
[no_tumor] [no_tumor]

[no_tumor]

Fig:4.21 Visualization of prediction on test data
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Chapter 5
MNIST classification

The second problem solved in this thesis is the well-known MNIST classification
problem. This chapter aims to experiment with the different architecture described

above to classify the MNIST Handwritten dataset.

5.1 About the dataset
The Modified National Institute of Standards and Technology (MNIST) database of

handwritten digits [15] contains 70 000 grayscale, centered images normalized into
the size of 28x28 with a value from range 0 to 255, where 0 represents the white
color (background), and 255 represents the black color (foreground). The dataset is
labeled by digits corresponding to the images and is initially divided into training and
test set (60 000 and 10 000 examples, respectively). The dataset was constructed
based on NIST’s Special Databases 1 and 3 (SD-1, SD-3 ) by taking 30 000 patterns
for the training set and 5 000 patterns for the test set from both databases and
ensuring the writer’s groups are disjoint, normalizing the binary images from bi- nary,
black-white, to grayscale and centering them. The set contains digits written by
approximately 250 people from among the US Census Bureau employees (SD-3) and
US high school students (SD-1). The data was accessed using the Keras API [§],
being a part of the TensorFlow library [1]
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5.2 Quantum Convolutional Neural Network

Firstly we have experimented with the QCNN architecture described in the previous
chapter in Section 4.4. This model is trained on the MNIST dataset for 10 classes. We
have trained the model for 30 epochs and reached the training accuracy of 100% and

testing accuracy of 66%

Output after Preprocessing using Quantum Convolutional module
First, the dataset's images are convoluted using the Quantum Convolution module,
which 1is considered a preprocessing stage. Fig 4.22 shows input and its
corresponding output. Since MNIST images are single images, every input image has
- | | L
E 5

4 channel output.

Input

Output [ch. 0]
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Fig4.22: Output after preprocessing of MNIST Data
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5.2.1 Training of Quantum Convolution Neural Network

We have trained the QCNN model for 15 epochs and cross-entropy as a loss function, and

after training, we have achieved the training accuracy of 98% and testing accuracy of 56%,

as shown in figure 4.6

Epoch 1/15

13/13 - 1s - loss:

Epoch 2/15

13/13 - 0s - loss:

Epoch 3/15

13/13 - 0s - loss:

Epoch 4/15

13/13 - 0s - loss:

Epoch 5/15

13/13 - 0s - loss:

Epoch 6/15

13/13 - 0s - loss:

Epoch 7/15

13/13 - 0s - loss:

Epoch 8/15

13/13 - 0s - loss:

Epoch 9/15

13/13 - 0s - loss:

Epoch 10/15

13/13 - 0s - loss:

Epoch 11/15

13/13 - 0s - loss:

Epoch 12/15

13/13 - 0s - loss:

Epoch 13/15

13/13 - 0s - loss:

Epoch 14/15

13/13 - 0s - loss:

Epoch 15/15

18.6996 - accuracy: 0.2800 - val loss: 11.9263 - val accuracy: 0.2667 - 586ms/epoch - 45ms/step

8.0351

accuracy

7.2531 - accuracy

2.2402

accuracy

2.0267 - accuracy

1.2580 - accuracy

0.8073 - accuracy
0.3128 - accuracy
0.2515 - accuracy
0.1540 - accuracy

0.2675 - accuracy

0.4383 - accuracy

(=1

.0384 - accuracy

-3

: 0.5800 -

¢ 0.5600 -

¢ 0.7600 -

¢ 0.8000 -

: 0.8000 -

: 0.9000 -

¢ 0.9600 -

: 0.9400 -

: 0.9600 -

: 0.9600 -

: 0.9200 -

: 0.9800 -

val loss
val loss
val loss
val loss
val loss
val loss
val loss
val loss
val loss
val loss
val loss

val loss

: 11,0381 - val accuracy: 0.3000 - 130ms/epoch - 10ms/step
: 7.8073 - val accuracy: 0.3667 - 129ms/epoch - 10ms/step
: 8.6712 - val accuracy: 0.5667 - 149ms/epoch - 1lms/step
: 13.4618 - val accuracy: 0.2333 - 133ms/epoch - 10ms/step
: 6.0682 - val accuracy: 0.6333 - 127ms/epoch - 10ms/step
: 6.3492 - val accuracy: 0.4333 - 125ms/epoch - 10ms/step
¢ 8.2024 - val accuracy: 0.4333 - 135ms/epoch - 10ms/step
¢ 5.2641 - val accuracy: 0.5333 - 127ms/epoch - 10ms/step
: 7.7288 - val accuracy: 0.4667 - 139ms/epoch - 1lms/step
: 11.4246 - val accuracy: 0.4667 - 15lms/epoch - 12ms/step
: 6.9473 - val accuracy: 0.5000 - 139ms/epoch - 1lms/step

: 5.7850 - val accuracy: 0.5667 - 176ms/epoch - 14ms/step

+446%e-05 - accuracy: 1.0000 - val loss: 6.5650 - val accuracy: 0,5667 - 136ms/epoch - 10ms/step

13/13 - 0s - loss: 7.4143e-04 - accuracy: 1.0000 - val loss: 6.8242 - val accuracy: 0.5667 - 126ms/epoch - 10ms/step
Fig4.22: Training of Model for 15 epoch
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We have finally plotted the test accuracy and the test loss with respect to the number of training

epochs for Architecture with Quantum Layer and Without Quantum Layer. With Quantum Layer, we

have achieved the testing accuracy of 65%, and without a quantum layer, we have achieved the

accuracy of 63%, as shown in figure 4.23

10
—&— With quantum layer
== Without quanium layer
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Epoch
24 —&— With quantum layer
—&— Without quantum layer
22
20
v 18
5

16

14

12

a 5 hiv] 15 0 ol 20
Epoch

Fig:4.23: Plot of Accuracy with respect to epoch and loss with respect to epoch With

quantum and without a quantum layer
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5.3 Hybrid Quantum Neural Network

In the second experiment, we trained the Hybrid Quantum Neural Network(First
Architecture) described in the previous chapter in section 4.7 with the MNIST dataset

for 10 epochs and achieved a testing accuracy of 85%

First Architecture Training on MNIST Dataset

We have trained this above model for 10 epochs with binary cross-entropy loss function and

reached the loss of 3.3046 after 10 epochs of iteration, as shown in Figure 4.24

Training [10%] Loss: 3.4093
Training [20%] Loss: 3.3534
Training [30%] Loss: 3.3319
Training [40%] Loss: 3.3261
Training [50%] Loss: 3.3179
Training [60%] Loss: 3.3113
Training [70%] Loss: 3.3075
Training [80%] Loss: 3.3099
Training [90%] Loss: 3.3050
Training [100%] Loss: 3.3046

Fig4.24: Training of HQNN for 10 epoch

We have plotted the cross-entropy loss concerning Training iterations. Fig 2.5 shows

Hybrid NN Training Convergence for 3-qubit

the plot. 272 ]

270 1

268 1

Cross Entropy Loss

0 2 - 3 8
Taining Iterations

Fig4.25:Plot Showing Loss concerning Training Iteration
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Output

We have tested the model with some test data and predicted its corresponding classes, and

also put its actual classes on top of every image and represented in figure 4.26

L1 E1 2 El M

Predicted 3 Predicted & Predicted 3 Predicted 3 Predicted 6 Predicted 5

Predicted 7 Predicted 7 Predicted 3 Predicted 2 Predicted O Predicted 5

X
=
w
»
©
o

Predicted 1 Predicted 1 Predicted 3 Predicted 5 Predicted 5 Predicted O

Predicted 7 Predicted 3 Predicted 3 Predicted 6 Predicted 5 Pradicted 4

ad
.
v
-~
@
Z

Predicted 4 Predicted 0 Predicted 7 Predicted 5 Predicted &6 Predicted 5

L
[
N
o
-~
L

Predicted 3 Predicted 0 Predicted 7 Predicted 6 Predicted 6 Predicted 1

Predicted 5 Predicted 2 Predicted 5 Predicted 2 Predicted 1 Predicted 7

>
&)
)
Y
=
ad

Fig4.26: Visualization of prediction on test data
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5.4 Second Architecture

In the third experiment, we trained the Hybrid Quantum Neural Network(Second

architecture) with the MNIST dataset and achieved a testing accuracy of 82%.

In this architecture, there are four parts of the model. The first one is the classical part,

where two convolution and max-pooling layers are there with dropout at the end. The

second part is the middle part, where two dense layers are, and the third part is the Quantum

layer described in Fig 4.28. And then the last part is the dense layer and softmax layer, as

shown in fig:4.27.

Net(

(classical): Sequential(

(0):
(1):
(2):
(3):
(4):
(5):
(6):

)

Conv2d(l, 6, kernel size=(5, 5), stride=(1, 1))

ReLU()

MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
Conv2d(6, 16, kernel size=(5, 5), stride=(1, 1))

ReLU()

MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
Dropout(p=0.5, inplace=False)

(middel): Sequential(

(0)s
(1):
(2):

)

Linear(in_features=256, out features=64, bias=True)
ReLU()
Linear(in features=64, out features=7, bias=True)

(quantum): Hybrid()

(end):
(0):
(1):

)
)

Sequential (
Linear(in features=8, out features=5, bias=True)
Sigmoid()

Fig 4.27: Model Summary of Second Architecture
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5.5 Quantum Architecture with 3 qubit

We have created the Quantum Architecture with 3 qubits and have 9 trainable parameters.

(array([0.01855, 0.02919, 0.75516, 0.06154, 0.05292, 0.02482, 0.05574,
0.002081),

q0: {1 H -—— RY(theta0) [ RY(thetal) m—{ RY(theta4) f[»
ql: {1 H -%g—- RY (thetal) -—l L RY (theta2) -—l L :
q2: 1 H -—%—- RY (theta0) l RY (theta3) l :
meas: 3/ :

« g _1: 4 RY(theta5)

« g _2: 4 RY(theta6)

«meas: 3/
« 0 1 2)

Fig 4.27: Quantum Architecture
We have plotted the cross-entropy loss concerning Training iterations. Fig 2.5 shows

the plot.

[<matplotlib.lines.Line2D at 0x7fa944f16b50>]
210

195

190

0.0 05 10 15 20 25 30 35 40

Fig 4.28: Visualization of minimization of loss
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5.6 Output

We have tested the model with some test data and predicted its corresponding classes, and

also put its actual classes on top of every image and represented in figure 4.29
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Fig4.29: Visualization of prediction on test data
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5.7 Conclusions

We have trained different architectures of Quantum Neural Network with two datasets,
namely Brain Tumor MRI Dataset and MNIST Dataset. We have compared different
architectures, namely Quantum Convolution Neural Network, Hybrid Quantum Neural
Network(Fist Architecture), and Second Architecture.

Table 1:Accuracy Table

Models BRAIN TUMOR BRAIN TUMOR | MNIST MNIST
MRI DATASET MRI DATASET (Training (Testing
(Training (Testing accuracy) Accuracy)
accuracy) accuracy)

QUANTUM 95% 66% 96% 66.67%

CONVOLUTION

NEURAL NETWORK

HYBRID QUANTUM |85% 54% 94% 85%

NEURAL

NETWORK(FIRST

ARCHITECTURE)

HYBRID QUANTUM |93.53% 65.85% NA NA

NEURAL

NETWORK(FIRST

ARCHITECTURE

RESNET as a

classical Neural

Network)
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HYBRID QUANTUM | 94.10% 66.83% 93.5% 82%
NEURAL
NETWORK(SECOND
ARCHITECTURE)

After doing all experimentation, we have found out that Hybrid Quantum Neural
Network(Second Architecture) performs well in the Brain MRI Tumor dataset with a
training accuracy of 94.105 and testing accuracy of 66.83%, and Hybrid Neural
Network(First Architecture) performs well on MNIST dataset with training accuracy of

94% and testing accuracy of 85%.
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