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Abstract

Quantum computing with its powerful attributes - entanglement and superposi-
tion, is revolutionizing modern computation. Moreover, quantum computation can
be applied to a wide range of real-world applications, including cybersecurity and
cryptography, computational chemistry, artificial intelligence, prime factorization,
and so on. However, the biggest impediment of quantum computation is quantum
error. Often the decoherence caused by the environment or any other malfunction
creates quantum errors which can arbitrarily change the state of a quantum system
and destroying its information content - bit flip & phase flip error, unwanted mea-
surement error, etc. A specific Quantum Error Correction (QEC) code can rectify
some particular errors. But, it is usually not optimized for any random error. As
of today, ‘Deep Learning’ techniques in analyzing data have been very promising
which is influencing researchers to apply these methods to ‘Quantum Computa-
tion’ problems. We have implemented a Quantum Convolutional Neural Network
(QCNN) using Parameterized Quantum Circuit (PQC) on IBM’s open source Quan-
tum Computing framework QISKIT. The generic structure of the QCNN consists
of variational forms of the encoder and decoder of the error correction code, which
is optimized during training. In this way, it constructs a quantum error correction
method for a certain error model. We were able to retrieve quantum states with as
much as 90% fidelity rate from the experiments. As a result, our model achieves a
high fidelity while using relatively few parameters, which can be generalized for any
error model.

Keywords: Quantum Computing, Quantum Machine Learning, Qiskit, Deep Neu-
ral Network, CNN, QCNN.
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Chapter 1

Introduction

Quantum computing is the field of study based on principles of quantum theory
which focuses on computer-based technology. Quantum theory is a field of physics
that interprets the phenomena at the molecular and atomic levels of energy and
matter. Quantum computing uses quantum bits to perform computational tasks
with has higher efficiency than any classical computation. It enables us the door
to have incredible computational capability with obtaining higher performance in
any task that needs computation. Over the last few years, researchers have been
tremendously using their efforts to build an outstanding quantum computer. Al-
ready Quantum Supremacy is achieved by Google (Arute et al., 2019) [1] and many
other companies like IBM and Amazon are building full-fledged quantum comput-
ers. Moreover, researchers have been already using these quantum computers to
use their massive processing power in different fields such as Artificial Intelligence,
Machine Learning, Financial Modeling, Cryptography, Medicine development, etc.

1.1 Problem Statement

Quantum computers are have a lot of potential but they still has to wait a long
time to gain success as many issues are restricting the path. Normally, classical
computers use binary bits to process where quantum computers use ‘Qubits’ as an
example IBM’s Paris has 53 qubits and IBM is trying to increase the number. How-
ever, the problem is while working with qubits, the quantum system becomes highly
fragile and unstable due to noises, faults of quantum decoherence and fails apart
before any completion of any program. These effects mostly occur by temperature
fluctuations, electromagnetic waves, and other interactions with the outside envi-
ronment. Because of these noises, the quantum computer fails to protect quantum
information as the noises tear apart the nature of the quantum properties. To pre-
serve any quantum information from errors due to decoherence and noises, we need
fault-tolerant quantum computation. We need Quantum error correction (QEC) to
achieve correct information. Hence, the error correction schemes in a modest exe-
cution time are essential for our calculation. Therefore, we hope to achieve a higher
accurate error correction with our proposed implementation with QCNN which can
be a breakthrough in quantum computing.
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1.2 Research Objectives

Quantum computers have the ability to perform more complex calculations at much
better performance, including solving problems that are simply beyond the ability
of traditional computers. Despite the extraordinary, exceeding computation ability
of quantum computing, we have discussed the main drawback of a quantum com-
puter is quantum error. This is because circuits in quantum computers are based on
qubits which are extremely fragile and prone to errors due to the interactions with
the external environment like decoherence and other quantum noise. Here, decoher-
ence refers to the loss of information from the quantum computer that limits our
potential for accurate quantum computation. Therefore, the accuracy of quantum
computation depends on how we handle the errors that occur from decoherence and
other quantum noise (Gottesman & Daniel, 2009) [2]. As it is seen that quantum
shows enormous promise, the quantum industry is in the way to storm the world
with a revolution. Nonetheless, this giant leap of reaching the milestone is being
held back with a significant challenge: quantum error that we have previously dis-
cussed. Hence, this intriguing challenge inspired us to approach this problem which
is quantum error correction. To achieve that, we can use QCNN. Normally, ev-
ery system is loosely coupled with the energetic state of its surroundings and when
viewed in isolation, the system’s dynamics are non-unitary. Thus the dynamics of
the system alone are irreversible. As with any coupling, entanglements are gener-
ated between the system and the environment. These have the effect of sharing
quantum information with or transferring it to the surroundings. Simply put, to
accurately correct the error we need to preserve the coherence by mitigating the
decoherence effects (Schindler et al, 2011) [3]. Here, we use Convolutional Neural
Networks (CNN) on a quantum computer. CNN has been used widely for data
accuracy and the reason why CNN is hugely popular because of its architecture and
its flexibility on image data (Saggio et al., 2019) [4]. The Quantum Convolutional
Neural Network (QCNN) is motivated by the classical CNN which uses the varia-
tional parameters for input sizes only of N Qubits. This grants the implementation
of realistic, near-term quantum devices efficiently. The architecture of QCNN com-
bines the multiscale entanglement and helps to achieve successful quantum error
correction (Cong et al., 2018) [5]. This development provides a promising way of
robust quantum computing.
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Chapter 2

Quantum Computing

2.1 Quantum Computing

Quantum mechanics is a mathematical explanation of the construction of quantum
theories. In the 1970s, the idea of combining quantum physics and information
theory arose. The theory gained traction in 1982, when physicist Richard Feyn-
man argued that traditional computing couldn’t handle computations describing
quantum processes. This section provides a basic theory of quantum computers by
introducing two major principles of quantum mechanics: superposition and entan-
glement which are crucial for their operation (Noson & Mirco, 2009) [6].

2.2 Qubits and Quantum Gates

Although quantum and conventional computers both complete computational prob-
lems, the mechanisms for storing and processing data differ. Classical computation
deals with bits. A bit represent a unit of information in a two-dimensional classical
system. To express a bit, we represent 0 or, better, the state |0〉 – as a 2-by-1 matrix
with a 1 in the 0’s row and a 0 in the 1’s row. Similarly , 1 can be illustrated by
2-by-1 matrix with a 0 in the 0’s row and a 1 in the 1’s row.

|0〉 =

[
1
0

]
|1〉 =

[
0
1

]
Quantum computer deals with qubits. A quantum bit or a qubit represents an unit
of information in two-dimensional quantum system. A qubit as a 2-by-1 matrix with
complex numbers: [

c0
c1

]
The key distinction between classical bits and qubits is their state. A qubit can
stay in a state other than |0〉 or |1〉. A qubit can possibly be formed in a linear
combinations of states. This property is called superpositions:

|ψ〉 = c0 |0〉+ c1 |1〉 : such that ‖c0‖2 + ‖c1‖2 = 1

3



Entanglement is generally that state which cannot be described or expressed as
these states. Vidal, G. er al. (2003) states that entanglement is one of the most
fascinating features of quantum theory [7]. Entanglement is vital for quantum in-
formation science. Also, it provides a critical role in the study of quantum phase
transitions (Saggio et al., 2019) [4]. If the system is in the state,

|11〉+ |00〉√
2

=
1√
2
|11〉+

1√
2
|00〉

then it indicates that the two qubits are entangled.
Quantum gates are simply operators that act on qubits and manipulates them. The
operators that do not distort the normalization of a state are known as Unitary
Operators which can be represented by unitary matrices. Some basic gates with
their matrix representation as well as the circuit symbols are shown below :

Pauli gates are special as these gates are both unitary and hermitian. These Pauli
gates (X,Y,Z) can be applied to any single qubit.

X =

[
0 1
1 0

]

Y =

[
0 −i
i 0

]

Z =

[
1 0
0 −1

]

X

Y

Z

The pauli-X gate acts as NOT gate. Applying it to a qubit that is in |0〉 state,
will result the qubit to switch in |1〉 and vice versa. This can be said that the X
gate causes the qubit to rotate by π radian along the x-axis. Similarly, the Y and
Z gates force the qubit to rotate by π radian respectively along the y-axis and z-axis.

Hadamard Gate is one of the fundamental gates and the most frequently used
gate. The matrix representation of this gate is -

H =
1√
2

[
1 1
1 −1

]
The beauty of this gate is that we can transform any single qubit from its basis state
to superposition states and vice versa by applying hadamard gate. It maps the basis
state |0〉 to |0〉+|1〉√

2
and |1〉 to |0〉−|1〉√

2
. Like Classic logic gates, quantum computing

also has universal gates.

Controlled-NOT gate is an example of universal gate, can be reversed by itself.
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
1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 |x〉 • |x〉

|y〉 |¬y〉

Here, |x〉 is control bit. If |x〉 = |0〉, then the bottom output of |y〉 will be the same
as the input. If |x〉 = |1〉, then the bottom output will be the opposite.

Toffoli gate, also known as controlled-controlled-not gate is 3 qubit gate. The
Matrix representasion of Toffoli gate -

1 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 1
0 0 0 0 0 0 1 0


(2.1)

and the gate representation is given below :

|x〉 • |x〉

|y〉 • |y〉

|z〉 |x⊕ (y ∧ z〉)

Figure 2.1: Toffoli gate.

This is a controlled-NOT gate with two controlling bits, comparable to the controlled-
NOT gate. Only when both of the top two bit are in state |1〉. We can write this
operation as taking state |x, y, z〉 to |x, y, z ⊕ (x ∧ y)〉. Toffoli gate is interesting, as
it is universal. The AND gate is obtained by setting the bottom |z〉 input to |0〉.
The bottom output will then be |x ∧ y〉. The NOT gate is obtained by setting the
top two inputs to |1〉.The bottom output will be |(1 ∧ 1)⊕ z〉 = |1⊕ z〉 = |¬z〉.

Rotational Gates are the operators that are used to rotate any single qubit along
the x,y and z-axis from its origin point in the surface of the Bloch sphere. With the
help of RX , RY and RZ , a qubit can be rotated by θ with respect to x-axis, y-axis
and z-axis. Their matrix representation is shown below :

RX(θ) =

[
cos θ −i sin θ
−i sin θ cos θ

]
RY (θ) =

[
cos θ − sin θ
sin θ cos θ

]

RZ(θ) =

[
e−i

θ
2 0

0 ei
θ
2

]

5



There are also two-qubit rotational gates that are used to control both qubits with
the same parameter - θ. RY Y , RXX and RZZ are examples of such operators. For
an instance, if RXX is applied to a two-qubit, it will rotate both qubits by θ with
respect to x-axis. Similarly, RY Y and RZZ rotate both qubit with respect to y-axis
and z-axis. The matrix representation of RY Y , RXX , RZZ is given below :

RXX(θ) =


cos(θ) 0 0 −i sin(θ)

0 cos(θ) −i sin(θ) 0
0 −i sin(θ) cos(θ) 0

−i sin(θ) 0 0 cos(θ)

 (2.2)

RY Y (θ) =


cos(θ) 0 0 i sin(θ)

0 cos(θ) −i sin(θ) 0
0 −i sin(θ) cos(θ) 0

i sin(θ) 0 0 cos(θ)

 (2.3)

RZZ(θ) =


e−iθ 0 0 0

0 eiθ 0 0
0 0 eiθ 0
0 0 0 e−iθ

 (2.4)

Measurement is being performed to calculate out any qubit state to any basis
state |0〉 or |1〉. This operation is done by also gates that are not only non-unitary
but also irreversible. These gates are denoted by-

· · ·

Generally, states are measured and collapse into |0〉 or |1〉 state. As an example,

|ψ〉 = c0 |0〉+ c1 |1〉 (2.5)

Here ‖c0‖2 + ‖c1‖2 = 1 ; where ‖c0‖2 indicates the probability to find |ψ〉 in state
|0〉. Similarly, ‖c1‖2 implies the probability of finding the |ψ〉 in state |1〉. The value
of ‖c0‖2 and ‖c1‖2 can be anything between 0 and 1 before measurement whereas
the value of ‖c0‖2 will be either 0 or 1, same as for ‖c1‖2, after measurement. This
indicates if our states collapse into either |0〉 or |1〉.

2.3 Quantum Error Correction

Now that we have seen about quantum states, we need to understand how quantum
error correction works. Quantum Error Correction (QEC) is based on the concept
of the classical theory of error correcting codes. In classical information theory,
error correction is a vital idea which is fundamentally analogous to quantum error
correction. Thus, the merger of quantum physics and the classical theory of error
correcting codes gives rise to quantum error correction.

6



Generally, classical error correcting codes use an operation to diagnose which error
corrupts an encoded state, so is quantum error correction (QEC) code. If a qubit
has been corrupted it can be identified by the operation. The procedure is known
as the syndrome measurement. It can analysis and inform us to which qubit was
disrupted and also how it was affected. The effects can either be a bit flip or a phase
flip or both (corresponding to the Pauli matrices X, Z, and Y). Let us introduce the
errors that can be identified by the QEC.
Bit flip : A bit flip error indicates an error where the qubits computational state
flips its bits. It can flip from 0 to 1 or 1 to 0. This error is equivalent to X-gate.

X |0〉 = |1〉
X |1〉 = |0〉

This can be corrected with the help of a bit-flip code . Here a 3 qubit circuit which
corrects 1 qubit with help of 2 ancillary qubits. At first the computational state
of the main qubit is transferred to other ancillary qubits using CNOT. If any error
occurs the first qubits will be flipped. Similarly CNOT gates will be applied to
the other ancillary qubits again. After that to correct the state of the first qubit a
Toffoli gate has been applied.

|ψ〉 • •
EBit

• •
|0〉 •
|0〉 •

Figure 2.2: Bit Flip Error Correction Code

Phase flip : A phase flip error changes the phase of an qubit and a Z-gate is
identical to this error.

Z |0〉 = |0〉
Z |1〉 = − |1〉

Similarly, this can also be corrected with phase flip code.

|ψ〉 • • H

EPhase

H • •

|0〉 H H •

|0〉 H H •

Figure 2.3: Phase Flip Error Correction Code

Like the bit flip code, the phase flip code first transfers the state of the main qubit
to the ancillary qubits using CNOT gates. However, in this code qubits are put into
superposition using a Hadamard gate to be affected by the phase error. Then again
another hamard gate is applied to every qubit to take them out of the superposition.
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As the phase of the main qubit has been shifted, it can be corrected using CNOT
gates and Toffoli gates respectively. Here the main qubit is the target and ancillary
qubits are the control.

Sometimes, the Bit-phase flip can be seen together at the same time which is equiv-
alent to the Y-gate.

As it is seen that a QEC needs to be constructed in such a way that it can identify
and correct a qubit that is affected by a bit flip or phase flip or both. From this
problem, A QEC was first developed by Peter Shor in 1995 which is a nine qubit
error correcting code [8].

The Shor code can fix error for a bit-flip, a phase-flip or both error for a single qubit.

The Shor code works with a 9 qubit circuit where 8 ancillary qubits needed to correct
1 qubit. To put in a nutshell, we will acknowledge the 1st qubit as a main qubit
that needs to be corrected and 1 to 8 bit are the ancillary qubits. Shor code will act
very similar to bit flip and phase flip as we use and rearrange the same gates like
we use in there.

|ψ〉 • • H • •

E

• • H • • |ψ〉
|0〉 •
|0〉 •
|0〉 H • • • • H •
|0〉 •
|0〉 •
|0〉 H • • • • H •
|0〉 •
|0〉 •

Figure 2.4: The Shor Code

Firstly, the Shor code takes the computational state of the main qubit and transfers
it to the 3rd and 6th qubit that will be used to phase errors. With the help of a
Hadamard gate, these qubits are set into a superposition state. The main qubit
along with 3rd and 6th qubits transfer their states to ancillary qubits with the help
of CNOT gates. This is done to correct the bit flips. After that the main qubits’
state are being transferred to the 1st and 2nd ancillary qubit. Similarly, the 3rd
qubit changes its state to the 4th and 5th and 6th changes its state to the 7th and
8th.

Afterwards, a bit flip or phase flip may occur on the input qubit. In the diagram
above (Fig. 2.4), this segment is signified as E. Subsequently, the previous step is
repeated. Thereafter, Toffoli gates are applied on the input qubit as well as the 3rd
and 6th qubits. Here the control qubits are serving as phase correction ancillary
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qubits.

Later, Hadamard gates are applied to the input qubit as well as the 3rd and 6th
qubit to map them out of superposition. Afterwards, the 3rd and 6th qubit go
through CNOT gates where the control qubit is the input qubit. Finally a toffoli
gate is implemented to the input qubit which is controlled by the 3rd and 6th qubit.

The Pauli group is a group of Pauli matrices. Some Pauli operators of Pauli group
does not change a quantum state. Those operators belong to Stabilizer set. Zygel-
man, B. (2018) [9] suggests that we can find out those operators that does not cause
any error in a quantum state, that causes fixable error and that causes unfixable
error using stabilizer analysis.
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Chapter 3

Machine Learning Basics

Mitchell (1997) [10] suggests that in machine learning, a computer program experi-
ences some specific class of tasks, and its performance is evaluated. The computer
program is said to be learning if the result of iterative performance evaluation im-
proves through experience. There are several machine learning tasks like - Classi-
fication, Regression, Anomaly detection, etc. The deep learning model varies from
task to task. For example, Natural Language Processing can be done using Deep
Feedforward Network and Convolutional Neural Network (CNN) is gen-
erally used in image classification. Deep learning model and some properties of
machine learning are discussed below.

3.1 Deep Feedforward Network

Deep feedforward networks, also called feedforward neural networks, or Multi-
layer Perceptrons (MLPs), are the widely used deep learning model. According
to Rosenblatt (1958) [11], the multi-layered perceptron is the simplest kind of neu-
ral network to classify linearly separable patterns. For any classification task, a
feedforward neural network maps, y = f(x; θ) (Goodfellow et al. 2016) [12]. It
learns the value of θ in an iterative process which will result in the best function
approximation. Here, θ consists of weights and biases. The computational unit of
deep feedforward neural network is neuron or perceptron. Multiple neurons form
in a layer. Moreover, These layers of neurons are associated with weights and bi-
ases. These layers of functions are composed together into a network or chain where
the output of a layer is passed as input to the next layer. In a feedforward neural
network (Fig: 3.1), the first layer is called input layer where inputs are given to
the network. The final layer of the network is output layer which measures the
performance of the model. There can be multiple hidden layers in the middle. For
example, the function in a layer is denoted as,

h = g(WTx+ b) (3.1)

where, h is the output of the layer, g is the activation function to achieve non-
linearity, W is the weight matrix, x is the input and b refers to the bias. Out-
put h is forwarded as a input to the next layer and so on, until output layer is
reached. Finally, output layer will produce the final output and error of the model
will be evaluated through cost function. According to Rumelhart et al. [13],
back-propagation or backprop algorithm optimizes the error through gradient

10



computation using chain rule of calculus. After computing the gradient, weights of
the layer’s are updated in a backward manner (Haykin S. 2009) [14]. This forward
and backward propagation continues until the model completes learning and the
error is minimized.

Figure 3.1: Deep Feedforward Network

3.2 Cost function:

Cost function is a result of the difference between the value predicted by the model
and the target. For example:

Costfunction(J) =
m∑
1

1

2
(y − y′)2

Here, y = true value; y′ = predicted value; m = number of examples; i = index of
sample.

3.2.1 Types of cost function:

There are different types of cost function. Choosing the correct cost function de-
pending on the model is another challenge of machine learning (Mulla, 2021) [15].

1. L1 cost function: The total sum of the absolute differences between the esti-
mated values and the corresponding target values is the L1-norm cost function.
It is more robust than the L2-norm.

J(θ) =
m∑
i=1

|yi − y′i|

2. L2 cost function: The sum of the squares differences between the estimated
values and the respective target values is the L2-norm cost function. It is more
stable than the L1 norm when a single input data is changed slightly.
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J(θ) =
m∑
i=1

(yi − y′i)2

3. Mean Squared Error (MSE): One of the most widely used and firstly
explained cost functions. Each partial error in MSE is equal to the square
area formed by the mathematical distance between the measured spots.

J(θ) =
1

m

m∑
i=1

(yi − y′i)2

and many more.

3.2.2 Activation function:

An activation function is a vital part of an artificial neural network; it determines
whether or not such a neuron should be activated. The activation function of a node
in an artificial neural network determines the output of the whole node given input
or group of inputs. The activation function adds non-linearity to the model as well.

Types of activation function:

1. Binary Step Activation Function: The binary step function is an acti-
vation function that is based on a threshold. It activates a neuron after a
particular threshold is reached and vice-versa.

2. Sigmoid Activation Function: The logistic function is the sigmoid activa-
tion function. It is a non-linear activation function. The function takes any
real value as input. Later, the function squash the input and returns a value
between 0 and 1. However, this function causes vanishing gradient problem
for very high or very small input.

f(x) =
1

1 + e−x

3. Hyperbolic Tangent Activation Function: The hyperbolic tangent func-
tion could be utilized as an activation function in neural networks as an alter-
native to the sigmoid function. Modeling inputs with highly negative, neutral,
and highly positive values is easier with zero-centered inputs.

f(x) =
2

1 + e−2x
− 1

4. Softmax Activation Function: Softmax is a function that converts integers
and logits into probabilities. This activation function is used only for the
output layer, for neural networks that must categorize inputs into numerous
groups.

f(x) =
exi∑m
j=1 e

x
j
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3.2.3 Capacity, Overfitting and Underfitting

According to Goodfellow et al. (2016) [12] the pathway to algorithm optimization
has two main focuses. The first goal is to create an algorithm with the least amount
of training error possible. The second purpose is to reduce the size of the undesired
gap between training and test error as much as possible. Underfitting is when
an algorithm fails to adequately minimize training error. In addition, overfitting
is when a method by its nature increases the error between training and test data.
The capacity of an algorithm determines whether it will overfit or underfit. The
hypothesis space of the learning algorithm’s function is called capacity. For instance,
a polynomial of degree 2: ŷ = w1x+w2x

2 + b has more capacity than a polynomial
of degree 1: ŷ = wx+ b.

3.2.4 Hyperparameters

Hyperparameters are settings that can be used to regulate the behavior of an
algorithm. The learning algorithm does not change the values of hyperparameters,
and these hyperparameters are optimizable. Learning rate, batch size, number of
epochs, number of iteration, number of hidden layers, momentum, etc are some
training or learning algorithm-related hyperparameters. It is crucial to choose the
right types of hyperparameters for the model.

• Learning rate: The learning rate of a neural network model determines how
quickly or slowly it learns a problem. In gradient descent, if the learning rate
is very high then the output will oscillate rapidly and if it is very low then
convergence time will increase.

• Batch size: The batch size measures the accuracy of the error gradient es-
timation while training neural networks. Moreover, it determines how many
items from the data are included in the training model. However, additional
memory space is needed for the higher the batch size.

• The number of epochs: The number of epochs is the number of occasions
the algorithm examines the whole data set. When the algorithm has viewed
all of the samples in the dataset, it has completed one epoch. Each time it
transmitted a batch of data by the neural network, it executed one loop.

• The number of iteration: The number of times the algorithm sends a
batch of data is referred to as an iteration. In neural networks, this refers to
the forward and backward passes. Every time a batch of data is transmitted
through the neural network, one iteration is completed.

• The number of hidden layers: The algorithm’s input and output layers are
separated by hidden layers. One hidden layer in a computing system is highly
powerful. The complexity of the code and the time grows as more hidden
layers are added.

3.3 Gradient-Based Optimization

Gradient-Based Optimization is a key application of machine learning to minimize
error. The local maximum indicates a point where the value of a function,
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f(x) is higher than all neighboring points. Similarly, in a local minimum
point, value of a function, f(x) is lower than all neighboring points. In a global
minimum point, f(x) has the absolute lowest value. The saddle point is
neither maxima nor minima. Visual representation is in Figure: 3.2. The goal
of machine learning is to converge error in a point closer to the global minimum [12].

Using first derivative test, we can reduce f(x), hence the error. To do that x needs
to be shifted in small steps according to the learning rate with the opposite sign
of the derivative ( dy

dx
or f ′(x)). This technique is known as gradient descent

(Cauchy, 1847) [16].

Figure 3.2: Three types of critical points where slope is zero. (Goodfellow et al.
2016)

The second derivative test denoted as d2y
dx2

or f
′′
(x) determines the curvature of

a function. Moreover, this can also be used to determine whether a critical point
where f ′(x) = 0, is a local maxima, a local minima or a saddle point. In a critical
point, when f

′′
(x) > 0, it means f ′(x) will increase with steps moving rightwards and

decrease as steps moving leftwards. Therefore, it is determined as a local minima.
Similarly, where f

′′
(x) < 0, x is local maxima and where f

′′
(x) = 0, x is saddle

point or a part of flat region.

3.4 Convolutional Neural Network

According to LeCun, Y. (1989) [17], Convolutional Neural Networks or CNN, are
a type of neural network that is used to analyze input using a defined grid-like
architecture. Unlike the feedforward network, CNN not necessarily needed to be
a fully connected network meaning not every neuron is connected with the other
neurons of the next layer. The architecture of a CNN depends on the specific type
of data (O’Shea, K. & Nash, R., 2015) [18]. CNN has three stages: convolution
stage, detector stage and pooling stage (Fig: 3.3). Several layers of these stages are
applied throughout the network. Let’s review the stages:

3.4.1 Convolution Stage

To perform convolution, at first inputs are given to the architecture. Unlike, multi-
layer perceptron (MLP), CNN does not use matrix multiplication of weights or
parameters with each input. CNN introduces a set of parameters known as kernel.
This set of parameters are several orders of magnitude smaller than the input size.
Moreover, the kernel has a specific dimension that is applied to the same dimension
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Figure 3.3: Convolutional Neural Network Architecture

of input in one stride. As a result, the network has a sparse connection of parameters.
Besides, The same kernel is applied to the whole input space and filter the inputs.
Several convolutions are performed by the kernel in parallel in the layer using stride
and zero paddings. [12]. Finally, the output feature map has a reduced dimension
than the original input.

3.4.2 Detector Stage

At the end of the convolution stage, the output has a set of linear activation. A non-
linear activation function like Rectified Linear Unit (ReLU) is used in each linear
activation. This is done to achieve non-linearity in the network.

3.4.3 Pooling Stage

The output of previous stages then goes through a pooling function. The pool-
ing function pulls the concise attributes of the nearby outputs at a given range.
This further reduces size and complexity of the network. However, due to sparse
connectivity important features remain intact although size is decreased. There
are different types of pooling. The most used one is max pooling. It pulls the
maximum value from a specific rectangular neighborhood (Zhou and Chellappa,
1988) [19]. Other pooling operations like weighted average as well as L2-Norm of a
rectangular neighborhood are also popular.

3.4.4 Fully-Connected Layer

Previous stages of CNN are known as feature extraction. For classification, a
fully connected layer needs to be introduced. This has the similar architecture of a
normal feedforward neural network. The output data are flattened and passed as
a fully connected network. As usual, neurons of two adjacent layers are connected
here.
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Figure 3.4: Input units of x, known as receptive field creates output unit S3. In
top, only 3 input units forms s3 by convolution with kernel of width 3. This is sparse
connectivity. In bottom, matrix multiplication of all input units forms s, which is
not sparse. [12]

Figure 3.5: Deeper layer receptive field units has more connectivity than the shal-
lower layer. [12]
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3.4.5 Advantages

The major advantage of CNN over MLP is parameter sharing. The parameter
sharing implies that instead of learning a different set of parameters for each
location, it just learns one set. Unlike MLP, where every output unit is connected
with every input unit, CNN has sparse connectivity (Fig. 3.4). As the kernel
is significantly smaller than the input, there are very few parameters to store.
Therefore, in terms of memory requirements and statistical efficiency, convolution
is thus vastly superior to dense matrix multiplication in MLP. In addition, CNN
maintains equivariant representations property. It implies that a little trans-
lation in the input does not make much difference to the value of most pooled
outputs. Although, the direct connection between two adjacent layer units is very
sparse, however, the deeper layer units are more connected to the inputs than the
shallower layers (Fig. 3.5). This happens because of the strided convolution and
pooling operation.

Convolutional Neural Network is very handy for the machine learning tasks where
parameters are shared across the model and sparse connectivity is absolutely nec-
essary. In many cases, CNN provides more computational efficiency than any fully
connected neural network. Although, CNN mainly works with images for segmen-
tation and many more. However, in our paper, we will use the basic architecture of
CNN and combine it with quantum mechanics to implement a Quantum Convo-
lutional Neural Network (QCNN).
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Chapter 4

Parameterized Quantum Circuit &
Quantum Convolutional Neural
Network

4.1 Qiskit

IBM Quantum is the industry who took the initiative to construct universal quan-
tum computers for trading first, engineering and science. This attempt embraces
promoting the entire quantum computing technology stack. Moreover, this makes
an impact on exploration the applications to increase the accessibility of quantum
computing. IBM Quantum has build various of its quantum systems within easy
reach to the general. To create this scope, IBM introduces open systems such as
Qiskit and IBM Quantum Experience to access multiple quantum computing sys-
tems. We can access the IBM Quantum computer with just a Qiskit IBMQ account.
It has offered learning opportunities for students and researchers. (IBMQ, 2021) [20]

The IBM System design is divided into three parts- End user, Classical Components
and Quantum Devices.

Users can simulate in their own local environment. They can use instruction on a
classical computer, which enters to a quantum computer through the IBM cloud.
The instructions travel as microwave pulses. These pluses has frequencies and shapes
which can control qubits and change their quantum states. They have to be in neg-
ative 459 degrees fahrenheit to travel over cables to reach the qubits. This transfor-
mation of the temperature needs about milliseconds. When the pluses interact with
the qubits, the results are sent over the cables to the classical computer. In this
process, the results are sent back to us (Quantum Computing System, 2021) [21].

Qiskit is a library of python to support quantum computing through the classical
computer and IBM cloud. It is supported in Ubuntu, macOS and Windows. More-
over, we can use python virual environments to explore Qiskit. We are using Qiskit,
as it is very convenient to use for quantum computing.
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4.2 Parameterized Quantum Circuit

Parameterized Quantum Circuit (PQC) is a special type of quantum circuit
that produces various results depending on the parameters given. The parameter-
ized circuit optimize the value of the parameters (θ) iteratively to reach the minima.
A variational form is a fixed form that uses parameterized circuits. Different
unitary gates, U(θ) which is using single or multiple parameters are applied here.
This kind of implementation of variational form on a quantum computer requires
varying the ansatz systematically. Let’s assume a starting state, |ψ〉. Usually, it
is a vacuum state |0〉. A variation form of U(θ) is applied to it and it generates,
U(θ) |ψ〉 ≡ |ψ(θ)〉, the output state. Thus, an ansatz produces an expectation value
〈ψ(θ)|H|ψ(θ)〉 ≈ Egs ≡ λmin by iterative optimization over |ψ(θ)〉 for any target
state λmin.

Any possible state |ψ〉, where |ψ〉 ∈ CN and N = 2n can be generated by a vari-
ational form of N qubit. Let’s assume a case where the number of qubits, N = 1.
The U3 unitary gate has three parameters: θ, φ and λ. And it can be represented
in the following form:

U3(θ, φ, λ) =

(
cos
(
θ
2

)
−eiλ sin

(
θ
2

)
eiφ sin

(
θ
2

)
ei(φ+λ) cos

(
θ
2

))
A variational form associated with a mentioned U3 gate can produce any possible
state for the single qubit case.The circuit is given below :

|Ψ〉 U3(θ, φ, λ) U3(θ, φ, λ) |Ψ〉

Figure 4.1: Single Qubit Variation Form

Additionally, this U3 gate is in universal variational form and has 3 optimizable
parameters. It can generate any arbitrary state to ensure that the optimization
process runs smoothly. Figure: 4.2 denotes the universal parameterized 2 qubit
circuit (Shende et al. 2003) [22].

Figure 4.2: Two Qubit Variation Form

There is a controlled version of U3 gate called Controlled-U3 or CU3 gate. It is
applied for generic single qubit rotation. According to the Qikskit-Textbook [23],
the matrix representation of CU3:

CU3(θ, φ, λ)q0, q1 = I⊗|0〉 〈0|+U3(θ, φ, λ⊗|1〉 〈1| =


1 0 0 0
0 cos

(
θ
2

)
0 −eiλ sin

(
θ
2

)
0 0 1 0
0 eiφ sin

(
θ
2

)
0 ei(φ+λ) cos

(
θ
2

)

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(4.1)

Controlled-U3 Circuit is visualized in figure: 4.3.

Figure 4.3: Controlled-U3 Circuit

4.3 Optimizers

An Optimizer updates the parameters of a variational form iteratively in order to
minimize error.
Gradient decent is a popular optimization which updates every parameter in the di-
rection of the largest local change in energy. The number of evaluations performed
depends on the number of optimization parameters present. Qiskit offers multi-
ple build-in optimizers for parameter optimization. Qiskit Aqua library contains
a variety of classical optimizers for use by quantum variational algorithms (IBMQ
Optmizers, 2021) [24]. These optimizers can be divided into two categories:

1. Local Optimizers: A local optimizer is the function which finds an optimal
value within the neighboring set of a postulant solution.

2. Global Optimizers: A global optimizer is the function which finds an optimal
value among all possible solutions.

We are going to use some local optimizers in out model. Some local optimizers:

1. COBYLA: For constrained tasks, COBYLA (Constrained Optimization By
Linear Approximation optimizer) is used. It is useful in situations where the
objective function’s derivative is unknown. Per optimization iteration, one
objective function is used. As a result, the number of assessments is unaffected
by the parameter set. Furthermore, the objective function is noise-free and
minimizes the number of evaluations conducted. Thus, the use of COBYLA
is suggested.

2. SPSA: SPSA (Simultaneous Perturbation Stochastic Approximation) is a
stochastic approximation methodology for optimizing systems with numerous
unknown parameters. It is used for large-scale population models, adaptive
modeling, and simulation optimization. The gradient of the goal function is
calculated using two measurements. This method perturbs all of the parame-
ters at the same time, in an ad hoc manner. SPSA is a recommended as the
classical optimizer while running a variational form circuit in either a noisy
simulator or on real hardware.
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3. ADAM: Adam and AMSGRAD optimizers (ADAM) is a gradient-based op-
timization approach that uses adaptive lower-order moment estimates. It is
unaffected by gradient rescaling on the diagonal. It also has non-stationary
objective functions, as well as noisy and sparse gradients.

4. POWELL: Boundaries and limitations are not considered by the Powell algo-
rithm. Powell is a conjugate direction approach where it does one-dimensional
reduction on each directional vector in a sequential manner and at each itera-
tion of the primary minimization loop, it is updated. No derivatives are taken
because the function being reduced does not have to be differentiable.

4.4 Quantum Convolutional Neural Network

QCNN (Quantum Convolutional Neural Network) proceeds like a Convolutional
Neural Network which is narrated in section 3.4. QCNN also needs to perform tasks
such as using filters, feature map, pooling, activation function and so on (Cong et al.,
2018) [5]. As previously stated in section 4.2, parameterized quantum circuit uses
variation form of optimizable gates. It is needless to perform same gate operation
among all qubits. Therefore, PQC holds the sparse connectivity property of CNN.
Furthermore, the parameters are frequently shared across the circuit, which provides
a computational advantages on optimization. For convolution and pooling, PQC
employes several unitary or controlled unitary gates. Despite the fact that there
are two types of activation functions, the non-linear activation function is used
predominantly. Although, quantum operations are linear unitary, to introduce non-
linearity, QCNN appertains measurement.

Figure 4.4: Quantum Convolutional Neural Network

With clearer visual demarcation, the QCNN is depicted in the schematic Fig. 4.4.
Here, Convolutional operations are performed using generic two-qubit unitary gates.
Two-qubit unitary gates are manoeuvred for conserving locality. Because a qubit
can interact with another qubit within its neighborhood. Besides, controlled unitary
gates signalize pooling in QCNN, since at this stage controlled unitary operation are
performed based on some particular qubit. Pooling operation transfers the control
qubit’s information to the target qubit. This procedure is designated for one layer.
For further layers, QCNN uses the same procedure frequently until it obtains the
output.
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Chapter 5

Architecture

Figure 5.1: Error Correction Model

Fig. 5.1 symbolizes the flow diagram of error correction model.

5.1 Architecture

Using QCNN for 3-qubit error correction

Using QCNN, we are introducing quantum error correction code. For error correc-
tion of 3-qubit bit-flip and phase-flip, our model circuit will obtain the encoder
part, noise channel and decoder circuit.

In Fig. 5.2, we have shown the general approach of QCNN architecture for quantum
error correction [5].

In the case of encoder circuit, our input state is q1 (any random state). q0 and q2
are our ancilla bit. Our input state will be copied to q0 and q2 by using controlled
unitary gates. This procedure is similar to representing the qubits into physical
qubits in the Shor code. Later, q0, q1 and q2 will enter our convolutional layer.
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Figure 5.2: QCNN in error correction code

As stated, qubits can interact with another qubit within its locality; our designed
model obtains two two-qubit unitary gates. Firstly q1 and q2 enter the two-qubit
unitary gate and then q0 and q1 enter two-qubit unitary gate. This circuit leads us
to an encrypted state.

Coming through the encoder circuit, q0, q1 and q2 enter the noise channel. We
consider our noise model causes error to only one qubit at each iteration.

Building the decoder circuit should have concerned the idea of reversing the quantum
circuit. As, all quantum circuits are unitary operations and UU † = 1, U † = U−1.
Thus, our decoder circuit will be exactly the mirror reflection of our encoder circuit
with the exact parameters in reverse order.

When q0, q1 and q2 reach the decoder circuit, they pass through the convolu-
tional layer again. Firstly q0 and q1 pass through a two-qubit unitary gate. Next, q1
and q2 pass through the second two-qubit unitary gate. Later, pooling is performed
on our state using controlled unitary gates. We only measure our ancilla bits (q0
and q2) to operate the activation function as QCNN. Therefore in this manner, we
build an error correction circuit for the 3-qubit system using QCNN, and our desired
state remains in q1. Our circuit can be enhanced by appertaining optimizers.

We have tried to implement our proposed error correction concept in several ap-
proaches using QCNN.

5.2 Proposed architecture version 1.0

Fig. 5.3 symbolize our designed model with 54 parameters. This architecture rep-
resents our approach to make the encoder circuit at the very beginning. Afterward,
we have constructed our decoder circuit by inverting our encoder circuit.
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Figure 5.3: Proposed architecture version 1.0

5.2.1 Encoder Circuit

Cong at el. (2018) have introduced the encoder as MERA, which is exactly inverse
of decoder [5].

Our encoder circuit contains two controlled unitary gates. Each of the controlled
unitary gates has 3 parameters which is stated in PQC section [Fig. 4.3].

Moreover, the encoder circuit contains sixteen 1-qubit unitary gates as we need two
2-qubit unitary gate. Each 2-qubit unitary gate is equivalent to eight 1-qubit gate
with 3 parameters which is described in PQC section [Fig. 4.2] (Shende et al. 2003)
[22].

Figure 5.4: Encoder circuit Version 1.0 built in qiskit library

The encoding circuit takes total 54 parameters (48 parameters for sixteen 1-qubit
gates and 6 parameters for two controlled unitary gates.) [Fig. 5.4].

24



5.2.2 Decoder Circuit

The decoder circuit is built based on the encoder circuit. As narrated earlier in
section 4.4, our decoder and encoder circuits are E† = E−1 = D. Thus, if we pass
any state in our channel, our output state is approximately the same as the target
state with no error.

Figure 5.5: Decoder circuit version 1.0 built in qiskit library

We can see in Fig. 5.5, our parameters for decoding circuit is exactly inverse of
encoder circuit.

5.3 Proposed architecture version 2.0

Fig. 5.6 represents our proposed architecture version 2.0 where we are using 21
parameters. Here we have built our decoder circuit first and then inverted the
decoder to generate the encoder.

5.3.1 Decoder Circuit

Tucci R. (2005) has presented a one-qubit unitary circuit and a two-qubit unitary
circuit architecture [25]. We have added those two circuits to our decoder circuit.
Our decoder circuit also contains pooling layers as well as convolution layers.

One Qubit Unitary Circuit

We have used Rx, Ry and Rz gate to create one qubit unitary circuit in Fig. 5.7.

Two Qubit Unitary Circuit

We have built two qubit unitary circuit by adding:

1. One qubit unitary gate

2. Rzz gate

3. Ryy gate
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Figure 5.6: Proposed architecture version 2.0

Figure 5.7: One qubit gate built in qiskit library
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Figure 5.8: Two qubit unitary circuit built in qiskit library

4. Rxx gate

In Fig. 5.8, we have shown our 2-qubit unitary circuit. This circuit requires 15
parameters.

Pooling Circuit

Here pooling circuit requires:

1. 2 One-qubit unitary circuits in two separate qubits

2. Controlled-NOT gate

3. Inverse of one-qubit unitary circuit with inverted parameters

Figure 5.9: Pooling circuit built in qiskit library

In Fig. 5.9, we have used 6 parameters for pooling circuit.

We can see in Fig. 5.10, when q0, q1 and q2 reach the decoder circuit, they pass
through the convolutional layer. Firstly, q0 and q1 pass through a 2-qubit unitary
circuit. Then q1 and q2 pass through the second 2-qubit unitary circuit. Afterwards,
q0 and q2 pass through the third 2-qubit unitary circuit. These three 2-qubit unitary
circuits of convolutional layer needed 15 parameters.
Subsequently, pooling is performed on our state by using the pooling circuit. q0
and q1 enter our fisrt pooling circuit. Then q2 and q1 go through our second pooling
circuit. Here we need 6 parameters for our pooling function as QCNN. At the last,
We measure our ancilla bits (q0 and q2) to operate the activation function as QCNN.
Therefore in this manner, we build a decoder circuit with only 21 parameters.

27



Figure 5.10: Decoder circuit version 2.0 built in qiskit library

5.3.2 Encoder Circuit

Here our encoder circuit is the reverse of the decoder circuit with inverted parame-
ters.

Figure 5.11: Encoder circuit version 2.0 built in qiskit library

In Fig. 5.11 encoder circuit accommodates inverse of pooling circuit and inverse
of convolutional layer.

5.4 Noise Model

The noise model is built based on the concept that our circuit can only correct the
1-bit flip error and only 1 phase flip distinctively. We have constructed dummy noise
models using X gate and Z gate. Our noise model implies an error in one qubit out
of three at each iteration. Therefore, a maximum of 33% of error is applied to the
circuit at each iteration.

5.4.1 Noise for bit flip

Bit flip are caused if one bit changes due to noise. Either |1〉 becomes |0〉 or |0〉
becomes |1〉, generates bit flip.
We have already discussed it in section 2.3.
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X |0〉 = |1〉
X |1〉 = |0〉

Observing this effect of X gate, we have applied X gate as representative noise for
bit flipping.

5.4.2 Noise for phase flip

Phase flip is induced whenever an qubit faces change in their relative phase. Like,
|1〉 becomes − |1〉.
We have considered this in section 2.3.

Z |1〉 = − |1〉
Z |+〉 = Z(1

2
(|0〉+ |1〉)) = 1

2
(|0〉 − |1〉) = |−〉

Analysing the changes, we have made use of Z gate as foretaste of noise for phase
flipping.
Assume a state, |ψ〉 = α |0〉+β |1〉. Now applying our noise models, we can analysis
the change.

X |ψ〉 = X(α |0〉+ β |1〉) = α |1〉+ β |0〉 which refers to bit flip.

Z |ψ〉 = Z(α |0〉+ β |1〉) = α |0〉 − β |1〉 which indicate the change in relative phase.

Thus we have used X and Z gates for noise model.

29



Chapter 6

Experiments & Results

6.1 Experiments

To experiment with our model, we used a batch optimization approach with
different batch sizes. First of all, we randomly generated two-dimensional data
according to the given batch size. Next, we normalized those two-dimensional data
to convert these into quantum states. Hence, these quantum states of a given batch
size are our experiment’s input batch. Finally, the target states are equivalent to
the input states as our goal is error correction.

In addition, the initial parameters of the circuits are chosen randomly. The
parameters bounded by the region, 0 ≤ θ ≤ 2π.

As discussed in Section 4.3, lots of open-source optimizers are available in Qiskit.
We experimented with our model using COBYLA, SPSA, and POWELL optimizers.

Moreover, it is crucial to choose appropriate cost functions during experiments. We
used the L2-Norm cost function predominantly to perform better concerning other
available cost functions. The cost function:

J(θ) =

√√√√ m∑
i=1

|yi − y′i|
2

Here, y′i = output state; yi = target state; m = batch size; i = index of input in
the batch.

For the L2-Norm cost function, the global phase of both output state and target
state needs to be removed. It means, [

α
β

]
to remove global phase, this vector needs to be transformed into,[

α′

β′

]
We used the following procedure to remove the global phase.
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α′ = |α|
if (α == 0),

β′ = |β|
else,

β′ =
β

α
· α′

Besides that, Premaratne & Matsuura (2020) [26] suggest a particular cost function
that uses inner product property to determine error for variational quantum circuits.
As this cost function uses an inner product, therefore no global phase removal is
required. The cost function:

ε = 1− |〈ψ′|ψ〉|2 (6.1)

Here, ψ′ = output state and ψ = target state.

Also, other hyperparameters such as batch size, number of epochs, number of
iterations per epoch, and so on are appropriately selected.

In the batch optimization, for every input state in that batch, 4 circuits are executed
at each iteration. 4 circuits because of no error and individual error on qubits q0,
q1 and q2. After completing one iteration, the cumulative cost of these four circuits
for all input states is calculated, and the optimizer does optimization. When the
training ends, the training error is calculated by dividing the total cost by the batch
size multiplied by 4. If L2-Norm cost function is used, then it needs to be further
divided by

√
2. Because the range of the difference between two quantum state lies

between 0 to
√

2

6.2 Results

The architecture is tested with numerous batch of input states and hyperparame-
ters. The experimental realization is discussed in this section.

To begin, a batch of 50 input states is created. The model has been experimented
with 100 iteration and 100 epoch. The chosen optimizer is COBYLA. For phase-flip
error correction, the model retrieved the input state with 90% accuracy (Approx.).
The result is graphically demonstrated in Fig. 6.1.

Similarly, The bit-flip error correction approach achieves an accuracy of nearly
86.85%. The hyperparameters are 50 Batch Size, 200 Iteration and 50 Epoch. The
result is graphically demonstrated in Fig. 6.2.

The SPSA optimizer is tested with the hyperparameters of 50 Batch Size, 100
Iteration, and 100 Epoch to draw a comparison. The bit-flip error correction model
introduces 89.29% (Approx.), and the phase-flip error correction model introduces
90.1% (Approx.) fidelity rate. See Figure: 6.3 for graphical representation.
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Figure 6.1: Result of phase-flip error correction for 50 Batch Size, 100 Iteration and
100 Epoch. (COBYLA)

Figure 6.2: Result of bit-flip error correction for 50 Batch Size, 200 Iteration and 50
Epoch. (COBYLA)

Figure 6.3: Result of bit-flip (left) & phase-flip (right) error correction for 50 Batch
Size, 100 Iteration and 100 Epoch. (SPSA)
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Optimizer Noise Iteration Number of Epoch Accuracy (Approx.)
COBYLA Phase-flip 100 100 90%
SPSA Phase-flip 100 100 90.10%
COBYLA Bit-flip 200 50 86.85%
SPSA Bit-flip 100 100 89.29%

Table 6.1: Comparison of result between COBYLA & SPSA for batch size 50.

Figure 6.4: Result of bit-flip (left) & phase-flip (right) error correction for 20 Batch
Size, 200 Iteration and 50 Epoch. (COBYLA)

Table: 6.1 shows the comparison between COBYLA and SPSA optimizers for batch
size 50.

Besides that COBYLA optimizer is experimented with other hyperparameters too.
For instance, Fig. 6.4 demonstrates result of bit-flip (left) and phase-flip (right)
error correction for 20 Batch Size, 200 iteration and 50 Epoch. The bit-flip QEC
code has an 86.53% (Approx.) fidelity rate. And the phase-flip QEC code has an
almost 82% fidelity rate.

To make a comparison, the SPSA optimizer has experimented with the hyper-
parameters of 20 Batch Size, 100 Iteration, and 50 Epoch. The bit-flip QEC
code introduces 70% (Approx.), and the phase-flip QEC code introduces 81.5%
(Approx.) fidelity rate. See Figure: 6.5 for graphical representation.

Optimizer Noise Iteration Number of Epoch Accuracy (Approx.)
COBYLA Phase-flip 200 50 82%
SPSA Phase-flip 100 50 81.5%
COBYLA Bit-flip 200 50 86.53%
SPSA Bit-flip 100 50 70%

Table 6.2: Comparison of result between COBYLA & SPSA for batch size 20.

Table: 6.2 shows the comparison between COBYLA and SPSA optimizers for batch
size 20.
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Figure 6.5: Result of bit-flip (left) & phase-flip (right) error correction for 20 Batch
Size, 100 Iteration and 50 Epoch. (SPSA)

Figure 6.6: Result of bit-flip (left) & phase-flip (right) error correction for 10 Batch
Size, 200 Iteration and 50 Epoch. (COBYLA)

To see how the model reacts to smaller batch size, we experimented COBYLA &
SPSA with 10 batch size, 200 iteration & 50 epoch. For COBYLA, the bit-flip
QEC code introduce 86.25% (Approx.), while the phase-flip QEC code introduces
73.93% (Approx.) fidelity rate. For SPSA, the bit-flip QEC code introduces 86.74%
(Approx.), while the phase-flip QEC code introduces 84% (Approx.) fidelity rate.
See Fig. 6.6 (COBYLA) & 6.7 (SPSA) for graphical representation. Also, see the
Table. 6.3 for comparison between the optimizers.

Optimizer Noise Iteration Number of Epoch Accuracy (Approx.)
COBYLA Phase-flip 200 50 73.93%
SPSA Phase-flip 200 50 84%
COBYLA Bit-flip 200 50 86.25%
SPSA Bit-flip 200 50 86.74%

Table 6.3: Comparison of result between COBYLA & SPSA for batch size 10.

Table: 6.3 shows the comparison between COBYLA and SPSA optimizers for batch
size 10.
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Figure 6.7: Result of bit-flip (left) & phase-flip (right) error correction for 10 Batch
Size, 200 Iteration and 50 Epoch. (SPSA)

Figure 6.8: Result of bit-flip (left) & phase-flip (right) error correction for 5 Batch
Size, 100 Iteration and 25 Epoch. (POWELL)

The POWELL optimizer takes huge time to complete each iteration of a given
circuit. Therefore, a tiny batch size of 5 input states has experimented with 100
iteration and 25 epoch. It achieves a fidelity rate of 85% for bit-flip error and
85.75% for phase-flip error (See Fig. 6.8). The same experiment is performed on
the COBYLA optimizer, and it generates a fidelity rate of 86.35% for the bit-flip
and 88.08% for the phase-flip error (See Fig. 6.9). Lastly, the SPSA optimizer
generates a fidelity rate of 71.50% for the bit-flip and 58.88% for the phase-flip
error (See Fig. 6.10).

Table: 6.4 shows the comparison between COBYLA, SPSA and POWELL optimiz-
ers for batch size 5.

Table: 6.5 shows the comparison of average optimization time between COBYLA,
SPSA and POWELL optimizers.

The optimization process requires certain times to complete. Depending on the
optimizer, different amounts of time are needed. Moreover, the time it requires to
complete the training process is determined by the device on which the model is
trained. Based on the above experiments, a comparison between the time needed for
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Figure 6.9: Result of bit-flip (left) & phase-flip (right) error correction for 5 Batch
Size, 100 Iteration and 25 Epoch. (COBYLA)

Figure 6.10: Result of bit-flip (left) & phase-flip (right) error correction for 5 Batch
Size, 100 Iteration and 25 Epoch. (SPSA)

Optimizer Noise Iteration
Number of

Epoch Accuracy (Approx.)
COBYLA Phase-flip 100 25 88.08%
SPSA Phase-flip 100 25 58.88%
POWELL Phase-flip 100 25 85.75%
COBYLA Bit-flip 100 25 86.35%
SPSA Bit-flip 100 25 71.50%
POWELL Bit-flip 100 25 85%

Table 6.4: Comparison of result between COBYLA, SPSA & POWELL for batch
size 5.
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Optimizer Batch size Iteration
Number of

Epoch
Average optimization

time (in seconds)
COBYLA 5 100 25 1408
SPSA 5 100 25 3435
POWELL 5 100 25 11224
COBYLA 10 200 50 44579
SPSA 10 200 50 73596
COBYLA 20 200 50 58967
SPSA 20 100 50 75350
COBYLA 50 100 100 50547
SPSA 50 100 100 76083

Table 6.5: Comparison of average optimization time between COBYLA, SPSA &
POWELL.

optimization for different optimizers is given in Table: 6.5. Due to CPU utilization,
these numbers may differ from device to device. However, it does provide some
insight into the efficiency of such optimizers.

The above experimental findings provide a broad overview of the model’s capabili-
ties. The maximum fidelity rate is achieved roughly 90% from our experiments. The
findings imply a relation between batch size and other hyperparameters. Hence,
desynchronization could produce bottleneck issues in the model. Experiments
show that a bigger batch size combined with proper iteration and epoch speeds
up the fine-tuning of parameters. Further, the imbalance between iteration and
epoch may cause underfitting. However, an abundance of iteration and epoch can
cause the model to memorize the input states, leading to overfitting. Therefore,
cautiously choosing the hyperparameters may avoid generalization error. On the
other hand, experiments with various optimizers yield a variety of results. The
comparison of optimization time between optimizers from Table: 6.5 indicates that
the POWELL optimizer requires extensive time to optimize. This much time is
too expensive to use in our model. SPSA demands a shorter amount of time than
POWELL. However, the COBYLA optimizer has a faster efficiency than either
of these two. Regarding effectiveness, SPSA often pulls off a reasonable accuracy
rate. But it has a considerable amount of spikes during the optimization process.
Conversely, COBYLA consistently tries to minimize the error while maintaining a
high accuracy rate. As a result, COBYLA outperforms the other two optimizers
for this model. c

The source code of our model can be found at: Github Link
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Chapter 7

Conclusion

In our research, we demonstrated an error correction scheme using Quantum Convo-
lutional Neural Network (QCNN). We presented two distinct architectures of QCNN
that use different parameterized quantum circuits. Further, we did experiments us-
ing different hyperparameters and optimizers. Finally, we were able to retrieve
quantum states at an almost 90% fidelity rate.
In addition, we applied both basic noise types, bit-flip, and phase-flip, individually.
The shared parameters across the model are optimized iteratively. With enough
iteration, our parameters are fine-tuned by the optimizer, and the error is converged
to a minima. It is inferred from the experiment that this model could generate an
error correction scheme for any arbitrary error. As a result, our approach will render
the necessity of a hand-made error correcting circuit superfluous for any arbitrary
error.
Although our Quantum Error Correction (QEC) code can reduce the bit-flip and
phase-flip error separately but independently, it is conceivable to create a QEC code
that minimizes both of the errors concurrently. Going forward, developing a 9-Qubit
error correction model that can maneuver both errors simultaneously can be a future
direction. Moreover, the built-in optimizers from the Qiskit library are adopted in
our model. Another important work could be to craft a more suitable optimizer
for this particular error correction task. Focusing on improving these areas may
enhance the performance of our model significantly.
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