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ABSTRACT

Quantum Machine Learning (QML) is a discipline of research at the intersection

of quantum information and machine learning that leverages quantum mechanical

properties to enhance computational capabilities. With its emergence, there is a need

to integrate QML models into machine learning pipelines for real-life applications

such as image processing. While standalone programs exist to demonstrate the per-

formance of QML models, a well-defined model workflow is noticeably absent. This

thesis thoroughly explores various existing QML models and their practical utility in

image processing tasks, with the aim of constructing a robust QML library.

Throughout this thesis, we develop piQture, an open-source Python and Qiskit-

based library that streamlines the development, training, and evaluation of QML

models. Its design and structure prioritize usability among users familiar with classi-

cal machine learning without prior QML experience. Further, piQture is augmented

with automated building, testing, and packaging workflows that enhance software

reliability and reproducibility. Finally, we provide strategies to facilitate model man-

agement and storage within piQture for practical adoption and future analysis of

pre-trained QML models.
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Chapter 1

Introduction

Quantum Machine Learning (QML) is a discipline of research that lies at the intersec-

tion of quantum information and machine learning [104]. It leverages the distinctive

properties of quantum systems to augment the computational capabilities of ma-

chine learning models in terms of speedup, complexity, simulation, and more [10].

This advantage occurs when computationally complex tasks, such as specific classical

subroutines, predictive models, or optimization processes [104], are delegated to a

dedicated quantum processing unit.

In our thesis, we primarily explore the Hybrid Quantum-Classical (HQC) QML

algorithms and their practical applications in supervised machine learning, specifi-

cally for image classification tasks. Our primary objective is to construct a robust

QML library, named piQture, that seamlessly integrates different stages of a QML

workflow. piQture is an automated tool designed to accommodate users familiar

with classical machine learning but without prior experience in QML, positioning

itself as a user-friendly entry point into QML. We streamline the library by defining

automated workflows within the GitHub Actions1 platform, providing the necessary

setup for its Continuous Integration and Delivery (CI/CD). To realize piQture, we use

IBM’s Software Development Kit (SDK), known as Qiskit [44], thereby solidifying our

contributions to QML. The thesis concludes with a comprehensive evaluation of the

contributions made by developing piQture and potential avenues for enhancements

and extensions to it in the broader field of image processing.

This chapter, presents the underlying motivation behind our research, the problem

statement, and the contributions this thesis makes to QML and image processing.

1https://github.com/features/actions



2

1.1 Motivation

The rapid evolution of quantum computing presents a compelling need to explore

its practical applications. Simultaneously, the ongoing advancements in Digital Im-

age Processing (DIP) highlight the need to explore its integration with emerging

quantum technology. While DIP has presented unfathomable advancements in com-

puter vision, remote sensing, security and surveillance, medical image analysis, and

more, several challenges persist. These include issues related to the scalability of

machine learning models to handle massive datasets, computational costs associated

with processing images in high-dimensional feature spaces, and limitations in hard-

ware capabilities [21,54]. With the ability to support quantum mechanical processes,

the advancement of quantum computing presents new avenues for improvement in

image processing.

Quantum computers support HQC algorithms that execute computationally com-

plex tasks on a Quantum Processing Unit (QPU) using Parameterized Quantum Cir-

cuits (PQC) with tunable unitary operations. These PQC contain trainable parame-

ters that are subject to fine-tuning through a classical optimization loop [23,80,87,92,

141]. Orchestrating these algorithms necessitates a dedicated workflow that manages

the execution of quantum circuits on designated processors.

QML algorithms are HQC algorithms. While standalone programs exist to demon-

strate the performance of QML models on image processing, a well-defined model

workflow is noticeably absent [13, 127]. This absence of a structured and automated

workflow hinders the seamless applicability of QML models in real-world applications,

emphasizing the need for purpose-built and open-source pipelines [26]. Therefore, de-

veloping a library that integrates the HQC approach is a crucial step to exploring the

potential of QML algorithms in real-world applications [127].

1.2 Problem Definition and Research Questions

The following research questions guide the research presented in our thesis:
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RQ1: What are the most common QML models? How are these models

applied to image processing?

RQ2: What is an effective architecture and workflow for a software library

for implementing QML algorithms for image processing?

RQ3: How can the developed workflow be streamlined to facilitate con-

tinuous integration, packaging, and deployment of QML models?

1.3 Contributions

The contributions of our thesis are summarized as follows:

C1: A thorough exploration of existing QML models and their utiliza-

tion in supervised machine learning tasks, focusing on image clas-

sification.

C2: The development of an open-source library, called piQture that

seamlessly facilitates development, execution, and training of QML

models for image processing tasks, prioritizing user-friendly func-

tionality.

C3: The integration of various automation techniques into our piQture

pipeline to ensure robust and automated testing, packaging, and

deployment of QML models.

1.4 Our Approach

To address RQ1, we comprehensively study existing QML models and discern their

architectural differences and implementation methodologies. This effort establishes

the groundwork for effectively utilizing these models for image processing.

To answer RQ2, we design and develop an open-source Python and Qiskit-based

library that streamlines the development, execution, and training of QML models

for image processing tasks. We actively test and build the source code in this stage,

utilizing GitHub Actions to establish a CI/CD framework.

For the third research question (RQ3), we focus on integrating the pipeline work-

flow with various automation techniques to ensure robust deployment of the QML

models. We employ various Machine Learning Operations (MLOps) techniques to au-

tomate and manage the Quantum Software Development Lifecycle (QSDLC). Finally,
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we facilitate model management and storage within piQture for practical adoption

and future analysis of pre-trained QML models.

1.5 Outline

This chapter introduces the research undertaken in this thesis, shedding light on

the underlying motivation, problem statements, and research contributions. The

subsequent chapters establish the groundwork for formalizing a CI/CD QML pipeline

tailored for image processing.

Starting with Chapter 2, we present the essential background and existing liter-

ature on QML models, laying the groundwork for subsequent chapters. Chapter 3

explores the different data embedding and image representation techniques in de-

tail. Moving forward, Chapter 4 provides a detailed description of the various QML

models primarily used for image classification. Chapter 5 outlines the methodologies

employed in designing and constructing the piQture library. Chapter 6 discusses the

strategies for automating and deploying the piQture library. Chapter7 provides a

quick start guide for utilizing the piQture library. Finally, Chapter 8 summarizes

and concludes this thesis and provides insights into possible future work.
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Chapter 2

Background and Related Work

This chapter offers a comprehensive overview of the background and landscape of

QML. This groundwork helps to set the stage for a thorough examination of QML

models and workflows and their practical impact on advancing image processing ca-

pabilities using quantum computers. Our thesis primarily explores HQC QML algo-

rithms and their applications in supervised machine learning, specifically for image

classification tasks. We also discuss potential uses in the broader field of image pro-

cessing.

We review various data embedding techniques, including Quantum Image Rep-

resentation (QIR) methods in Section 2.1. Section 2.2, presents an extensive back-

ground on QML algorithms for image classification, including Variational Quantum

Algorithms (VQA) (Subsection 2.2.3), Quantum Tensor Networks (QTN) (Subsec-

tion 2.2.4), and Quantum Neural Networks (QNN) (Subsection 2.2.5). Finally, we

discuss the strategies for constructing QML workflows and highlight significant exist-

ing QML software frameworks in Section 2.3.

2.1 Data Embedding

QML algorithms rely on classical data inputs and thus must employ HQC work-

flows [92]. Aimeur et al. [4] introduced the encoding framework for using classical data

for learning tasks on quantum devices. Subsequently, Schuld et al. [104] expanded

and elaborated this framework. The hybrid approach sparked the development of

sophisticated data embedding strategies that encode classical inputs effectively for

quantum circuits. LaRose and Coyle [56] outlined several common approaches for en-
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coding classical data, such as Basis Encoding, Amplitude Encoding, Angle Encoding,

Hybrid Encoding, Time-Evolution Encoding, and Hamiltonian Encoding [56].

2.1.1 Quantum Image Representations

With the onset of quantum image processing research, various Quantum Image Rep-

resentation (QIR) methods emerged. Each method is tailored to encode image data

in a quantum framework, such as pixel position and color information. In 2003,

Venegas-Andraca and Bose introduced the Qubit Lattice model [116], presenting a

quantum mechanical technique capable of initializing qubits by detecting different

electromagnetic waves. This model generated a quantum state representing an image

across the entire spectrum of frequencies, extending beyond the visible spectrum. In

2005, Latorre et al. introduced the Real Ket method [57], leveraging superposition

to represent images on a quantum computer. In 2010, Venegas-Andraca and Ball

introduced the notion of an Entangled Image representation [115] that utilizes the

quantum mechanical property of entanglement to represent digital images. After

these seminal contributions, QIR techniques have followed the traditional gate-based

representation of quantum operations. These operations constitute the crucial step

of data embedding for encoding classical image data such as pixel position, color

intensity, transparency, and more as a quantum state representation. Table 2.1 com-

pares the existing QIR models based on their qubit requirements and type of color

encoding. Some of these models are discussed below.

Flexible Representation of Quantum Images (FRQI): In 2011, Le et al. pro-

posed the FRQI [59], enabling the representation of grayscale square images on quan-

tum devices. FRQI utilized n+ 1 qubits to encode 2n × 2n pixels and their intensity

values. While the pixel positions were represented using the Walsh-Hadamard trans-

form and encoded in the basis state of the quantum circuit, the pixel intensities

were encoded in the probability amplitudes of the quantum state, notably through

parameters such as the θ value of a controlled rotation gate like Ry.

Expansions on FRQI

Expanding on the FRQI method, in 2011, Sun et al. [112] proposed the Multi-Channel

Representation of Quantum Images (MCRQI). MCRQI extended the framework to

accommodate the RGB-α channels of an image, effectively encoding the primary
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Table 2.1: Quantum Image Representation Methods

Authors Year QIR Method Qubit Reqs. Image Size Intensity Range Color Encoding

Le et al. [59] 2010 FRQI 2n+ 1 2n × 2n [0, π
2
] Probability Amplitude

Sun et al. [112] 2011 MCRQI 2n+ 3 2n × 2n [0, π
2
] Probability Amplitude

Zhang et al. [136] 2013 NEQR 2n+ q 2n × 2n [0, 2q − 1] Basis State

Zhang et al. [137] 2013 QUALPI n1 + n2 + q 2n1 × 2n2 [0, 2q − 1] Basis State

Li et al. [67] 2014 NASS 2n+ 1 2n × 2n [0, π
2
] Probability Amplitude

Jiang and Wang [48] 2015 INEQR n1 + n2 + q 2n1 × 2n2 [0, 2q − 1] Basis State

Jiang et al. [47] 2015 GQIR h+ w + q H ×W [0, 2q − 1] Basis State

Li et al. [69] 2016 FRQCI 2n+ 1 2n × 2n [0, π
2
] Probability Amplitude

Sang et al. [100] 2016 NCQI 2n+ 3q 2n × 2n [0, 2q − 1] Basis State

Abdolmaleky et al. [1] 2017 QMCR 2n+ 3q 2n × 2n [0, 2q − 1] Basis State

Jiang et al. [46] 2017 QPC mi + (mx +my

+mz) +ma + 1

⟨Xi, Yi, Zi, Ai, fi⟩ [0, 2q − 1] Basis State

Liu et al. [74] 2018 OCQR 2n+ q + 2 2n × 2n [0, 2q − 1] Basis State

Li et al. [65] 2018 BRQI 2n+ p+ 1

or 2n+ p+ 3

2n × 2n [0, 2q − 1]

p = log q

Basis State

Sahin and Yilmaz [99] 2018 QRMW n1 + n2 + q + b 2n1 × 2n2 [0, 2q − 1] Basis States

Zhou et al. [142] 2018 QRMMI 2n+ q + k 2n × 2n

2k images

[0, 2q − 1] Basis State

Wang et al. [123] 2019 QRCI 2n+ p+ 3 2n × 2n [0, 2q − 1]

p = log q

Basis State

Li and Liu [68] 2019 Improved FRQI

(FRQCI)

2n+ 1 2n × 2n [0, π
2
] Probability Amplitude

Khan [53] 2019 IFRQI 2n+ q
2

2n × 2n [0, π
2
] Probability Amplitude

Wang et al. [120] 2019 QIIR 2n+ 2p+ q 2n × 2n

2p pallete

[0, 2q − 1] Basis States

Li et al. [66] 2019 GNEQR 2n+ q + 2 2n × 2n [0, 2q − 1] Basis State

Xu et al. [132] 2019 OQIM 2n+ 2 2n × 2n [0, π
2
] Probability Amplitude

Xu et al. [132] 2019 mOQIM 2n+ k + 2 2n × 2n

2k images

[0, π
2
] Probability Amplitude

Li et al. [66] 2019 QRDS 2n+ 34 2n × 2n 32-bit float-point Basis State

Li et al. [66] 2019 QCDSA 2n+ 66 2n × 2n Two 32-bit

float-points

Basis State

Li et al. [66] 2019 QCDSE 2n+ 66 2n × 2n Two 32-bit

float-points

Basis State

Liu et al. [75] 2019 QBIR 2n+ q 2n × 2n [0, 2q − 1] Basis States

Grigoryan and Agaian [31] 2020 FTQR n1 + n2 + 1 2n1 × 2n2 [0, π
2
] Probability Amplitude

Wang et al. [122] 2020 DQRCI 2n+ p+ 6 2n × 2n

2 images

[0, 2q − 1]

p = log q

Basis State

Nasr et al. [81] 2021 EFRQI 2n+ 1 2n × 2n [0, π
2
] Probability Amplitude

Nasr et al. [81] 2021 ENEQR 2n+ q + 1 2n × 2n [0, 2q − 1] Basis State

Chen et al. [16] 2021 QIRHSI 2n+ q + 2 2n × 2n [0, π
2
]

I = [0, 2q − 1]

Probability Amplitude

(H, S), Basis State (I)

Haque et al. [36] 2023 SCMFRQI 2n+ 1 2n × 2n [0, 2q − 1] Basis State

Levaillant [61] 2024 BRQMI 2n+ p+ k + 1

or 2n+ p+ k + 3

2n × 2n

2k images

[0, 2q − 1]

p = log q

Basis State
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colors (RGB) and pixel transparency α information. In 2016, Li et al. introduced wa-

termarking capabilities to FRQI with the Flexible Representation of Quantum Color

Images (FRQCI) method [69] by encoding a watermark image within probability

amplitudes of the same quantum state representing the colored image.

The Improved FRQI method, proposed in 2018 by Li and Liu [68], upgrades the

traditional FRQI [59] method by encoding different color channels within the phase

of a qubit state. This method is different from FRQCI [69], as Improved FRQI

specifically stores the Red channel in the θ phase, while the Green and Blue channels

are stored in the ϕ phase of a qubit state.

In 2020, Nasr et al. [81] introduced Enhanced Flexible Representation of Quantum

Images (EFRQI), an enhancement of FRQI that encodes grayscale values of an image

in the amplitude of the quantum state using a partial negation operator.

Novel Enhanced Quantum Representation (NEQR): In 2013, Zhang et al.

introduced the NEQR [136] method that allows the representation of squared colored

images. NEQR necessitates the 2n + q qubit requirement to encode intensity values

within the range of [0, 2q]—typically [0, 255]—in the basis state of a quantum circuit.

Expansions on NEQR

Building upon NEQR, in 2015, Jiang and Wang [48] proposed the Improved Novel

Enhanced Quantum Representation (INEQR) to represent non-squared images with

dimensions 2n1×2n2 . INEQR maintains the n1+n2+q qubit requirement to facilitate

efficient representation of images of non-square formats.

Furthering these advancements, in 2015, Jiang et al. introduced the Generalized

Quantum Image Representation (GQIR) [47] to represent images of arbitrary size

h × W . GQIR achieves this using a logarithmic number of qubits h + w, where

h = ⌈log2H⌉ and w = ⌈log2W ⌉. However, GQIR introduces redundancies of (2h−H)

rows and (2w − W ) columns resulting from the redundant binary representation of

the pixel positions.

Following these developments, in 2019, Li et al. presented a comprehensive ap-

proach called Generalized Novel Enhanced Quantum Representation (GNEQR) [66].

GNEQR serves as a generalization of the NEQR [136], the INEQR [48], and the

NCQI [100] representations. It utilizes 2n+ q + 2 qubits to efficiently represent pixel

positions in 2n qubits, color channel index in 2 qubits, and grayscale magnitudes up

to 2q in q qubits.
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In 2021, Nasr et al. introduced the Enhanced Novel Enhanced Quantum Represen-

tation (ENEQR) [81] method, building upon the NEQR approach. ENEQR enhances

the encoding of grayscale values by encoding them directly into the basis state of the

qubit. By introducing an auxiliary qubit, color information is encoded using one

2n-CNOT gate to load pixel positions and q CNOT gates to encode grayscale val-

ues within a quantum circuit. This modification leads to a reduction in the overall

quantum cost and time complexity of the encoding process.

Haque et al. [36] proposed the State Connection Modification FRQI (SCMFRQI)

model that improves upon the ENEQR framework by minimizing the number of Tof-

foli gates for state preparation with reset gates, thereby streamlining the encoding

process. Moreover, Haque et al. [35] proposed models, such as the Zero-discarded

State Connection NEQR (ZSCNEQR) and the Non-Zero NEQR (NZNEQR), to re-

duce the need for Toffoli gates further.

Sang et al. [100] proposed the Novel Quantum Representation of Color Digital

Images (NCQI) method by combining the MCQRI [112] and NEQR [136] techniques

to encode RGB channels of colored images in the basis states of a qubit sequence.

NCQI efficiently utilizes 3q qubits to store the three color channels. While limited

to square images, NCQI achieves a quadratic reduction in time complexity for image

preparation compared to MCRQI.

Xu et al. in 2019 [132] proposed the Order-Encoded Quantum Image Model

(OQIM) that encodes pixels in an ascending order of their grayscale magnitude.

OQIM utilizes 2n + 2 qubits, where 2n qubits encode the sorted positions of the

pixels in the basis state, while the remaining qubits encode the grayscale values and

original pixel indices in the amplitude of the quantum state. Furthermore, the au-

thors also introduce a variant termed mOQIM [132], that extends the capabilities of

OQIM to encode multiple images. mOQIM necessitates an additional k qubits to

encode 2k images within a single representation.

The Quantum Block Image Representation (QBIR) method, as presented by Liu

et al. [75], represents an image of size 2n × 2n on 2n + q qubits. QBIR introduces

a distinct process involving iterative encoding procedures representing sub-blocks of

size 2w×2w, where w ≤ n. This decomposition strategy aims to facilitate the shuffling

of sub-blocks within the original image, thereby enabling the creation of an encrypted

image.
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Quantum Log-Polar Image (QUALPI): In 2013, Zhang et al. [137] introduced

the QUALPI representation method that stores and processes images with log-polar

coordinates. In a log-polar representation of a digital image, each pixel has two

attributes ρ and θ that denote log-radius and angular position, respectively. Inspired

by the FRQI method, QUALPI requires n1 + n2 qubits to store an image with 2n1

log-radius values and 2n2 angular orientations. An additional q qubits store the color

information, in the range [0, 2q − 1], in the basis state of the qubit sequence.

n-qubit Normal Arbitrary Superposition State (NASS) In 2014, Li et al. [67]

introduced the NASS for image representation that encodes pixel positions as a super-

position of the basis states. For a multi-dimensional image of size 2n×2n×2n, NASS

requires 3n qubits to encode the binary pixel position information. The color infor-

mation of the image is normalized in the range
[
0, π

2

]
and encoded as the probability

amplitude in the circuit.

Optimized Quantum Representation of Colored Images (OCQR): In a fur-

ther optimization, Li et al. introduced the OCQR [74] method. OCQR requires ap-

proximately one-third of the qubits needed by NCQI, encoding RGB channel index

and values in q+2 qubits. This includes a spare index representation for additional fea-

tures like pixel transparency, resulting in a total requirement of 2n+q+2 qubits. Ad-

ditionally, in 2017, Abdolmaleky et al. proposed the Red-Green-Blue Multi-Channel

Quantum Representation (QMCR) [1], a model similar to NCQI.

Quantum Point Cloud (QPC): In 2017, Jiang et al. presented the QPC [46]

representation that enabled the representation of a 3D image model. QPC utilizes

the point cloud information of a model in a 3-dimensional coordinate system and

offers efficient quantum representation techniques for spatial data. In a point cloud

P , each point is represented as a tuple of X, Y, and Z coordinates, point attributes

A, and a boolean f indicating whether the point attribute is an original value or a

difference arising from overlap with other points. A point pi is expressed as,

pi = ⟨Xi, Yi, Zi, Ai, fi⟩ (2.1)

For representing mi points in a point cloud with coordinates Xi, Yi, and Zi, QPC

requires mi + (mx +my +mz) +ma + 1 qubits.
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Bitplane Representation of Quantum Images (BRQI): Li et al. in 2018 [65]

proposed the BRQI method that offers an innovative solution to employ binary color

values ∈ {0, 1} to encode images on a quantum device. Each pixel, with a grayscale

value within the range of 2q, can be decomposed into q binary color bits, called bit-

planes. These bitplanes can be superimposed onto the same pixel index using p = log q

qubits, while a single qubit can encode the color value. The pixel index representation

aligns with that proposed in NEQR [136], requiring a total of 2n qubits for an image

of size 2n × 2n. For colored images, BRQI introduces two additional qubits that dif-

ferentiate between color channels, leaving a spare channel index. Consequently, the

qubit requirement for BRQI is 2n + p + 1 for grayscale images and 2n + p + 3 for

colored images.

Expansions on BRQI

Wang et al. introduced a model akin to BRQI [65], named Quantum Representation

Model of Colored Digital Images (QRCI) [123]. QRCI also employs bitplane infor-

mation to encode color images in a quantum circuit. However, QRCI diverges in

its qubit utilization for storing color information. Unlike BRQI, which uses a single

qubit for a binary color value, QRCI uses three qubits to store the RGB color values,

respectively. Therefore, the total qubit requirements of QCRI is 2n + 6, where 2n

qubits encode pixel indices, three qubits represent RGB color values, and three qubits

store the bitplane information.

In 2020, Wang et al. proposed the Double Quantum Color Images Representation

(DQRCI) [122] building upon the QRCI [69] method. DQRCI enables the simultane-

ous encoding of two images in a superposition state on a quantum circuit. It requires

2n+p+6 qubits to store an image of size 2n×2n and allocates an additional 3 qubits

to store the color information of the second image.

Quantum Representation Model for Multiple Images (QRMMI): In 2018,

Zhou et al. [142] introduced the QRMMI method, which was the first model to encode

multiple images on a quantum computer. QRMMI utilizes 2n + q + k qubits to

represent 2k colored images. The pixel indices and color values are represented in the

basis state, whereas image indices are encoded using an additional k qubits.

Quantum Signal Representation (QSR): In the same year, Li et al. [66] pro-

posed the QSR method encompassing three models designed to store data, such as
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signals as a sequence of discrete real or complex values.

The first model, Quantum Representation of Real-valued Digital Signals (QRDS),

facilitates the representation of a single floating-point number on a quantum circuit. A

32-bit floating-point number has three parts of information: the sign (1 bit), exponent

(8 bits), and mantissa (23 bits). QRDS utilizes 1, 8, and 23 qubits to represent these

components, respectively. Moreover, 2n+ 2 qubits are needed to encode the position

and color indices. Consequently, QRDS utilizes a total of 2n+34 qubits to represent

a colored image of size 2n × 2n.

The second model in QSR is the Quantum Representation of Complex-valued

Digital Signals with Algebra form (QCDSA), which enables the encoding of a com-

plex number in the algebraic form C(t) = iCI(t) + CR(t). Here, CI(t) and CR(t) are

the 32-bit floating-point numbers representing the imaginary and real parts, respec-

tively. QCDSA effectively combines multiple QRDS encodings to represent complex

numbers.

The third model, Quantum Representation of Complex-valued Digital Signals with

Exponential form (QCDSE), represents a complex number with exponential form,

C(t) = r(t)eiθ(t), on a quantum circuit. Here, the modulus r(t) and the θ(t) are 32-

bit floating-point numbers. The qubit requirement of QDCSE is equivalent to that

of the QCDSA model.

Other QIR models

In 2018, Sahin and Yilmaz [99] proposed the Quantum Representation of Multi-

Wavelength Images (QRMW) method with a novel approach to represent multi-

spectral images on quantum computers. In multi-spectral images, different wave-

lengths of light are captured, forming stacks of n bands of light intensity data. QRMW

encodes these spectral bands using b = ⌈log2 n⌉ qubits, where each color value within

the range 2q uses q qubits for representation. Hence, QRMW requires n1 + n2 qubits

to encode a multi-spectral image of size 2n1 ×2n2 . Remarkably, for larger image sizes,

QRMW utilizes fewer qubits compared to MCQRI [112].

In 2022, Chen et al. proposed the Quantum Image Representation method based

on the HSI color space model (QIRHSI) [16] model, specializing in encoding the Hue

(H) and Saturation (S) values in the amplitude of a quantum state. Meanwhile, the

Intensity (I), ranging within 2q, is encoded in the basis state of a qubit. This encoding

method requires 2n qubits for pixel position, q qubits for intensity, and 2 qubits for
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hue and saturation values.

2.2 QML Algorithms for Image Classification

In 2014, several authors, including Schuld et al. [101] and Wittek [130], started to

categorize the emerging QML algorithms based on the quantum subroutines they em-

ployed. Naturally, many of these new algorithms were directly adapted from classical

machine learning algorithms. One key approach was to invoke subroutines on the

quantum side. For example, the K-median and Hierarchical clustering algorithm by

Aimeur et al. [5] and the Support Vector Machines algorithm by Anguita et al. [3]

used Grover’s search as a subroutine [32].

The Harrow–Hassidim–Lloyd (HHL) algorithm [37] solves a quantum system of

linear equations by approximating the expectation value of the vector −→x satisfying

A−→x =
−→
b . This algorithm inspired and facilitated the development of many cur-

rent QML algorithms [19], including the Quantum Support Vector Machine (QSVM)

algorithm [96].

2.2.1 Quantum Support Vector Machines

The QSVM is the quantum counterpart of a classical Support Vector Machine (SVM)

that performs binary classification by producing a maximum-margin linear decision

boundary in a higher dimensional space. However, this routine becomes tedious in

higher dimensions, posing challenges in separating non-linear surfaces with a decision

hyperplane. As a solution, SVM is also formulated using the Lagrangian method in

the dual form [82] requiring a kernel method to calculate the distance between the

data inputs.

The QSVM algorithm proposed by Rebentrost et al. [96] generates a linear decision

boundary through an HHL subroutine and subsequently classifies the data points with

a SWAP test [15]. However, Rebentrost et al. [96] suggest that with the natural ability

of quantum computers to map data to higher dimensional spaces, evaluation of inner

products, in the dual form of SVM, can be done faster on a quantum computer.

Havelicek et al. [38] expand this idea by presenting kernel methods and quantum

feature maps that non-linearly map data inputs to higher-dimensional quantum states,

aiding the estimation of the required kernel function. These quantum feature maps

are extremely useful in the application of VQA and are discussed subsequently in
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Subsections 2.2.2 and 2.2.3.

In 2015, Li et al. [70] implemented the QSVM algorithm to classify handwritten

digits. Their model implemented the HHL algorithm to acquire the hyperplane pa-

rameters, followed by a training-data oracle U , that constructs the quantum state

|−→x ⟩, and its inverse U † to measure the fidelity between the states. Yang et al. [133]

expanded this work by implementing an optimized version of the HHL algorithm and

training-data oracle on Iris [27] and OCR [20] datasets. The model was run on an

IBM Quantum device, namely IBMQX2, to achieve an accuracy of 98% and 99.5%

on the respective datasets.

2.2.2 Kernel Methods

In 2018, both Havlicek et al. [38] and Schuld et al. [103] introduced a quantum kernel

method that utilizes feature maps to estimate the fidelity between input data. A ker-

nel approximated as a quantum sub-routine is then plugged into the dual form SVM

to obtain a decision hyperplane for classification purposes. These kernel methods were

dubbed as implicit models [45]. In 2021, Schuld [102] further extended the theory on

quantum models formulated as kernel methods and compared their performance with

Variational Quantum Algorithms (VQA).

Subsequently, in the same paper, Havlicek et al. [38] proposed a family of feature

maps called the Pauli feature maps that are utilized as a quantum sub-routine in the

kernel estimator models for classification purposes. Pauli feature maps are discussed

in detail in Chapter 4. In 2020, Suzuki et al. [113] analyzed these Pauli feature maps

to evaluate their performance in classifying the circles, moon, exponential, and xor

datasets.

The kernel estimator model proposed by Havlicek et al. [38] was later bench-

marked by Park et al. [88] on multiple datasets, including the XOR, Wines, Breast

Cancer, Digits, and custom complex datasets. They utilized various feature maps

to implement a quantum kernel, including the Pauli-ZZ and Pauli-YY feature maps.

The kernel method showed an accuracy of 98− 100% with different feature maps.

2.2.3 Variational Quantum Algorithms

VQA are HQC algorithms that contain tunable unitary operations called Parame-

terized Quantum Circuits (PQC). These algorithms use a classical optimizer to train



15

these parameters, which is useful in the Noisy Intermediate-Scale Quantum (NISQ)

era [93].

Two workhorses of quantum computing, the Variational Quantum Eigensolver

(VQE) [92] and the Quantum Approximate Optimization Algorithm (QAOA) [23],

are based on the VQA principle. QAOA is geared towards combinatorial opti-

mization problems and utilizes a combination of problem-specific and mixer uni-

taries. Whereas, VQE focuses on finding the ground state energy of quantum sys-

tems through a tailored ansatz, an initial assumption of a quantum subroutine that

approximates a solution to the problem. VQE and QAOA both employ PQC [107]

as a part of their ansatz, along with classical optimization in a hybrid framework to

minimize an objective function iteratively.

For example, Peruzzo et al. [92] introduced a Unitary Coupled Clustered (UCC)

ansatz to obtain the ground state of an energy Hamiltonian using the VQE algorithm.

In 2017, Kandala et al. [51] proposed a hardware-efficient ansatz that shortens the

circuit depth by exploiting qubit symmetries on the hardware and brings correlated

qubits closer. In 2019, Sim et al. [107] proposed several combinations of ansätze based

on their ability to represent quantum states in the Hilbert Space. These ansätze

were utilized by Hur et al. in 2022 [43] in building Quantum Convolutional Neural

Networks (QCNN). Another approach to implementing such ansätze is employing

Quantum Tensor Networks (QTN), as discussed in Section 2.2.4.

In 2018, Havlicek et al. [38] and Schuld et al. [103] proposed a variational classifier

that utilizes a combination of data embedding techniques and a parameterized ansatz

to perform classification. The parameterized ansatz comprises trainable unitary gates

that classical optimization techniques can optimize to predict labels on unseen data.

This model is discussed in detail in Chapter 4.

2.2.4 Quantum Tensor Networks

Tensor networks are mathematical structures designed to express computationally

complex high-order tensors in terms of their tractable interconnected lower-rank ten-

sor components [111]. Tensors, represented as the nodes within a tensor network,

encapsulate data in multiple dimensions known as their rank. This arrangement of

tensors in a tensor network facilitates complex computations.

A Hilbert Space, characterized by a fixed computational basis |k⟩, effectively cap-

tures the networks and contractions of these tensors, making them adept at represent-
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ing quantum states and quantum circuits [9,30,85]. Tensor networks also find applica-

tion in quantum physics to produce classical representations of quantum systems [85].

Their graphical representation and versatile nature offer enhanced adaptability in con-

structing quantum circuits and developing quantum algorithms for practical quantum

hardware [10]. Various tensor network architectures, such as Matrix Product States

(MPS)) [86], Tree Tensor Networks (TTN) [106], Projected Entangled Pair States

(PEPS) [117], Multiscale-Entanglement Renormalization Ansatz (MERA) [118], and

others, form the diverse landscape of tensor networks, each with its unique strengths

and applications.

Tensor networks gained traction for their performance in machine learning around

2015, with structures reminiscent of hierarchical neural networks but with a reduced

resource requirement and complexity [83]. These tensor networks found applications

in various supervised [84, 110] and unsupervised [34, 111] machine learning tasks,

exhibiting behavior similar to that observed in resource-intensive neural networks.

Furthermore, a numerical experiment by Liu et al. [71] in 2019 supports the effec-

tiveness of TTN and MERA structures in exhibiting abstraction capabilities similar

to deep neural networks. Additionally, they highlight the capability of TTNs in dis-

playing distinct quantum properties, such as entanglement and fidelity, which are

instrumental in characterizing classical data like images. This observation aligns

seamlessly with studies by Martyn et al. [79] in 2020 and by Liu et al. [76] in 2021.

Tensor Network Models

In 2019, Huggins et al. [41] employed tensor networks to construct models for both

discriminative and generative machine learning tasks. A tensor network for discrimi-

native tasks is designed to transform input data into a more compact representation

to match the required output dimensions. The model, designed as a tree structure

shown in Figure 2.1(a), parameterizes N -qubit input qubits to determine the model’s

prediction by discarding some qubits after the application of each unitary U . In

contrast, a generative tensor network, depicted in Figure 2.1(b), adopts an inverse

structure and takes a low-dimensional input to generate a higher-dimensional output.

These discriminative and generative models trained with different hyperparameter

values, achieved an average accuracy exceeding 95% in classifying grayscale images.

In 2018, Grant et al. [30] introduced tensor networks as quantum circuits for

supervised classification tasks. They performed binary classification on datasets like
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Figure 2.1: (a) A discriminative MPS tensor network with four inputs and a single output
state. After each unitary operation, one of the qubits is measured and discarded. The
output state of the discriminative MPS network is obtained by measuring the remaining
qubit. (b) A generative MPS tensor network with two input and four output states. After
each unitary operation, one of the qubits is measured and its result is recorded. All the
qubits are initially prepared to a reference state of |0⟩. Adapted from [41].

Figure 2.2: Alternative two-qubit unitary gate parameterizations. Redrawn from [30].

Iris [27] and MNIST handwritten digits [60] employing tensor network structures

such as TTN, MERA, and a hybrid structure that combines MERA with a pre-trained

TTN. These tensor networks feature three alternative gate parameterizations for two-

qubit unitaries, as shown in Figure 2.2. Chapter 4 details these parameterizations.

Among the three proposed tensor network structures—TTN, MERA, and hybrid—

with different gate parameterizations, the MERA architecture consistently outper-

forms TTN across various classification tasks. Overall, complex unitary parameteri-

zations demonstrate greater accuracy than their real gate counterparts. However, it

is noteworthy that a hybrid tensor network structure incorporating real gates within

a general parameterization exhibits higher classification accuracy, surpassing other

Hybrid or MERA configurations.

Inspired by the tensor networks proposed in [30, 41], Lazzarin et al. [58] propose

models for multi-class classification purposes that implement a multi-readout strategy.
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This strategy employs two methods: qubit decoding and amplitude decoding. In qubit

decoding, the expectation values of N observables are measured, and the results are

fed into a Softmax layer to generate a probability distribution for N classes. On the

other hand, amplitude decoding involves sampling the N readout qubits to obtain

probabilities for 2N classes.

The TTN and MERA structures used in [58] incorporate a choice of gate param-

eterizations, discussed in Chapter 4; refer to Figures 4.9, 4.10, and 4.11. The models

are applied to the MNIST dataset [60], with images pre-processed from a dimension

of (28× to (2 × 2) using Principal Component Analysis (PCA) and a convolutional

autoencoder, tailored to fit within the size constraints of quantum computers. When

employing PCA and a convolutional autoencoder for image pre-processing, a TTN

model with qubit encoding and a general gate parameterization with complex uni-

taries achieves a maximum accuracy of 81% and 83%, respectively. In contrast, the

MERA structure performs better with amplitude encoding and a general gate pa-

rameterization, achieving an accuracy of 85% and 93% with PCA and convolutional

autoencoder, respectively. Notably, a convolutional autoencoder consistently outper-

forms PCA in all experiments, allowing the model to learn features better during

dimensionality reduction.

In 2020, Liu et al. [72] introduced a quantum-classical Hybrid Tensor Network

(HTN) structure, combining tensor networks with classical neural networks in a uni-

form framework to overcome the inherent linearity limitations of tensor networks.

The introduction of non-linearity in an HTN structure is achieved through the data

encoding process and a classical neural network. HTN is built as a sequence of tensor

network and classical neural network layers where a singular readout output from

the tensor network is truncated into the classical structure. This model is trained

through a standard backpropagation algorithm coupled with a gradient descent opti-

mizer. The authors further adapt this configuration to build an autoencoder, where

the tensor network layers function as an encoder, compressing quantum states to a

low-dimensional intermediate state and the classical neural network layers operate as

a decoder.

In 2021, Huang et al. [40] enhanced the HTN model [72] to introduce a Variational

Quantum Tensor Network (VQTN) model designed for classification tasks on Iris [27]

and MNIST datasets [60]. Akin to the HTN structure, VQTN leverages tensor net-

works to encode and process data inputs and feed the outputs to a classical neural

network to produce the final classification results. The data encoding process is per-
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formed with the help of a custom encoding strategy, named kernel encoding, wherein

classical input data x is normalized based on a user-defined function ϕ(x). This nor-

malization facilitates utilizing data as rotation angles of the feature map parameters

during encoding. The feature map employs a dense angle encoding strategy with

⌈N
2
⌉ qubits to encode N data inputs. VQTN can be constructed with either TTN or

MERA architectures, containing arbitrary two-qubit unitary gate parameterizations

inspired by the Data-Driven Quantum Circuit Learning (DDQCL) model proposed

by Benedetti et al. [7] in 2019.

Following the circuit modeling stage in the VQTN architecture, a multi-readout

strategy is implemented to transfer a multiplex of feature descriptions of an input

sample to the classical neural network, demonstrating better performance than a

single readout. Finally, gradient descent optimization techniques are used to update

the circuit parameters iteratively. VQTN has been shown to outperform other QTN,

such as QNN [24], QCNN [18], and Hierarchical Quantum Classifier (HC) [30], owing

to the new kernel encoding, circuit modeling, and multiple readout strategies. The

architecture consistently achieves an accuracy above 95% across various classification

categories.

In 2020, Chen et al. [17] proposed another hybrid model integrating MPS with

Variational Quantum Classifier (VQC) for supervised learning tasks. Unlike many

other models requiring pre-trained classical layers, MPS and VQC layers in this struc-

ture are trainable end-to-end. This unique characteristic allowed the model to exhibit

high adaptability to available computational resources, such as adjusting the num-

ber of layers in MPS and VQC or the quantum-classical boundary [17], based on

accessible quantum or classical computational power. While both the MPS and VQC

layers have trainable parameters, MPS is additionally tunable through its bond di-

mension hyperparameter. In instances when the bond dimension of an MPS is χ ≤ 2,

appending a VQC layer helps regularize the model to prevent overfitting.

The MPS-VQC model demonstrates a training and testing accuracy of 99% for

a binary classification task on the MNIST dataset [60]. This accuracy surpasses an

equivalent PCA-VQC model, which utilizes PCA for dimension reduction instead

of a tensor network. While an MPS layer shows signs of overfitting with a bond

dimension of χ = 2, the performance of the MPS-VQC model attests that the VQC

layer effectively mitigates overfitting by acting as a regularizer. However, the training

becomes unstable again for bond dimensions χ > 2. The authors attribute this

behavior to the excessive representational power of an MPS for a binary classification
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task, warranting further investigation.

In 2023, Guala et al. [33] demonstrated implementations of various tensor network

circuits for classifying a custom bars and stripes image dataset using PennyLane [8].

Furthermore, they suggest that using circuit-cutting techniques [12,89] on these tensor

networks could enhance the feasibility of executing multi-qubit circuits on smaller

quantum devices. A circuit-cutting procedure involves partitioning a tensor network

circuit into multiple sub-circuits. The initial sub-circuits can be measured in different

bases, while subsequent sub-circuits are executed with various initial states, ultimately

combining individual results to derive an outcome [89].

2.2.5 Quantum Neural Networks

The term quantum neural computing was first introduced in 1995 by Kak [50], de-

scribing it as a computational model that displays quantum mechanical behavior

characterized by wavefunctions that can evolve or collapse based on the presence

of observation in the system and have the capability to process information simi-

lar to an artificial neural network. Several authors followed this definition to in-

troduce Quantum Neural Networks (QNN) [2, 22, 25, 91] and the idea of quantum

neurons [52,62,108,119]. This rise in prominence and the erratic use of the term was

followed by Schuld et al. [105] proposing a set of minimum requirements for any quan-

tum model to be classified as such. These requirements demanded QNN to ensure the

existence of associative memory features, reflect some of the typical neural computing

mechanisms, such as weighted attention dynamics, network structure, training rules,

and make use of quantum mechanical properties, such as superposition, entanglement,

and interference, to induce evolution in the circuit. The reason behind establishing

such requirements is to ensure a successful generalization of QNN similar to that of

classical neural networks.

In 2018, Farhi et al. [24] came up with the design of a QNN capable of performing

supervised machine learning tasks such as the classification of handwritten digits. The

QNN model, designed for near-term quantum devices, is constructed as a sequence of

one or two-qubit unitary gate sequences, Ui, dependent on parameters θi. The authors

classically simulate the QNN model for binary classification tasks by measuring one

designated readout qubit. The overall goal of the model is to find an optimized set of

parameters such that the readout, +1 or −1, corresponds to the true label of the input

data. The model follows the training loop structure as described in [23,80,87,92,141],
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along with a linear loss and stochastic gradient descent algorithm to consequently

calculate the optimized parameters classically. However, the authors note the lack of

non-linearity in this model due to the use of linear unitary gates only. This, on the

other hand, prevents gradient blow-up in the model. The claim of non-linearity being

introduced in such models through data encodings and measurement was put forth

later by [18,30,38].

In 2019, Zhao et al. [139] extended the concept of QNN to build a quantum

feedforward neural network with the help of a quantum neuron that processes both

classical and quantum data. The authors realize all the inputs, outputs, weights, and

activation functions as quantum states. As a result of this purely quantum structure,

the training of a quantum feedforward neural network does not require any classical

resources to record or store intermediate measurement results.

Similarly, Zhao et al. [138] introduced a Quantum Deep Neural Network (QDNN)

structure in 2021, consisting of multiple Quantum Neural Network Layers (QNNL).

These QNNL consist of PQC that are trained following the iterative classical opti-

mization loop, as suggested in [80,92,141]. The layers consist of three parts, namely

encoder, transformation, and output. The encoder encodes classical data onto a

quantum circuit, hence introducing non-linearity in the process. Whereas, the linear

transformation step applies unitary quantum gates on the encoded inputs and finally

performs measurements to compute the expectation value of the output states. A

QDNN is constructed as the composition of multiple such compatible QNNLs and

classical DNN layers. This QDNN model is run to classify MNIST images [60] of size

8 × 8 to reach the training and test accuracies of 98.92% and 99.57% with increas-

ing number of sampling shots. The model consists of three QNNLs—input, hidden,

and output layers. The layers are constructed with trainable parameters in different

ansatz structures that are hardware efficient, inspired from [51].

Quantum Autoencoders

In 2017, Romero et al. [98] built a Quantum Autoencoder (QA) to perform unsuper-

vised machine learning tasks. QA, like a classical autoencoder, consists of an initial

encoding E and a final decoding evolution D. Some of the inputs are discarded and

measured after the encoder is applied, aiding in dimension reduction. Formally, the

learning task undertaken by a quantum autoencoder is to preserve the fidelity of the

input state through the reduction of the data space. With a hybrid training loop
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that undergoes classical optimization [23, 80, 87, 92, 141], the goal is to find suitable

parameters for the encoder E and decoder D operations that maximize the average

fidelity between the input and output state.

Quantum Convolutional Neural Networks

In 2019, Cong et al. [18] extended the concept of QNNs along with tensor networks to

introduce a Quantum Convolutional Neural Networks (QCNN) structure for binary

classification tasks. Akin to classical Convolutional Neural Network (CNN), QCNN

consists of consecutive convolutional, pooling, and fully connected layers. The convo-

lutional layer structure is constructed with the help of tensor network structures like

MERA that are translationally invariant for a finite layer depth and the pooling layers

reduce the structural dimension by measuring a fraction of the qubits with the help

of mid-circuit measurements. These layers are applied alternatively or consecutively

in the model until a desired output size is achieved. This model requires a total of

O(logN) variational parameters for N feature inputs, whereas the hyperparameters

like the number of convolutional or pooling layers or their depth remain fixed.

This work was expanded to perform classification on classical data such as the

MNIST [60] and Fashion MNIST [131] datasets by Hur et al. [43] in 2022. They

achieved a best-case accuracy of 99% and 94% in respective datasets. While the

schematic layout of their QCNN model resembles that presented in [18], the model

is restricted to a two-qubit structure only. The convolutional and pooling layers use

parameterized quantum gates that follow a hierarchical structure first suggested by

Grant et al. [30] in 2018. The authors propose nine layouts for the convolutional

layer inspired by work in [77, 107, 114]. The pooling layer is constructed as a block

of two controlled rotations Rz and Rx. Their work also classically pre-processes the

data using techniques like PCA, autoencoding, and bilinear interpolation. Another

feature explored by Hur et al. is the boundary conditions of the proposed QCNN

model where two-qubit unitary gates can be optionally applied on the first and the

last qubit on the quantum circuit. Their open boundary QCNN, in which qubits

contain nearest neighbor connectivity only, shows advantages with quantum devices

with limited physical qubit connectivity [43].

In 2020, Henderson et al. [39] introduced a new transformational layer for QNN

structures, namely the quanvolutional layer. This layer is a collection of multiple

smaller quantum filters that can be applied to a local section of input data features,
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resulting in a shallow circuit depth. These quantum filters consist of randomly gen-

erated quantum circuits, with no defined structure and can be applied anywhere in

a CNN layer stack. The authors compare the performance of three models, a CNN,

a QNN with a single quanvolutional layer at the beginning of the structure, and

a RANDOM model with a random classical non-linear transformation layer as the

first layer. The results show consistent performance, stated as statistically indistin-

guishable by the authors, by QNN and RANDOM models, hence recognizing that a

quanvolutional transform does not necessarily show a quantum advantage. However,

it is imperative to note that a Quanvolutional Neural Network (QuanvNN) model

needs multiple measurements and data encoding steps if the quanvolutional layer is

applied several times between the classical convolutional or pooling layers, thereby

increasing the cost of the overall model.

In 2021, Liu et al. [73] built a hybrid Quantum-Classical Convolutional Neural

Network (QCCNN) similar to [39] that contains a parameterized quantum convolution

filter constructed with alternating layers of single and two-qubit gates. The single-

qubit layer contains rotational gates with variable parameters and hence is trainable,

whereas the two-qubit layer contains CNOT gates. These layers can be applied in a

quantum convolution filter multiple times until a suitable correlation measurement

is received. These measurements are subsequently fed into the pooling and fully

connected layers. The model is tested on the Tetris dataset with 800 grayscale images

of shape 3 × 3, and achieves a classification accuracy of almost 100%, even in the

presence of T1 and T2 randomly chosen from normal distributions with mean 50 and

70 µs. However, details on the display of this resilient behavior, or the presence of

any overfitting are yet to be investigated.

In [77], MacCormack et al. propose a branch QCNN (bQCNN) structure, inspired

from the stacked QCNN by [18], that branches out into a different set of convolutional

layers after a pooling layer. Unlike QCNN which focuses on local information obtained

from the measurement of adjacent qubits in a pooling layer, bQCNN utilizes the global

information gained from all of the measured qubits. It heavily relies on the outcomes

received from mid-circuit measurements of the fraction of qubits after every pooling

layer to ”branch out” the model to a distinct set of convolutional layers. As a result,

multiple branching sets of parameterized quantum circuits are defined for a single

model which may not be used for training purposes. This branching effect increases

the total number of trainable parameters in the model with no increase in the circuit

depth as compared to QCNN. The advantage of using global information from all
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the mid-circuit measurements is to enhance the expressibility of the bQCNN model.

The authors show a significant decrease in the training time required for the bQCNN

model that achieves an accuracy of 74.3% compared to QCNN’s accuracy of only

70.6% that trains slower than bQCNN.

2.3 QML Workflows

In a QML workflow, there is dynamic switching between classical and quantum pro-

cessing platforms to train and optimize the variational parameters in the QML model.

These HQC QML models employ quantum circuits containing trainable classical pa-

rameters to perform learning. In 2016, McClean et al. [80] were the first to propose a

generalized HQC optimization framework to train such models. This approach drew

inspiration from Peruzzo et al.’s VQE [92], which utilized both quantum and classical

computational resources for eigenvalues estimation and optimizations.

The variational methodology employed here splits an algorithm into three core

stages—quantum state preparation from classical data inputs, expectation value de-

termination through measurement, and finally, optimization of variational parameters

with a classical optimizer—that iteratively run to perform convergence of a quantum

state function towards the desired outcome. O’Malley et al. [87] successfully ap-

plied this methodology to simulate molecular energies in 2016, followed by Zhou et

al. [141] in 2020, for implementing the QAOA algorithm. This HQC approach has

hence become a cornerstone in most variational algorithms.

HQC QML algorithms may be more complex, typically requiring classical pre-

and post-processing sub-routines. As Leymann et al. [64] highlight, a consequence

of the increase in the complexity of an otherwise linear machine learning workflow

may require a developer to rigorously understand the algorithm requirements and the

interplay between heterogeneous computational platforms [13,127].

Pattern Language

As a solution to the arising challenges from increasing complexity in HQC mod-

els, Leymann proposed a pattern language [63]. Like structured documents, these

patterns offer abstract solutions to recurring routines in the algorithm. Leyman et

al. tailored these patterns to the quantum computing landscape to define implemen-

tation details for the data embedding (state preparation), oracle construction, and
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quantum-classical split steps.

In 2023, Buhler et al. [14] identified five recurring patterns in a quantum software

development workflow. These include Quantum Module and Quantum Module Tem-

plates, which implement reusable quantum structures, followed by a Hybrid Module

that combines quantum and classical sub-routines of the algorithm. Additionally,

a Classical-Quantum Interface was recognized to facilitate the use of quantum al-

gorithms by non-experts, along with a Quantum Circuit Translator that transpiles

quantum circuits onto a quantum device. Pattern languages for quantum algorithms

have further expanded to assist in quantum software development, data encoding,

and error handling, as shown by contributions from various authors [6, 128,129].

More recently, in 2023, Qiskit [44] introduced Qiskit Patterns [109], a set of steps

that streamline code reuse, and workflow simplification and acceleration in remote

environments such as High Performance Computing (HPC) or cloud infrastructures.

Quantum Software Development Lifecycle and Workflow Automation

In 2020, several works [29,126,140] introduced the concept of the Quantum Software

Development Lifecycle (QSDLC) to design and conceptualize quantum software sys-

tems. Building upon this framework, Perez-Castillo et al. [90,94] and Perez-Delgado

et al. [95] extended software modeling practices by adapting Unified Modelling Lan-

guage (UML) to cater quantum software systems, termed as Q-UML.

Expanding on the understanding of QSDLC, Weder et al. proposed strategies for

automated quantum workflow management in 2020 [127] and 2021 [125]. Introducing

the Quantum Modeling Extension (QUANTME), the authors developed a modeling

extension tool that abstracts complex quantum computations, such as the classical pre

and post-processing sub-routines, making them more accessible for non-experts. They

utilize QUANTME modeling constructs tailored to quantum workflows to introduce

a workflow management tool further called Quantum4BPMN, based on BPMN.1

In 2019, Zapata et al. [135] developed QMflows, a workflow automation tool for

quantum chemistry applications. The QMflows package provides flexibility with lim-

ited maintenance requirements for beginners and experienced programmers with lim-

ited technical knowledge.

1https://www.bpmn.org/
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QML Software Frameworks

Several gate-based quantum software frameworks developed in Python exist that pro-

vide an interface with classical machine learning libraries to accommodate computa-

tional heterogeneity in HQC algorithms. One notable framework is PennyLane2 [8],

which provides a differential programming environment for QML algorithms. Pen-

nyLane stands out for its flexibility in seamlessly integrating with classical libraries

such as TensorFlow,3 PyTorch,4 JAX [11], and Autograd [78].

Another significant contribution to this domain is TorchQuantum,5 developed by

Wang et al. [121], built upon the PyTorch library. TorchQuantum enables training

and deployment of PQC on quantum devices and offers users efficient conversion

between PyTorch quantum circuits to Qiskit QuantumCircuit structures. It also

boasts a 200× speedup compared to PennyLane.

In parallel, Broughton et al. [13] developed TensorFlow Quantum (TFQ),6 a soft-

ware framework for prototyping HQC QML models. TFQ combines the capabilities

of Cirq7 and TensorFlow, aiming to reduce the technical prerequisites for researchers

and students while designing and training QML models.

Additionally, Qiskit [44] offers a separate Qiskit Machine Learning library8 that

provides Qiskit Runtime tools and algorithms for QML tasks.

2https://pennylane.ai/
3https://www.tensorflow.org/
4https://pytorch.org/
5https://hanruiwanghw.wixsite.com/torchquantum
6https://www.tensorflow.org/quantum
7https://quantumai.google/cirq
8https://github.com/qiskit-community/qiskit-machine-learning
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Chapter 3

Quantum Image Representation

3.1 Overview

The underlying framework of any QML algorithm comprises four approaches, initially

introduced by Aimeur et al. [4] and subsequently expanded upon by Schuld et al. [104],

which combine quantum and classical paradigms to facilitate interfacing of data with

different information processing devices, refer Figure 3.1. In this context, classical

data is information represented by bits, and quantum data by qubits.

CC: This approach utilizes classical data (C) to perform processing on

a classical device (C), akin to traditional machine learning (ML) or

quantum-inspired algorithms.

QC: Here, classical devices (C) process, define, or learn from provided

quantum data (Q).

CQ: Often referred to as QML, this approach employs classical data (C)

to perform learning tasks on quantum devices (Q).

QQ: This approach leverages quantum devices (Q) to process quantum

data (Q), exploring quantum-native algorithms.

QML algorithms based on the hybrid quantum-classical approach [92] are synony-

mous with the CQ approach, wherein classical data features and observations, such

as images, text, or probability distributions, are used as inputs to a quantum device

that can undertake any learning tasks, including image processing.
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Figure 3.1: Four approaches to the underlying framework of QML. Redrawn
from [102].

Data Embedding

Data embedding techniques play a crucial role in providing an interface between

classical and quantum platforms by representing classical data on quantum devices,

enabling their role in hybrid quantum-classical algorithms like QML. In addition to

initializing quantum states, these techniques function as feature maps, effectively

mapping classical inputs to a Hilbert Space [104]. The selection of data embedding

techniques critically impacts the performance, in terms of space and time complexity,

of any QML algorithm.

The role of data embedding techniques also extends to representing digital images

on quantum devices. This application, often called Quantum Image Representation

(QIR), consists of methods that capture pixel position and color information for effi-

cient image representation. Moreover, these techniques go beyond mere representation

to present ways for image transformation and compression, offering advancements in

fields ranging from computer vision to data compression [124]. In summary, QIR is

a powerful tool for encoding digital images on quantum devices, enabling advanced

image processing within quantum computing.

While this chapter comprehensively discusses essential QIR techniques for embed-

ding digital images on a quantum device, the role of data encodings as feature maps

is discussed subsequently in Chapter 4.
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Figure 3.2: A 2× 2 grayscale image and its FRQI state representation.

3.2 QIR Methods

Flexible Representation of Quantum Images (FRQI)

FRQI [59] is a technique for representing grayscale images on a quantum computer

inspired by classical pixel representation methods. Employing unitary operations

like Hadamard and controlled rotations, Ry, FRQI captures pixel position and color

information. The quantum state representing a 2n×2n image using FRQI is expressed

as,

|I(θ)⟩ = 1

2n

22n−1∑
i=0

(cos θi|0⟩+ sin θi|1⟩)⊗ |i⟩ (3.1)

Here,

θ ∈
[
0,

π

2

]
and i = 0, 1, ..., 22n − 1

Color values C in range [0, 2q−1] can be mapped to θ in range [0, π
2
] with a simple

transform,

θ =
π

2

C

2q − 1
(3.2)

The proposed Polynomial Preparation Theorem (PPT) for FRQI provides a con-

structive process to implement image representation on a quantum circuit. It states

that a unitary transformation P can effectively map qubits from an initial state to

the FRQI state given in the above Equation 3.1 such that,

|0⟩⊗2n+1 P−→ |I(θ)⟩ (3.3)

This unitary transformation involves multiple sequential steps. First, a Walsh-

Hadamard transform is applied, which uses superposition to encode pixel positions

across n+n qubits for x and y-coordinates in the computational basis states. Subse-



30

Figure 3.3: A 2× 2 colored image and its FRQCI state representation.

quently, a controlled rotation transform is applied, employing controlled-Ry(2θ) gates

to encode the color information in the probability amplitude of the quantum state

initialized during the first step.

|0⟩⊗2n+1 H−→ |H⟩ R−→ |I(θ)⟩ (3.4)

FRQI effectively leverages quantum mechanical principles such as superposition

to store normalized images. However, it has constraints in handling colored images.

Additionally, since the color information is stored in the probability amplitude of

a quantum state, image retrieval for an image embedded using the FRQI method is

probabilistic. In response to these limitations, several extensions of the FRQI method

have been proposed. These include FRQCI and MCRQI, explained in the subsequent

sections.

Flexible Representation of Quantum Color Images (FRQCI)

FRQCI [69] extends the foundational principles of the FRQI method to support the

representation of colored images. In the FRQCI method, the color information of a

2n × 2n image is encoded in the phase θk of a quantum state given as,

|I(θ, ϕ)⟩ = 1

2n

22n−1∑
k=0

(
cos θk|0⟩+ eiϕk sin θk|1⟩

)
⊗ |k⟩

θk =
(cRk × 216 + cGk × 28 + cBk )× π

224 − 1
and ϕk = 0

(3.5)

Where,

θ ∈
[
0,

π

2

]
and k = 0, 1, ..., 22n − 1
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Figure 3.4: A 2× 2 colored image and its MCRQI circuit representation.

The remaining phase ϕk is optionally used to encode a watermark image in the

quantum circuit, providing additional functionality. FRQCI utilizes 2n qubits to

encode the x and y-coordinates of the pixel positions with an additional qubit for

encoding the color information. Akin to the FRQI method, image retrieval in FRQCI

is probabilistic.

Multi-Channel Representation of Quantum Images (MCRQI)

MCRQI [112] is another image representation method that expands the FRQI method

to capture the RGBα channel space to encode color spectrum (RGB) and opacity

(α) information. The quantum state of a 2n × 2n image embedded with MCRQI is

represented as,

|I(θ)⟩ = 1

2n+1

22n+1∑
i=0

|ciRGBα⟩ ⊗ |i⟩ (3.6)

Where |ciRGBα⟩ is the color information that encodes the RGBα channels as,

|ciRGBα⟩ = (cos(θ)Ri|0⟩+ sin(θ)Ri|1⟩)⊗ |00⟩

+ (cos(θ)Gi|0⟩+ sin(θ)Gi|1⟩)⊗ |01⟩

+ (cos(θ)Bi|0⟩+ sin(θ)Bi|1⟩)⊗ |10⟩

+ (cos(θ)αi|0⟩+ sin(θ)αi|1⟩)⊗ |11⟩

(3.7)

with

θ ∈
[
0,

π

2

]
and i = 0, 1, ..., 22n − 1

As per the Polynomial Preparation Theorem for the MCRQI method, the Walsh-
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Hadamard transform helps store the pixel positions in their computational basis

states. Control qubits for RGBα channels are encoded in two extra qubits using

the same transform. Subsequently, the control rotation transform encodes the color

and opacity information in the probability amplitude of the quantum state. This pro-

cedure requires a total of 2n + 3 qubits to store pixel position and RGBα channels,

respectively.

Novel Enhanced Quantum Representation (NEQR)

NEQR [136] method offers a distinct approach to image representation compared

to FRQI. Unlike FRQI, where information is encoded in the probability amplitude,

NEQR uses the basis states of the qubits to represent color information, resulting in

a deterministic image retrieval process. However, NEQR can only represent grayscale

images.

In this method, two entangled qubit sequences of 2n+ q qubits store the position

and color information of the entire image. The grayscale color information in the

range [0, 2q − 1] is converted to a binary format to be stored in q qubits. For a

2n × 2n image, denoted by (Y,X) pixel position, NEQR representation is given as,

|I⟩ = 1

2n

2n−1∑
Y=0

2n−1∑
X=0

|f(Y,X)⟩|Y X⟩ = 1

2n

2n−1∑
Y=0

2n−1∑
X=0

q−1⊗
i=0

|Ci
Y X⟩|Y X⟩ (3.8)

Where,

f(Y,X) = C0
Y XC

1
Y X . . . Cq−1

Y X (3.9)

with

Ck
Y X ∈ {0, 1} and f(Y,X) ∈ [0, 2q − 1]

The NEQR method is restricted to storing square images, presenting a signifi-

cant limitation. However, alternative methods like INEQR and GQIR offer image

representations to overcome this limitation.

Improved Novel Enhanced Quantum Representation (INEQR)

Improved Novel Enhanced Quantum Representation (INEQR) [47] improves the NEQR

method to represent non-square images, enabling support for image resizing and scal-

ing. A 2n1 × 2n2 grayscale image can be represented with INEQR as,
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Figure 3.5: A 2× 2 grayscale image and its NEQR state representation.

Figure 3.6: A 2h × 2w image box for a H ×W image, displaying the redundant rows
and columns.

|I⟩ = 1

2
n1+n2

2

2n1−1∑
Y=0

2n2−1∑
X=0

|f(Y,X)⟩|Y X⟩ = 1

2
n1+n2

2

2n1−1∑
Y=0

2n2−1∑
X=0

q−1⊗
i=0

|Ci
Y X⟩|Y X⟩ (3.10)

Where,

|Y X⟩ = |y0y1 . . . yn1−1⟩|x0x1 . . . xn2−1⟩ and yi, xi ∈ {0, 1} (3.11)

INEQR requires n1 + n2 qubits to encode pixel positions for non-square images

with unequal horizontal (2n1) and vertical (2n2) dimensions. However, like NEQR,

INEQR has limitations in supporting colored images.

Generalized Quantum Image Representation (GQIR)

Like INEQR, the Generalized Quantum Image Representation (GQIR) method can

encode images of arbitrary dimensions H × W . This method utilizes h = ⌈log2H⌉
qubits to encode y-coordinates and w = ⌈log2W ⌉ to encode x-coordinates of the pixel

positions. A H ×W grayscale image encoded with GQIR can be represented as,
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|I⟩ = 1

2
H+W

2

H−1∑
Y=0

W−1∑
X=0

q−1⊗
i=0

|Ci
Y X⟩|Y X⟩ (3.12)

Where,

h =

⌈log2H⌉, if H > 1

1, if H = 1

w =

⌈log2W ⌉, if W > 1

1, if W = 1

(3.13)

Furthermore, GQIR can be extended to support colored images by introducing

additional color qubits to encode a color range [0, 2q − 1], where q = 2 for binary,

q = 8 for grayscale, and q = 24 for colored images. However, this image representation

method produces inevitable redundancies due to the binary representation of the pixel

positions. These redundancies account for a total of 2h−H rows and 2w−W columns

within a 2h × 2w image box, resultant to the GQIR representation on h + w qubits,

as illustrated in Figure 3.6.

Optimized Quantum Representation for Colored Digital Images (OCQR)

Optimized Quantum Representation for Colored Digital Images (OCQR) [74] intro-

duces the concept of indices for different color channels. This model utilizes three-

dimensional qubit sequences to store the position information, color information, and

corresponding channel indices. The position information is stored in 2n qubits, while

color information and index require q + 2 qubits. A color channel index helps to

identify the RGB color channels, where |00⟩ is red, |01⟩ is green, and |10⟩ is blue

channel index, whereas |11⟩ is a spare channel.

A 2n × 2n image in OCQR encoding can be represented as

|I⟩ = 1

2n+1

2n−1∑
Y=0

2n−1∑
X=0

|C(Y,X)⟩|Cindex|⟩|Y X⟩ (3.14)

The remaining spare channel index can be utilized to store image opacity infor-

mation. A significant limitation of OCQR is that it can only represent square images.
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Figure 3.7: A 2× 2 colored image with its OCQR state and circuit representations.

Bitplane Representation of Quantum Images (BRQI)

The Bitplane Representation of Quantum Images (BRQI) [65] method uniquely helps

in representing images through binary color values ∈ {0, 1}.
According to BRQI encoding, a grayscale image can be interpreted as a composi-

tion of eight bitplanes. That is, each grayscale color value in the range [0, 2q − 1] can

be decomposed into q binary color bits in the set {0, 1}. These bits collectively form q

bitplanes that can be embedded as a superposition on the corresponding pixel index

using p = log q qubits. Here, each binary color value uses a single qubit for encoding.

The pixel index representation remains the same as proposed in NEQR [136] that

requires a total of 2n qubits for an image of size 2n × 2n.

Each bitplane can be encoded using a GQIR method as in Equation 3.12 such

that,

|Ψq
m⟩ = |In1+n2⟩GQIR (3.15)

Where, q denotes the q-th bitplane of m-th binary color bit, such that,

q = n1 + n2 = 8, m = {0, 1}

An RGB image, on the other hand, can be viewed as a composition of three

grayscale images. For the BRQI representation of colored images, an additional two

qubits are used to map different color channels through their indices, leaving a spare

channel with an index of 00. The BRQI state of a 2n × 2n colored image, therefore,

can be given as,
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Figure 3.8: Two 2× 2 grayscale images with their QRMII state and circuit represen-
tations.

|Ψ⟩ = 1

2
2n+p

2

q−1∑
l=0

|Ψ2n
m ⟩|l⟩ = 1

2
2n+p

2

q−1∑
l=0

2n−1∑
Y=0

2n−1∑
X=0

|C(Y,X)⟩|Y X⟩|l⟩ (3.16)

where,

|C(Y,X)⟩ ∈ {0, 1} and p = log q

Hence, the qubit requirement for the BRQI method is 2n+ p+1 for grayscale images

and 2n+ p+ 3 for colored images.

Quantum Representation Model for Multiple Images (QRMMI)

Quantum Representation Model for Multiple Images (QRMMI) [140] introduces a

method to encode multiple colored images leveraging the principle of quantum su-

perposition. QRMMI utilizes two entangled qubit sequences to represent multiple

images in their basis states, leading to a deterministic image retrieval process. The

first sequence encodes the color information, while the second sequence stores the

pixel position and an index marking the image. A total of 2k grayscale images of size

2n × 2n can be represented with QRMMI as,

|I⟩ = 1
√
2
2n+k

2k−1∑
K=0

2n−1∑
Y=0

2n−1∑
X=0

|fK(Y,X)⟩|KYX⟩ (3.17)

Where the color information and range is given as,

fK(Y,X) = Cq−1
KYXC

q−2
KYX . . . C0

KYX , Cq
KY X ∈ {0, 1}, and fK(Y,X) ∈ [0, 2q − 1]

(3.18)
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Therefore, the total qubit requirement to store 2k images with QRMMI is 2n+q+k

qubits. These qubits are allocated for encoding pixel position, color information, and

image index, respectively. Additionally, QRMMI can be extended to represent colored

images by increasing the number of q color qubits for a color range of [0, 2q − 1].
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Chapter 4

Quantum Machine Learning

In this chapter, we examine the theoretical foundations of selective QML algorithms

for image classification. Section 4.1 introduces Quantum Feature Maps and Ker-

nels, providing an example of a Pauli Feature Map in Subsection 4.1.1. Following

this, in Section 4.2 we discuss Kernel Methods, including SVM in Subsection 4.2.1.

Based on this, we discuss the steps to build a Kernel Estimator in Subsection 4.2.2.

Subsequently, VQA are detailed in Section 4.3, along with an example of a Varia-

tional Quantum Classifier (VQC) in Subsection 4.3.1. Finally, we discuss various

circuit architectures and unitary parameterizations used for building QTN and QNN

in Sections 4.4 and 4.5. Additionally, we provide examples of a Hierarchical Quan-

tum Classifier (HC) in Subsection 4.4.1, and a QCNN in Subsection 4.5.1, offering a

practical understanding of the theoretical constructs for QML.

4.1 Quantum Feature Maps and Kernels

We define feature maps ϕ as functions that map classical data inputs x from an input

set χ to a feature space F . A feature map is given as,

ϕ : x ∈ χ 7→ |ϕ(x)⟩ ∈ F , (4.1)

Such a feature space necessitates the definition of an inner product, given as a

bivariate kernel κ,

κ(x, x′) = ⟨ϕ(x′)|ϕ(x)⟩ (4.2)

Kernel functions effectively capture non-linear relationships between data features
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as if mapped to a higher-dimensional feature space.

Quantum Kernel

In Chapter 3, we discussed various data embedding techniques that encode images

on a quantum device. Such data embeddings map the classical image features x from

an input space χ to the quantum state space F [103, 104]. These encodings can be

given as a quantum feature map ρ such that,

ρ : x 7→ ρ(x) (4.3)

where, ρ(x) is the density matrix defined as,

ρ(x) = |ϕ(x)⟩⟨ϕ(x)| (4.4)

Given a quantum feature map ρ, a corresponding quantum kernel [104] is expressed

as

κq(x, x
′) = |⟨ϕ(x′)|ϕ(x)⟩|2 (4.5)

Additional information about quantum kernels is covered in Sections 4.2 and 4.4.

4.1.1 Example: Pauli Feature Map

Havlicek et al. [38] proposed a family of feature maps, called the Pauli Feature Map,

that implements a kernel function given in Equation 4.5. The Pauli feature map

encodes data x ∈ χ, χ ∈ Rn in the quantum feature space F . It utilizes n qubits to

have the following representation,

UΦ(x) = UΦ(x)H
⊗nUΦ(x)H

⊗n (4.6)

where H⊗n is a sequence of Walsh-Hadamard transforms applied to the n qubits,

and,

UΦ(x) = exp

i
∑
S⊆[n]

ϕS(x)
∏
i∈S

Pi

 (4.7)

Here, the unitary operator UΦ(x) is expressed as a diagonal in a Pauli basis Pi,

where i = {I,X, Y, Z} [113].
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Figure 4.1: Circuit diagram for the Pauli feature map UΦ(x) with layers of Walsh-Hadamard
transform and unitary operators Uϕ(x). Redrawn from [38].

Hence, the quantum state produced from the application of the Pauli feature map,

Equation 4.6, on a set of initial states in state |0⟩⊗n can be given as,

|Φ(x)⟩ = UΦ(x)|0⟩⊗n (4.8)

There exist 2n non-linear feature maps ϕS(x) ∈ R that can be expressed with |S|
degrees of interactions between the individual qubits, where S ∈ {

(
n
k

)
combinations, k =

1, . . . n}. For |S| ≤ 2 interactions, the local feature maps are governed by the following

data mapping strategy1,

ϕS
{k}(x) =

x0 if k = 1∏k−1
j=0(π − xj) otherwise

(4.9)

These interactions can be carefully selected based on the connectivity graphs of

the hardware being used to create short-depth quantum circuits [38].

For example, unitary operator UΦ(x) with |S| ≤ 2 from the family of Pauli-ZZ

feature maps can be represented as,

Uϕ{k}(x) = exp
(
iϕ{k}(x)Zk

)
for |S| = 1

Uϕ{l,m}(x) = exp
(
iϕ{l,m}(x)ZlZm

)
for |S| = 2

(4.10)

Using the mapping strategy defined in Equation 4.9, the following local feature

1https://docs.quantum.ibm.com/api/qiskit/qiskit.circuit.library.PauliFeatureMap
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Figure 4.2: Circuit diagram of the unitary UΦ(x), from the family of Pauli-ZZ feature maps,
with |S| ≤ 2 qubit interactions as built with Qiskit.

maps can be constructed,

ϕ{0}(x) = x0 ϕ{0,1}(x) = (π − x0)(π − x1) (4.11)

Therefore, the resulting unitary can be given as,

UΦ(x) = exp (ix0Z0 + ix1Z1 + i(π − x0)(π − x1)Z0Z1) (4.12)

This unitary UΦ(x) can be built in Qiskit, as shown in Figure 4.2.

4.2 Kernel Methods

Kernel methods are algorithms that provide the similarity measure between data fea-

tures [104]. This similarity measure is expressed as an inner product of the data

features, called the kernel, as given in Equation 4.2. Akin to classical kernel meth-

ods, quantum kernel methods can map data features into higher-dimensional feature

spaces and classify them with a linear decision hyperplane defined via the process of

measurement [38, 102]. Consequent to this property, the feature space of a quantum

state space should be defined with a quantum kernel, as represented in Equation 4.5.

4.2.1 Support Vector Machines

An SVM performs data classification by producing a maximum-margin decision hy-

perplane in a high dimensional space. Let us consider a set of data attributes

{(xi, yi) ; i = 1, ..., n}, with xi as the input features and yi as the output label of

ith data. For a binary classification problem, with yi ∈ {−1,+1}, the SVM algorithm

non-linearly maps the input features from a low dimensional input space χ ∈ Rd

to a high dimensional feature space F ∈ Rp, where p > d. This mapping can be
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represented as,

ϕ : x ∈ Rd 7→ ϕ(x) ∈ Rp (4.13)

Subsequently, the classifier decision hyperplane can be represented as a non-linear

function,

hw,b(xi) = g(wTϕ(xi) + b) (4.14)

Where w ∈ Rp is the set of weights in the mapping function, and w0 = b is a bias

term. The corresponding threshold function g is governed by the rule,

g(z) =

1 if z ≥ 1

−1 otherwise
(4.15)

Since SVM constructs a maximum-margin decision hyperplane, the central task

of the model is to find a confident prediction such that the data features in either set

of a binary classification problem have the largest possible distance from the decision

hyperplane. This distance is referred to as the functional margin, given as γi ∀ i.

A confident prediction results in yi = 1 when wTϕ(xi) + b ≫ 0, and yi = −1 when

wTϕ(xi) + b ≪ 0. Hence, a large functional margin corresponds to the correctness

and confidence of the prediction [82].

Given the data inputs, the functional margin for a training input can be formalized

as,

γ̂i = yi(w
Tϕ(xi) + b) (4.16)

We further normalize the functional margin, making it invariant to the rescaling

of the parameters. This margin is called the geometric margin and can be given as,

γ̂i = ∥w∥γi (4.17)

Which for training input can be expanded as,

γi = yi

((
w

∥w∥

)T

ϕ(xi) +

(
b

∥w∥

))
(4.18)

Now, the maximummargin classifier problem can be formulated as an optimization

problem, given as,
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max
γ,w,b

γ

s.t. yi(w
Tϕ(xi) + b) ≥ γ, i = 1, ..., n and ∥w∥ = 1

(4.19)

Primal Form SVM

The SVM algorithm provides two forms of optimizations - primal and dual. The

primal form transforms the Equation 4.19 to remove the constraint of ∥w∥ = 1,

resulting in

max
γ̂i,w,b

γ̂i
∥w∥

s.t. yi(w
Tϕ(xi) + b) ≥ γ̂i, i = 1, ..., n

(4.20)

To simplify the objective function γ̂i
∥w∥ , a scaling constraint is introduced such that

γ̂i = 1. The optimization problem finally results in,

min
w,b

1

2
∥w∥2

s.t. yi(w
Tϕ(xi) + b) ≥ 1, i = 1, ..., n

(4.21)

Dual Form SVM

Further, SVM can be represented as the Lagrangian of the primal form, called the

dual form, to further derive an efficient representation of the optimization problem.

First, the constraints of Equation 4.21 are rewritten as,

yi(w
Tϕ(xi) + b)− 1 ≥ 0 (4.22)

Subsequently, the Lagrangian of the primal optimization problem, as given in

Equation 4.21, can be written as,

L(w, b, α) = 1

2
∥w∥2 −

n∑
i=1

αi

[
yi
(
wTϕ(xi) + b

)
− 1
]

(4.23)

Where αi is the Lagrange multiplier for the inequality constraint in Equation 4.22.

Subsequently, we take the derivative of this Lagrangian with w and b, respectively.
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∇wL(w, b, α) = w −
n∑

i=1

αiyiϕ(xi) = 0 (4.24)

and,

∇bL(w, b, α) =
n∑

i=1

αiyi = 0 (4.25)

Which implies,

w =
n∑

i=1

αiyiϕ(xi) (4.26)

Plugging the Equation 4.26 in Equation 4.23, the Lagrangian of the dual form can

be written as,

L(w, b, α) =
n∑

i=1

αi −
1

2

n∑
i,j=1

yiyjαiαjϕ(xi)
Tϕ(xj)− b

n∑
i=1

αiyi (4.27)

Now, plugging the Equation 4.25 in Equation 4.27,

L(w, b, α) =
n∑

i=1

αi −
1

2

n∑
i,j=1

yiyjαiαjϕ(xi)
Tϕ(xj) (4.28)

Finally, the dual form of the SVM optimization problem can be given as,

max
α

LD(α) =
n∑

i=1

αi −
1

2

n∑
i,j=1

yiyjαiαj⟨ϕ(xi), ϕ(xj)⟩

s.t. αi ≥ 0 i = 1, ..., n and
n∑

i=1

αiyi = 0

(4.29)

In this formulation, ⟨ϕ(xi), ϕ(xj)⟩ is a kernel function representing the inner prod-

uct of the feature vectors ϕ(xi) and ϕ(xj). This implies that the maximum-margin

decision hyperplane can be determined using a kernel trick, bypassing the mapping of

feature vectors in a high-dimensional space. By leveraging the kernel trick, the SVM

is well-suited for implementation on a quantum computer.
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Figure 4.3: The circuit implemented to estimate the fidelity between two data points
xi and xj. The unitary operators Uϕ(xi) and Uϕ(xj) are given by Equation 4.7.
Redrawn from [38].

4.2.2 Example: Quantum Kernel Estimator

Havlicek et al. [38] proposed a quantum kernel estimation model that classifies data

feature inputs x ∈ R by estimating a kernel κ(xi, xj) on a quantum computer. The

proposed algorithm consists of three steps:

Step 1: Estimate the kernel

To implement the kernel estimator, a circuit is constructed by applying the Pauli

feature map UΦ(xi) on data input xi, as detailed in Subsection 4.1.1. This is followed

by applying the inverse of the same feature map UΦ(xj) to another data input xj.

The circuit is then measured in the Pauli-Z basis, yielding the outcome representing

the overlap between the two data features. This circuit is shown in Figure 4.3.

Step 2: Maximize the dual form SVM

Once the kernel is estimated for all the pairs of training data, the optimization prob-

lem in the dual form of SVM is formulated to obtain the optimal decision hyperplane.

This involves finding the solution to Equation 4.29.

Step 3: Estimate the kernel for unseen data

Following the training phase, where the kernel and support vectors were identified,

kernel estimation on new unseen data s ∈ S is performed using κ(xi, s).
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4.3 Variational Quantum Algorithms

VQA are HQC algorithms that contain tunable unitary operations called PQC. These

algorithms outsource complex subroutines in an algorithm, like QML algorithms, to

quantum computational resources while performing classical pre and post-processing

routines. The general workflow for any quantum variational algorithm [23,80, 87, 92,

141] is split into three core stages—quantum state preparation from classical data

inputs, expectation value determination through measurement, and finally, optimiza-

tion of parameters with a classical optimizer—that iteratively run to perform conver-

gence of a quantum state function towards the desired outcome.

The circuits U(x, θ) for quantum variational algorithms depend on data inputs

x, and some ansatz, a sequence of parameterized and fixed gates, that define the

architecture of the algorithm [104]. While the circuit can have an arbitrary internal

structure, a popular architecture is a stacking of a data embedding block S(x) and a

parameterized block W (θ).

U(x, θ) = W (θ)S(x) (4.30)

Such that, a n-qubit state prepared by U(x, θ) can be given as,

|Φ(x)⟩ = U(x, θ)|0⟩⊗n (4.31)

The data embedding block in Equation 4.30 serves as a feature map for mapping

data features x ∈ χ onto a quantum state space F . This step can be performed by

data embedding techniques, as discussed in Chapter 3, or feature maps such as the

Pauli feature map UΦ given in Equation 4.6.

The parameterized block W (θ) on the other hand depends on some variational

parameters θ and is subsequently applied to the quantum state prepared by the data

embedding block. The circuit is finally measured through a measurement operator

M, such that the circuit function can be represented as,

fθ(x) = ⟨ϕ(x)|W †(θ)MW (θ)|ϕ(x)⟩

= ⟨Φ(x, θ)|M|Φ(x, θ)⟩
(4.32)

Here, the measurement operatorM is a diagonal operatorM in any Pauli-α basis.

For example, in Pauli-Z basis M can be represented as,
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M =
∑

z∈0,1n
f(z)|z⟩⟨z| (4.33)

Applying Equation 4.33 in Equation 4.32, we get

fθ(x) =
∑
z

f(z)|⟨z|Φ(x, θ)⟩|2 =
∑
z

f(z)p(z) (4.34)

Where, p(z) = |⟨z|Φ(x, θ)⟩|2 is the probability of measuring the outcome z. For a

Pauli-Z basis measurement, it can be expanded as,

fθ(x) = |⟨0|Φ(x, θ)⟩|2 − |⟨1|Φ(x, θ)⟩|2 = p(0)− p(1) (4.35)

Additionally, the measurement results from Equation 4.34 can be mapped to ob-

tain the eigenvalues with the help of predefined functions. For example, in a binary

classification task, a boolean function can be defined as,

b : {0, 1}n 7→ {+1,−1} (4.36)

The variational circuit fθ(x) goes through the HQC training loop [80] to learn

the optimal variational parameters in the parameterized block W (θ). This involves

performing M measurements and averaging over the results to obtain,

f̂(x) =
1

M

M∑
m=1

f(z)m (4.37)

Where f(z)m is the eigenvalue obtained from each measurement outcome.

4.3.1 Example: Variational Quantum Classifier

Havlicek et al. [38] introduced a variational quantum classifier model for binary clas-

sification tasks on a dataset x ∈ R. The Variational Quantum Classifier (VQC)

circuit consists of a data embedding step S(x), constructed with the help of the Pauli

feature map UΦ(x), as detailed in Section 4.1.1. This embedding process encodes the

classical data inputs into a quantum state suitable for subsequent processing.

Following the data embedding block a parameterized block W (θ) is implemented.

It is constructed as a series of single-qubit unitaries and entangling gate layers. The

structure of the parameterized block, with l repetitions of the entangling layer, is
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Figure 4.4: Circuit diagram of the variational quantum classifier model that utilizes the
Pauli feature map UΦ as a data embedding block, followed by a parameterized block W (θ).
Redrawn from [38].

given as,

W (θ) = U l
loc(θl)Uent . . . U

2
loc(θ2)UentU

1
loc(θ1)Uent (4.38)

The local single-qubit unitaries Uloc are implemented as rotation gates, such as

Ry or Rz, and are parameterized with angles θ. These local unitaries can be given as,

U t
loc(θt) =

M⊗
m=1

U(θm,t)

s.t. U(θm,t) = ei
1
2
θzm,tZmei

1
2
θym,tYm

(4.39)

While the entangling layer comprises a sequence of controlled-phase gates, given

as,

Uent(θ) =
∏

(i,j)∈E

CZ(i, j) (4.40)

Where, (i, j) are the entangling interactions between qubits i and j according to

the connectivity graph, G = (V,E), of quantum device.

The central aim of the VQC is to find optimal parameter values for W (θ), with

the help of an optimizer, that can effectively classify data inputs with distinct labels.

The resulting circuit, as shown in Figure 4.4, is executed and sampled multiple times
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Figure 4.5: Circuit diagram of the parameterized block W (θ), comprising a series of single-
qubit rotation gates θin and entangling gate layer comprising of a sequence of controlled-
phase (CZ) gates. The gates inside the dotted block are repeated l times. Adapted from [38].

to estimate the expectation value of the circuit function, as given in Equation 4.32.

The measurement outcomes are mapped to corresponding labels {+1,−1} according

to the boolean mapping given in Equation 4.36.

After obtaining the optimal parameter values, the circuit is subsequently executed

with a fixed set of optimal parameters to determine the classification labels for unseen

data s ∈ S.

4.4 Quantum Tensor Networks

Tensor networks are mathematical structures that can approximate intractable high-

dimensional vectors as a contracted sequence of low-dimensional tensors. Stoudenmire

et al. [111] carefully explain the approach to using tensor networks, such as MPS, in

supervised classical machine learning to approximate a higher-order feature map Φ(x)

applied on data x = (x1, x2, . . . , xN) and x ∈ Rn.

f(x) = w · Φ(x) (4.41)

where w is the weight vector. The MPS tensor network captures one-dimensional

correlations in an order-N (dN -dimensional) tensor by decomposing it into a chain of



50

N lower-order tensors. This high-order feature map Φ(x) can be represented as the

product of lower-order local feature maps as,

Φsj(x) =
N−1⊗
j=0

ϕsj(xj) = ϕs0(x0)⊗ ϕs2(x2)⊗ ...⊗ ϕsN−1
(xN−1) (4.42)

Where ϕsj(xj) is a local feature map applied to a single feature xj of the N-

dimensional data vector x. sj represents the indices of the local tensors, ranging from

[1, d] where d is the local dimension.

For example, a local map ϕsj(xj) can be chosen such that,

ϕsj(xj) =
[
cos
(π
2
xj

)
, sin

(π
2
xj

)]
(4.43)

In a quantum setting, a quantum state can be representative of a 2n-dimensional

tensor in a quantum state space F ⊆ H2, and can be represented by the tensor

product of n individual qubits [38]. Consequently, the local feature maps ϕsj(xj)

represent any data embedding strategy applied to qubits as a sequence of single or

multiple qubit gates. Such a feature map can be represented as,

Φ : x 7→ |Φ(x)⟩⟨Φ(x)| =
n⊗

i=1

|ϕi(x)⟩⟨ϕi(x)| (4.44)

Such that, Equation 4.42 can be written as [41],

ΦN(x) =

[
cos
(
π
2
x0

)
sin
(
π
2
x0

)]⊗ [cos (π2x2

)
sin
(
π
2
x2

)]⊗ · · · ⊗

[
cos
(
π
2
xN−1

)
sin
(
π
2
xN−1

)] (4.45)

The feature map in Equation 4.45 is also known as the product state feature

map [38].

4.4.1 Example: Hierarchical Quantum Classifier

Grant et al. [30] proposed a Hierarchical Quantum Classifier (HC) model based on

the TTN and MERA architectures, that enables supervised machine learning tasks

on classical and quantum data. In the classifier circuit, classical data inputs x ∈ χ

undergo data embedding, while quantum data, assumed to originate from another

quantum device, doesn’t require encoding. This is followed by a classifier block T (θ)

containing a series of two-qubit unitary gates U(θi) with trainable parameters θ.
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For a binary classification task on a dataset (xd, yd)Dd=1, where xd ∈ RN are N-

dimensional data features and yd ∈ {0, 1} are the corresponding class labels. The

classifier circuit with data embedding S(xd) and classifier blocks T (θ) can be repre-

sented as,

U(xd, θ) = T (θ)S(xd) (4.46)

The circuit is finally measured with a measurement operator M, such that the

circuit function can be expressed as,

fθ(x
d) = ⟨ϕ(xd)|T †(θ)MT (θ)|ϕ(xd)⟩

= ⟨Φ(xd, θ)|M|Φ(xd, θ)⟩
(4.47)

where Φ(xd, θ) is the quantum state prepared by the classifier circuit U(xd, θ).

Here, M is a single-qubit measurement operator whose expectation value is a binary

output that classifies data inputs into corresponding classes.

Classifier architecture

The classifier block T (θ) can be modeled to replicate the tree-like structure of the

TTN and MERA tensor networks. In a TTN circuit, a set of two-qubit unitary gates

is applied to adjacent qubits. These connections allow TTN to capture local quantum

correlations, such as entanglement, between a group of tensor nodes [97]. After each

layer, one of the qubits from each gate is discarded, or left unmeasured. This aids

in downsampling the data inputs to a single qubit output for binary classification

purposes. A TTN circuit is depicted in Figure 4.6.

Similar to TTN, a MERA circuit has a tree-like structure with an additional layer

of unitary gates D(θ) that connects the different branches of a tensor network. This

allows MERA to capture long-range quantum correlations in tensor nodes [30,97]. A

MERA circuit is shown in Figure 4.7.

Unitary parameterization

The unitary operations Ui and Di in the HC circuit are arbitrary two-qubit unitary

gates, parameterized to include trainable parameters. These unitaries can be either

real-valued, containing the Ry rotation gates, or complex-valued, containing a com-

bination of Ry or Rz gates [58]. Utilizing complex-valued unitary operation prevents
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Figure 4.6: Circuit diagram of a classifier block T (θ) in the HC model, based on the TTN
tensor network. The circuit consists of a series of layers of two-qubit unitary gates Ui,
applied to adjacent qubits.

the optimizer from getting stuck in local minima during optimization [30].

Further, the two-qubit unitary gates can be decomposed into three alternative

parameterizations, as illustrated in Figure 4.8. In a simple parameterization, Fig-

ure 4.8(a), a set of two arbitrary single-qubit unitary gates (Un1 , Un2) and a CNOT

gate constitute the two-qubit unitary operation.

The general gate structure, Figure 4.8(b), consists of an arbitrary two-qubit gate

that can be decomposed into several combinations of single-qubit rotations and CNOT

gates. Some optimal decompositions for real and complex-valued general gate struc-

tures are provided by Vatan et al. [114], as illustrated in Figures 4.10 and 4.11. Lastly,

the third parameterization utilizes an arbitrary three-qubit gate with an auxiliary

qubit, as shown in Figure 4.8(c).
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Figure 4.7: Circuit diagram of a classifier block T (θ) in the HC model, based on the MERA
tensor network. The circuit consists of two layers of two-qubit unitary gates, Di and Ui,
applied to adjacent qubits.

4.5 Quantum Neural Networks

4.5.1 Example: Quantum Convolutional Neural Network

Cong et al. [18] introduced the QCNN, a quantum counterpart of the CNN. Akin to

a CNN, a QCNN stacks convolutional, pooling, and fully connected layers to extract

essential features from the input data. The circuit assumes an input of an N-qubit

quantum state ϕ that it classifies into a fixed number of classes. From the sections

discussed above, we know that any data embedding block S(x) can encode classical

data inputs x to a quantum state ϕ(x).

QCNN Layers

The circuit for a convolutional layer consists of a series of unitary operations Ui

that are applied to the input features in a translationally invariant manner. Many

architectural layouts like TTN and MERA, and unitary parameterizations, such as
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Figure 4.8: Alternative parameterizations for two-qubit unitary operations utilized in ten-
sor network circuits. (a) A set of two arbitrary single-qubit unitary gates followed by a
CNOT gate. (b) An arbitrary two-qubit unitary gate that can be decomposed into sev-
eral optimal gate combinations. (c) An arbitrary three-qubit gate that utilizes an auxiliary
qubit. Redrawn from [30].

Figure 4.9: Alternative decomposition of a two-qubit unitary operation with a simple gate
parameterization. (a) A real-valued decomposition with Ry gates. (b) A complex-valued
decomposition with Ry and Rz gates. Redrawn from [58].

simple and general gate parameterizations, were mentioned while discussing the HC

model in Subsection 4.4.1 that can be applied to construct the convolutional layer.

The trainable parameters in the unitary operations are learned during the training

process of the QCNN model.

Subsequently, a fraction of the qubits output from the convolutional layer are

measured in the pooling layer. This downsampling can be performed by mid-circuit

measurements, following which the results are either discarded or utilized to apply

classically conditioned operations Vi on the remaining qubits [77]. In cases where

mid-circuit measurements cannot be performed, the operation can be replaced by

controlled unitary gates and measurement can be deferred until the end of the QCNN

layer sequence. The convolutional and pooling layers are stacked for a finite depth,

typically alternatively, until the desired output size is achieved in the model.

Finally, a fully connected layer is applied to the remaining qubits. This layer is
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constructed with the controlled-phase gates, followed by a measurement operator in

a Pauli-α basis.

The QCNN model requires a total of O(logN) variational parameters to classify

an N-qubit input state, while the hyperparameters like the number of convolutional

or pooling layers and their depth remain fixed. A sample QCNN model is shown in

Figure 4.12.
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Figure 4.12: Circuit diagram for a QCNN model with stacked convolutional, pooling,
and fully connected layers. The convolutional layer mirrors the structure of a MERA
tensor network with unitary operations Ui. While the pooling layer performs mid-circuit
measurements to apply classically conditioned unitary gates Vi on remaining qubits. The
fully-connected layer is applied as a series of controlled-phase gates on the remaining qubits.
Adapted from [18].
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Chapter 5

Introducing piQture

QML is emerging as a viable technique for experimenting with machine learning to

tackle complex scientific and engineering problems. Thus, introducing the integra-

tion of QML models into machine learning pipelines for real-life applications. While

standalone programs exist to demonstrate the performance of QML models for image

processing, there is a notable absence of a well-defined model workflow [13,127]. The

lack of such a workflow adds complexity to integrating quantum sub-routines into the

classical landscape of image processing. With the current quantum hardware, it is

crucial to emphasize the need for accessible and user-friendly tools.

Furthermore, employing QML models in real-world image processing applications

presents challenges requiring a nuanced understanding of domain-specific knowledge.

This requirement is a barrier for individuals looking to experiment and implement

QML algorithms without significant expertise [13].

In this chapter, we introduce piQture, a Python and Qiskit-based [44] QML li-

brary tailored for image processing applications. piQture is designed to streamline

QML workflows to accommodate users familiar with classical machine learning but

without prior experience in QML. The overarching design of the library provides a

user-friendly entry point into QML, fostering an environment instrumental for effec-

tive collaboration among researchers, developers, and students. This chapter provides

an overview of the design and structure of the piQture library.
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Figure 5.1: Layout of (a) classical machine learning and (b) quantum machine learning
workflows. Redrawn from [104].

5.1 Overview

Classical Machine Learning Workflows

A machine learning workflow is a structured framework that lays out a definitive set

of rules governing data transition through distinct stages. Each stage contributes to

the development and refinement of a predictive model. As illustrated in Figure 5.1(a),

a classical machine learning workflow involves utilizing input data features to train

any machine learning algorithm, ultimately generating trained models that can be

saved and employed for making accurate predictions on previously unseen data. Con-

trary to its linear depiction, a machine learning workflow is more complex, comprising

multiple interconnected steps iteratively triggered for model training and evaluation.

These steps may include data processing, feature selection, model training, hyper-

parameter tuning, and model evaluation. Overall, a machine learning workflow is

dynamic and involves multiple feedback loops across its stages to refine and improve

model performance throughout its training period.

Various automation tools have been developed and widely used to navigate these

iterative steps inherent in a machine learning workflow. Examples include TensorFlow
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Figure 5.2: Structure of a classical machine learning workflow, highlighting the various
tools involved in pipeline automation and model monitoring tasks.

Extended (TFX)1 and GitHub Actions2 for workflow automation, Apache Airflow3

and Kubeflow4 for pipeline orchestration, MLflow5 [134] and Weights and Biases6

for model packaging, registry, and deployment, and Data Version Control (DVC)7

for data versioning, and Git for version control. However, these examples are not

exhaustive, as additional tools are utilized in machine learning workflows. Figure 5.2

provides an overview of some of these tools and their functionalities. These tools

streamline various stages in a machine learning pipeline, mitigating the need for

manual intervention and reducing effort across multiple stages.

Quantum Machine Learning Workflows

AQML workflow is a hybrid quantum-classical workflow, as illustrated in Figure 5.1(b),

that employs a variational methodology [80]. This methodology splits any QML al-

gorithm into three core stages—(1) quantum state preparation from classical data in-

puts, (2) expectation value determination through measurement, and (3) optimization

1https://www.tensorflow.org/tfx
2https://github.com/features/actions
3https://airflow.apache.org/
4https://www.kubeflow.org/
5https://mlflow.org/
6https://wandb.ai/site
7https://dvc.org/
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of variational parameters with a classical optimizer—iteratively run to perform con-

vergence of a quantum circuit function towards the desired outcome. These stages are

executed on quantum and classical computational platforms, resulting in a more com-

plex QML workflow requiring several classical pre- and post-processing sub-routines.

Managing the complexity arising from heterogeneous computational routines and

platforms presents unique challenges in orchestrating QML workflows while main-

taining data portability between different platforms. Consequently, this requires an

individual to understand the algorithmic requirements and the interplay between het-

erogeneous computational platforms [13, 64, 127], limiting their ability to transition,

learn, or experiment with QML algorithms in real-world applications [26]. Hence,

defining optimal workflows for QML becomes an essential and critical skill as the

field advances.

5.2 Pipeline Design

To address the requirement for QML workflows, we present piQture—an open-source

Python and Qiskit-based library that streamlines the development, execution, and

training of QML models tailored for image processing tasks. Within the scope of this

thesis, piQture primarily focuses on classifying image data that includes attributes

such as image size and color values. Within its development environment, piQture

consists of quantum state preparation, model selection and training, parameter tun-

ing, and evaluation processes.

5.2.1 Workflow Description

The orchestrated workflow of piQture progresses sequentially through the stages of

Data Preprocessing, Quantum Circuit Preparation, Quantum Circuit Processing, and

Measurement, as illustrated in Figure 5.3. In the workflow, the processes constantly

transition between classical and quantum processing platforms. Additionally, these

stages exhibit significant distinctions like the type of input data received and the

outputs produced. Figure 5.4 depicts the flow of data, detailing the inputs accepted

and outputs generated at each stage throughout the workflow.

The workflow begins with the Data Processing stage, where raw input data

undergoes cleaning and preparation. The primary objective of this stage is to ensure

that the raw input data is suitably prepared for the subsequent stages by addressing
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Figure 5.3: Workflow for piQture, consisting of four main stages: Data Preprocessing,
Quantum Circuit Preparation, Quantum Circuit Processing, and Measurement. The Quan-
tum Circuit Preparation stage contains the Data Embedding and the Model Selection sub-
stages. The Quantum Circuit Processing contains the Model Training and the Model Eval-
uation & Training sub-stages.

various challenges in refining and enhancing its quality. The process includes cleaning

noisy data, transforming data into a suitable format for analysis, reducing dimension-

ality to focus on essential features, and normalizing data to ensure consistency across

different scales. Furthermore, data preprocessing may include techniques for handling

incomplete data, missing attributes, and detecting and handling outliers.

After the Data Preprocessing stage, the processed classical data transitions to the

Quantum Circuit Preparation stage. Here, the focus shifts towards constructing

a quantum circuit for a QML model. This stage comprises two sub-stages: Data Em-

bedding and Model Selection, both of which are classical sub-routines. The resulting

output of this stage is a quantum circuit with data embedding and parameterized

routines.

The Data Embedding sub-stage facilitates the representation of the prepro-

cessed classical data on quantum devices, establishing an interface between classical

and quantum platforms. With the help of data encoding techniques and feature maps

discussed in Chapters 3 and 4, this sub-stage maps data to a quantum state space,

effectively embedding classical information into a quantum state for subsequent use.

Since this stage involves selecting an appropriate data embedding technique, only, it

is categorized as a classical sub-routine.

The Model Selection sub-stage facilitates the creation of a desired QML model

as a quantum circuit. During this stage, users can select from an array of QML

models, similar to those discussed in Chapter 4, each offering a unique approach

to solving an image processing task. While the piQture library has default options

for constructing a basic QML model structure, users can make informed decisions
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and tailor the architecture to their needs and preferences. As the name suggests,

the Model Selection sub-stage deals with choosing an appropriate QML model only.

Hence this stage is categorized as a classical sub-routine in the workflow.

Once the QML circuit is prepared, the workflow transitions to the Quantum

Circuit Processing stage, which facilitates the training and evaluation of the con-

structed circuits. This stage consists of two sub-stages: Model Training and Model

Evaluation & Tuning. QML models, such as those implemented as kernel methods

or variational algorithms as discussed in Chapter 4, consist of an ansatz with train-

able parameters. During this stage, an iterative loop between the two sub-stages

optimizes the trainable parameters utilizing an optimizer and a loss function. The

resulting output of this stage is a trained QML model with optimal parameter values.

In the Model Training sub-stage, the prepared QML circuit from the Quantum

Circuit Preparation stage is executed on a backend. This sub-stage mimics the for-

ward and backward passes of a classical machine learning model, which in a quantum

setting, refers to the execution of the circuit with a fixed set of parameters. Initially,

a QML circuit is run with a random set of parameter values. While subsequent calls

for this sub-stage circuit utilize the updated parameters obtained from the Model

Evaluation & Tuning stage. The forward and backward passes directly schedule cir-

cuit execution jobs on a quantum backend. Hence this sub-stage is categorized as a

quantum sub-routine in the piQture workflow.

TheModel Evaluation & Tuning sub-stage facilitates the optimization of train-

able parameters in the QML circuit by triggering calls to a classical optimizer function.

The expectation values obtained from the Model Training sub-stage, with the help

of a predefined loss function, contribute to shaping a cost function that evaluates the

performance of the quantum circuit function across different sets of parameters. The

optimizer aims to minimize the cost function by adjusting the parameter values in the

quantum circuit. Such an iterative optimization process enhances the performance of

the quantum machine learning model. This sub-stage may occasionally trigger circuit

execution on a backend, thereby categorizing it as a quantum sub-routine.

The iterative loop between the Model Training and the Model Evaluation & Tun-

ing sub-stages continues until the circuit function converges.

Finally, in the Measurement stage, the trained QML model obtained from the

Quantum Circuit Processing stage is executed on a backend with a fixed set of opti-

mal parameters. This trained model can also be executed on new and unseen data,

resulting in corresponding expectation values or quasi-probability distributions.
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Table 5.1: Mapping of various stages in the piQture workflow to their corresponding mod-
ules in the piQture library.

Stage Sub-stage Module

Data Preprocessing data loader

Quantum Circuit Preparation

Data Embedding
data encoder

image representations

Model Selection
tensor network circuits

neural networks

Quantum Circuit Processing
Relies on algorithms and neural networks

modules in the Qiskit Machine Learning library

Other Supporting Modules gates, mixin

5.3 Pipeline Structure

The mapping of stages in the piQture workflow to their corresponding modules in the

library is presented in Table 5.1.

5.3.1 Data Preprocessing

The Data Preprocessing stage operates to refine raw data for compatibility with the

subsequent Data Embedding sub-stage. This stage may perform cleaning, transfor-

mation, dimensionality reduction, or normalization tasks, ensuring the classical image

inputs are suitably prepared for upcoming stages.

A classical image dataset must include attributes such as:

image size A two-dimensional tuple (int, int) expressing the width

and height of the images in the dataset.

pixel values Multi-dimensional arrays describing the color intensity of each

pixel in the image, with distinct arrays for RGB channels.

The piQture library provides a utility function called load mnist dataset, de-

signed to import an MNIST [60] dataset using PyTorch’s data primitives, Dataset

and DataLoader. This function wraps processes such as batching, resizing, and nor-

malization for the MNIST dataset, which serves as the default dataset in this thesis.

5.3.2 Quantum Circuit Preparation Stage

The Quantum Circuit Preparation Stage comprises two sub-stages: Data Embedding

and Model Selection. These sub-stages facilitate the construction of a quantum circuit
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corresponding to a QML model.

Data Embedding

Within piQture, the Data Embedding module encompasses the ImageEncoding and

ImageMixin classes, offering abstractions for encoding classical image attributes, such

as pixel position and color values, onto a quantum state. The data encoding tech-

niques like Angle or Amplitude Encoding, and QIR methods, as detailed in Chapter 3,

inherit from these base classes to outline the circuit preparation process for images of

varied dimensions and color schemes. The class diagram for this module is depicted in

Figure 5.5. This circuit generated by the data encoder module subsequently serves

as an input for the Model Selection sub-stage.

Model Selection

The Model Selection sub-stage provides the user with a factory of QML model im-

plementations which include various tensor and neural network architectures.

Tensor Network Circuits: The tensor network circuitsmodule within piQture

provides implementations for tensor network structures such as MPS, TTN, and

MERA. A BaseTensorNetwork class provides abstractions for laying out the struc-

ture of a tensor network circuit, inherited by the MPS, TTN, and MERA classes. The

underlying architecture of the tensor networks consists of a series of two-qubit unitary

gates, as discussed in Chapter 4, built with arbitrary unitary parameterizations [30].

A TwoQubitUnitary class within the gates module of piQture lays out these gate

parameterizations that are utilized by the individual tensor network classes. All the

tensor network circuits follow the same functional structure of building unitary gate

layers with simple or general and real or complex parameterizations of the two-qubit

unitary blocks. Within each MPS, TTN, and MERA class, a backbone function further

defines the structure of the respective tensor network. Figure 5.6 presents a class

diagram for the tensor network circuits module.

Quantum Neural Networks: piQture offers implementation for QCNN, includ-

ing quantum layer implementations, such as the convolutional and quanvolutional

layers, within the neural networks module.
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Figure 5.7: A class diagram of the neural networks module within piQture.
The diagram illustrates the inheritance relationship between the QCNN class and the
QuantumNeuralNetwork base class. The sequence method in the QuantumNeuralNetwork

class enables the stacking of various quantum layers in a QCNN circuit.

A QCNN circuit is constructed by sequentially stacking the Convolutional, Pool-

ing, and Fully Connected layers. Within piQture implementations for these layers are

provided through classes such as QuantumConvolutionalLayer, QuantumPoolingLayer2,

QuantumPoolingLayer3, and QuantumConvolutionalLayer, all inheriting from the

abstract class BaseLayer. This inheritance relationship is depicted in Figure 5.8.

These classes instantiate quantum circuits for a specified number of qubits while ac-

counting for unmeasured qubits as the layers are stacked. This tracking of unmeasured

qubits is essential especially when the preceding layers perform mid-circuit measure-

ments, as in the case of QuantumPoolingLayer2 and QuantumPoolingLayer3, reduc-

ing the number of available qubits for the subsequent layers.

Quantum Layers: The QuantumConvolutionalLayer class lays out a sequence

of unitary gates, dictated by the structure of a MERA tensor network, as discussed in

Chapter 4. Consequently, this class requires relevant arguments to call the MERA class

internally—a layer depth integer to specify the desired depth of the convolutional

layer, a mera instance integer that maps the convolutional layer to a particular in-

stance of the MERA tensor network, simple or generalized, and a complex structure
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boolean to specify real or complex the unitary gate parameterizations, thereby intro-

ducing an added layer of sophistication to a quantum convolutional layer.

The pooling layer, on the other hand, incorporates mid-circuit measurements in

the quantum circuit. Multiple implementations of this layer are available in piQture.

In the QuantumPoolingLayer2 class, one of the qubits in a pair of adjacent qubits is

measured, whereas, the QuantumPoolingLayer3 class performs measurements on two

from a set of three adjacent qubits. Measurements in both the layers are accompanied

with classically conditioned phase gates to the unmeasured qubits, as detailed in

Chapter 4. This implementation approach contributes to the adaptability and the

expressiveness of the QCNN model.

The FullyConnectedLayer class connects the remaining unmeasured qubits with

controlled-phase gates and performs final measurements in a Pauli-basis.

5.3.3 Quantum Circuit Processing Stage

The Quantum Circuit Processing Stage encompasses training, evaluating, and tuning

the prepared QML circuit. This stage consists of two sub-stages: Model Training and

Model Evaluation & Tuning, which iteratively optimize the trainable parameters in

the circuit. QML circuits with different parameter values are executed on a simulator

or a quantum device in each iteration, generating some expectation values.

Model Training

The Model Training sub-stage takes the prepared QML circuit from the Quantum

Circuit Preparation stage and initiates an iterative training process. In the context

of a supervised machine learning procedure, the trainable parameters in the circuit

are optimized to minimize the cost associated with the cost function of the QML

model. Currently, piQture depends on the SamplerQNN and EstimatorQNN classes,

present inside the neural networks module in the Qiskit Machine Learning8 library.

During a training step, either a SamplerQNN or EstimatorQNN provides a forward

and backward pass method that triggers the execution of the QML circuit with a

specified set of input data and parameters on a backend. The output from a forward

pass is generated in the form of quasi-probability distributions or expectation values

that are interpreted as the predictive outcome of the QML model, with respect to

the provided set of parameter values. A backward pass executes the same quantum

8https://github.com/qiskit-community/qiskit-machine-learning
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Figure 5.10: Sequence diagram for evaluation and tuning sub-stage performed by the
NeuralNetworkClassifier class from the Qiskit Machine Learning library.

circuit to compute the gradient values of the cost function that are pivotal in imple-

menting optimizer functions in the subsequent Model Evaluation & Tuning sub-stage.

Figure 5.9 shows the structure of the neural networks module and the SamplerQNN

and EstimatorQNN classes, within the Qiskit Machine Learning library.

While currently, the Model Training stage depends on theQiskit Machine Learning

library, proposals for suitable changes to the implementation of the SamplerQNN and

EstimatorQNN classes are outlined in Chapter 8.

Model Evaluation & Tuning

In the Model Evaluation & Tuning sub-stage, a predefined classical optimizer and

loss function update the values of trainable parameters in the QML circuit. The

expectation values obtained from the preceding Model Training sub-stage and the

loss function shape the cost landscape of the circuit function while the optimizer

aims to achieve a minimum. In cases where a gradient-based optimizer is defined, the

cost function gradients obtained from a backward pass of the circuit are utilized by

the optimizer function to minimize the overall cost of the circuit function.

This optimization process runs iteratively between the Model Training and Model
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Evaluation & Tuning stages for a specified number of iterations. A callback function

may be introduced to halt the training upon reaching a particular cost threshold.

The outcome of the Model Evaluation & Tuning sub-stage is a set of optimized

parameter values that are either fed back into the Model Training sub-stage for further

optimization or utilized by the subsequent Measurement stage to produce the final

trained QML model.

Currently, piQture utilizes the optimizer functions defined in the Qiskit Algo-

rithms9 library. A NeuralNetworkClassifier wrapper class from the Qiskit Machine

Learning10 library is called to trigger the iterative loop between Model Training and

Model Evaluation & Tuning sub-stages. This evaluation and tuning loop is depicted

in a sequence diagram in Figure 5.10.

5.3.4 Measurement

In the Measurement stage, the optimal parameter values received from the Model

Evaluation & Tuning stage are utilized to execute a final forward pass of the QML

circuit, producing the conclusive results of the entire QML model. The results ob-

tained from this stage are either quasi-probability distributions or expectation values,

depending on the SamplerQNN and EstimatorQNN class being called.

Further, the trained model can be executed on unseen datasets to make predictions

or may be stored in a model registry for easy retrieval or future analysis. This process

of model management and storage is discussed in the next chapter.

9https://github.com/qiskit-community/qiskit-algorithms
10https://github.com/qiskit-community/qiskit-machine-learning
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Chapter 6

Advancing piQture: Strategies for

CI/CD

In Chapter 5, we introduced the piQture library for building and training QML models

for image processing tasks. The user-friendly design of the library aims to enhance ac-

cessibility and ease of use for researchers, developers, and students. Nevertheless, en-

suring the reliability and robustness of piQture demands rigorous testing procedures.

This necessity is especially imperative to quantum software development, where the

functionality must be accurate across heterogeneous computational platforms.

In this chapter, we discuss the critical strategies for transitioning piQture from

development to production environments through Continuous Integration and Deliv-

ery (CI/CD). We explore various practices, from testing methodologies to building

and packaging techniques essential for seamless software deployment. To streamline

our CI/CD workflow, we leverage tools like GitHub Actions,1 while MLflow2 [134]

facilitates QML lifecycle management. Together, these tools enable us to implement

Machine Learning Operations (MLOps), ensuring a robust deployment workflow for

the piQture library with suitable testing and workflow automation techniques.

1https://github.com/features/actions
2https://mlflow.org/
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6.1 Overview

Machine Learning Operations

DevOps is a set of practices and principles that aid in continuously integrating and

automating software development and related operations [28]. MLOps is an exten-

sion of DevOps principles that enables software engineers to automate and monitor

machine learning models and workflows [55].

We apply MLOps concepts to automate and streamline the end-to-end process

of developing, deploying, and maintaining the piQture library, aiding in its seam-

less transition from development to production environments. This process involves

several steps, including continuous source code integration into a shared central repos-

itory and automated testing of each change, triggering a build process, and packaging

the entire library with version control support [55].

Continuous Integration and Delivery

CI/CD is a software development practice that optimizes the delivery pipeline within

the SDLC by streamlining software pipeline building, testing, and deployment. Imple-

menting CI/CD processes facilitates collaboration among developers by minimizing

manual errors and accelerating feedback loops. At its core, CI/CD comprises two

essential practices: Continuous Integration (CI) and Continuous Delivery (CD).

Continuous

Integration

(CI):

CI accommodates frequent integration of code updates into a

shared central repository. Each integration triggers an auto-

mated build and test workflow, ensuring seamless merging of

new code with the existing codebase [28]. This process aids

in identifying bugs early in the development cycle. By en-

couraging developers to make smaller and more frequent code

changes, CI promotes continuous improvement in code qual-

ity throughout the development process [49].
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Continuous

Delivery

(CD):

CD extends CI capabilities by automating the packaging pro-

cess and releasing deployment-ready code to end-users [42].

While CI focuses on integrating code changes and running

automated tests, CD takes it further by preparing and pack-

aging code changes that pass the tests in CI for deployment.

It emphasizes the packaging and deployment processes, en-

suring swift delivery of software updates to end-users while

maintaining the quality of the source code [42].

CI/CD processes work together to streamline the release cycle of a software library,

enabling teams to promptly address integration issues and bug fixes while delivering

high-quality software.

6.2 Building, Testing, and Packaging piQture

To facilitate the transition from development to production environments through

CI/CD, piQture follows a series of systematic steps. These steps include creating

a shared central repository that multiple users can use for the integration of code

updates or collaboration on development ideas, aided by automatic triggering of build

and testing workflows.

The steps for building, testing, and packaging are discussed below.

6.2.1 Setting Up the GitHub Repository

GitHub3 is a centralized developer platform built upon Git,4 a widely used distributed

version control system. GitHub offers a collaborative environment where developers

can host, share, and manage their code repositories. It also offers tools for code

review, issue tracking, and project management.

We begin the development cycle of piQture by setting up a GitHub repository

that helps us store source code, scripting files, documentation, and other project

assets. We establish an organized directory structure based on the pipeline design

and structure discussed in Chapter 5. This structure is foundational for efficient

design and utilization among developers.

3https://github.com/
4https://git-scm.com/
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Figure 6.2: The directory structure of piQture with three essential directories: piqture,
tests, and graphics.

Directory Structure

We structure piQture with a well-organized categorization, where each directory con-

tains code implementations essential for constructing a QML workflow.

At the core of the library is the piqture directory, containing modules such as

data encoder, data loader, gates, mixin, neural networks,

tensor network circuits, and variational classifiers that provide essential

code implementations to load and encode data, and construct a QML model.

Notably, each module in the piqture directory is complemented by its counter-

part in the tests directory. The tests directory mirrors the structure of modules in

piqture to host unit tests tailored to validate their functionalities correspondingly.

Such an organization segregates tests from application code, allowing a scalable ap-

proach to test management.

On the other hand, the graphics directory stores essential graphical assets and

resources used for visualization and documentation.

Issues and Pull Requests

One of the key attributes of GitHub is its support for features like Issues and Pull

Requests that enable developers to propose changes, review code, and merge contri-
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butions in the central repository. The Issues feature helps developers prioritize tasks,

report bugs, and submit feature requests. This comprehensive documentation of is-

sues and tracking their scope within the repository ensures that all the team members

align with the project priorities and progress. The Pull Requests feature promotes

code review and collaboration, ensuring new features meet quality standards before

merging into the main codebase.

Additionally, GitHub offers tagging and commit history features that enable de-

velopers to annotate significant milestones, releases, and changes within the source

code. These milestones allow developers to group issues and pull requests together to

prioritize completing critical tasks and manage project timelines. Figure 6.5 shows

how we utilize the milestone feature to monitor version releases for piQture.

GitHub Projects

Furthermore, GitHub’s support for Kanban projects offers a tool for visualizing and

managing projects. With the help of GitHub Projects, we created custom boards

and cards to organize tasks into To Do, In Progress, and Done categories, facilitating

tracking of progress, priorities, and assignments for piQture. This feature aids in

ensuring that our project stays on track and meets deadlines.

GitHub Actions

A standout feature of GitHub is GitHub Actions,5 an automation tool that enables

developers to define customized workflows that automate CI/CD tasks like code com-

pilation, testing, and deployment. This automation streamlines the development

workflow, improves efficiency, and ensures consistent code quality across projects

while reducing manual effort at each stage. We utilize GitHub Actions to stream-

line the building, testing, and packaging workflows for piQture. These workflows are

explained in Subsections 6.2.2, 6.2.3, and 6.2.4 below.

6.2.2 Building

With the GitHub repository in place, our focus shifts to configuring automated con-

figurations that govern the code compilation, dependency resolution, and testing pro-

cesses for the piQture library. Automating these tasks mitigates the risk of manual

5https://github.com/features/actions
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Figure 6.8: A python package build triggered by a commit in piQture, executing jobs across
different Python versions.

errors and inconsistencies, ensuring the library is compiled consistently across differ-

ent software environments, including various Python versions and operating systems.

A build refers to the process of compiling the source code, resulting in the genera-

tion of outputs such as executables, libraries, or intermediate artifacts used for testing

or deployment. We utilize GitHub Actions in our library to facilitate the build step

by writing a few configuration files. Since piQture is a Python-based library, we build

the following configuration files that support different Python versions.

Build Configuration Files

requirements.txt This text file catalogs all the library dependencies and

Python packages, along with their version constraints.

Its primary function is to ensure the library’s repro-

ducibility across various environments.

setup.py This script file defines metadata such as library name,

version, and other relevant details, facilitating the pack-

aging of the library for distribution.

python-package.yml This YAML file is a configuration file tailored for GitHub

Actions. This file defines a sequence of steps to orches-

trate the build and test processes.
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The YAML file has components that trigger automatic build and testing processes.

These components include,

Trigger: A trigger specifies an event that initiates the workflow, such as pushes

made to specific branches, pull requests, or scheduled intervals.

Listing 6.1: Push and Pull Request trigger events defined on the main branch of piQture.

name: Python package

on:

push:

branches: [ "main" ]

pull_request:

branches: [ "main" ]

Jobs: Jobs are the backbone of the workflow, outlining specific tasks to be ex-

ecuted within a defined environment. Each job is specified on a virtual machine or

container environment, such as Ubuntu, Windows, or macOS, in which it will run.

Listing 6.2: A job with a defined container environment, strategies to manage test failures,

and multiple Python versions for testing.

jobs:

build:

runs-on: ubuntu-latest

strategy:

fail-fast: true

matrix:

python-version: ["3.8", "3.9", "3.10", "3.11"]

Each job also includes a sequence of steps that are defined and executed sequen-

tially. These steps may include tasks like installing dependencies, examining code

quality through the linting process, running unit tests, and more. Moreover, jobs are

equipped with strategies that handle contingencies in case of build or test failures,

enabling swift remediation actions.

Listing 6.3: A job with sequential steps for setting up a Python environment with GitHub

Actions, installing dependencies, linting operations, and pytest testing.

jobs:

steps:
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- uses: actions/checkout@v3

- name: Set up Python ${{ matrix.python-version }}

uses: actions/setup-python@v3

with:

python-version: ${{ matrix.python-version }}

- name: Install dependencies

run: |

python -m pip install --upgrade pip

if [ -f requirements.txt ]; then pip install -r requirements.txt; fi

- name: Lint with pylint

run: |

pylint $(git ls-files ’*.py’)

- name: Test with pytest

run: |

python -m pytest --cov=quantum_image_processing

--cov-report=html:.pytest_cache/coverage_report

With these build configurations in place, automated CI/CD processes orchestrate

the building process for the piQture library. GitHub Actions can parse these files

to fetch necessary dependencies, execute commands, and streamline the development

workflow, ensuring the readiness of the library for deployment.

6.2.3 Testing

In the subsequent testing phase, we utilize the pytest framework to write unit tests for

the piQture library. These tests verify the functionality and behavior of each function

in each module, ensuring the quality and validation of the codebase.

To automate the testing process, we utilize the Python configuration files, partic-

ularly pythonpackage.yml to orchestrate a GitHub Actions workflow. This workflow

triggers the execution of unit tests with each commit and pull request created on the

GitHub repository. These tests are performed across multiple Python versions, men-

tioned in the configuration file, enabling us to verify the compatibility and stability

of the library across different environments.

This proactive approach to testing enhances the overall robustness of the piQture

library, allowing developers to identify and address issues early in the development

cycle.
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Test Coverage

Code coverage is a metric used in software development to measure the proportion of

code tested against the existing unit tests. It is expressed as a percentage, reflecting

the ratio of lines of code executed during testing to the total lines of code in the

codebase. Higher code coverage indicates a more thorough testing of the codebase,

helping identify areas that may require additional testing and other potential gaps in

the test suite.

For piQture, we commit to maintaining a high code coverage standard throughout

the development workflow. We continuously track our code coverage metrics, ensuring

that the testing metrics effectively cover the breadth of the codebase. Presently, the

code coverage for piQture is 91%. This percentage is provided by Coveralls,6 a web-

based service that provides code coverage statistics.

6.2.4 Packaging

Once the codebase has been built and tested, the final step is to package piQture

for distribution and deployment. Packaging consists of bundling the code and its

dependencies and configuration files into a distributable format like a Docker container

or a package archive, such as .tar, .tar.gz. The resulting package, also known as

a release package, can contain documentation files, release notes, license information,

installation instructions, and other metadata like version details. This comprehensive

package ensures the end-users have all the necessary resources to deploy and utilize

the piQture library. Furthermore, the packaging process can be automated using

GitHub Actions. Listing 6.4 illustrates a YAML configuration file that orchestrates

this automation.

Listing 6.4: A YAML configuration file for automating the packaging process and deploying

it to PyPI.

name: Deploy to PyPI

on:

push:

branches:

- main

jobs:

deploy:

6https://coveralls.io/
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runs-on: ubuntu-latest

strategy:

matrix:

python-version: [ "3.8", "3.9", "3.10", "3.11" ]

steps:

- name: Build package

run: python setup.py sdist bdist_wheel

- name: Upload package to PyPI

env:

USERNAME: __token__

PASSWORD: ${{ secrets.PYPI_API_TOKEN }}

run: |

python -m twine upload dist/*

6.3 piQture in Production

Upon completion of the testing and packaging stages, piQture transitions into a pro-

duction workflow where workflow automation tools manage the execution and training

of QML models sourced from the packaged source code. Tools like MLflow7 [134] pro-

vide essential APIs for tracking experiments, optimizing models, and managing model

versions. The trained QML models from the library are stored in a Model Registry,

serving as a data hub accessible to users through a web API as a Prediction Service.

This service allows users to interact with piQture’s QML models, making predictions

based on unseen input data.

At its current stage, deploying piQture into a production workflow represents a

preliminary implementation. Although automated scheduling and model monitoring

processes are not yet fully developed, manual intervention ensures the tracking of

experiments and fine-tuning of QML models. Additionally, the current workflow is

structured as a monolithic software, where various functionalities and components

of piQture are integrated into a single unit, deployed either on PyPI8 or as a web

service. We make these decisions to optimize the time, simplicity, and efficiency of

developing the initial phases of piQture. The following sections discuss the above

processes, followed by a brief discussion of future expansion possibilities.

7https://mlflow.org/
8https://pypi.org/
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6.3.1 Model Management

In the production workflow following MLOps, robust model registry, artifact logging,

and experiment tracking are essential for model management purposes.

Experiment Tracking

Experiment Tracking refers to the documentation and management of a project work-

flow. It involves capturing a wide range of experiment details, including training

datasets, parameters and hyperparameters, model architectures, evaluation metrics,

and outcomes obtained during the training and evaluation of a QML model. This

comprehensive logging of relevant metadata from the experiments enables develop-

ers and users to trace the evolution and performance of a model while identifying

strategies and areas for improvement. Figure 6.11 displays the interface of an MLflow

Tracking server hosted locally on a set URI: http://127.0.0.1:5000/.

Artifact Logging

Artifact Logging involves systematically recording and storing various artifacts associ-

ated with each experiment. These artifacts include model binaries, hyperparameters,

and evaluation metrics, including elements specific to QML models, such as circuit

diagrams, transpiled circuit data, and variational parameters, as shown in Figures

6.13 and 6.14. Within piQture, we leverage MLflow’s APIs during model script exe-

cution to log artifacts onto the MLflow Experiment Tracking Server. This meticulous

process of logging ensures the availability of artifacts for future reference and analysis,

which is crucial for the reproducibility of models and insights into their performance.

Model Registry

A Model Registry is a centralized database for storing, versioning, and managing

trained QML models. Within piQture, we utilize Model Registry to catalog trained

QML models, facilitating their easy retrieval and deployment. We utilize MLflow’s

Model Registry APIs to streamline the process of model registration, versioning, and

even creating model aliases for easy reference, as depicted in Figure 6.12. Building

a Model Registry ensures that the trained QML models are systematically organized

and readily accessible for deployment. Furthermore, MLflow’s Model Registry syn-

chronizes the experiment data with model artifacts, providing a common platform for
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Figure 6.13: Circuit Diagram artifact of a QML model logged on the MLflow Experiment
Tracking Server.

managing experiments and models.

To ensure seamless integration of QML models based on Qiskit within MLflow,

we defined a custom Python function model, also referred to as a PyFunc. This

PyFunc encapsulates the logic required for loading and executing QML utilizing Qiskit

functionalities. Given that MLflow lacks pre-defined model flavors specific to Qiskit-

based models, custom PyFuncs are indispensable for enabling the incorporation of

QML models into MLflow’s infrastructure. Listing 6.5 shows the custom PyFunc

model designed to support Qiskit-based QML models from piQture.

Listing 6.5: A custom PyFunc that supports incorporation of QML model, based on Qiskit,

into MLflow’s infrastruture.

class QuantumModel(PythonModel, metaclass=ABCMeta):

"""

Subclass of PythonModel class that wraps various

quantum models as Python models.

"""

def __init__(self, model: TrainableModel):

self.model = model

def predict(

self, context=None, model_input=None, params:

Optional[dict[str, Any]] = None

):

return self.model.predict(X=model_input)
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Figure 6.14: Attributes and parameter values of a QML model logged on the MLflow
Experiment Tracking Server.

6.3.2 Prediction Service

Finally, we leverage the capabilities and functionalities of piQture to build a Predic-

tion Service using Flask. This service establishes an API, delivering a user-friendly

interface for accessing trained QML models stored in the Model Registry. Through

Flask’s lightweight framework, the Prediction Service handles incoming prediction re-

quests and retrieves the necessary model from the registry. Subsequently, it generates

new predictions based on the trained model. By deploying piQture as a web service,

the registered and trained models are directly accessible to the users, enhancing in-

teraction and usability of the library as a service.
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Figure 6.15: A Prediction Service hosted on a local development server with Flask. The
QCNN model is pre-trained, and accessed from a local MLflow registry.
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Chapter 7

Quick Start Guide: How to use

piQture?

In this chapter, we provide a comprehensive quick start guide for utilizing the piQture

library, a tool for applying QML models in image processing tasks. Section 7.1 lays

out the necessary steps to create a setup required for installing the piQture library, for

users and developers. Subsequently, Section 7.2 presents three tutorials, each demon-

strating the utilization of distinct modules in the library: image representation,

tensor network circuits, and neural networks.

7.1 Getting Started

7.1.1 Setup

Begin by creating a new Python environment or activating an existing one for working

with the piQture library. Set up a Python virtual environment (venv) or a Conda

environment and use pip or conda to install piQture package. Here is how to create

a conda environment and manage a Python environment:

Listing 7.1: CLI commands to create and activate a Conda environment.

# Create a new conda environment

conda create -n piqture_environment python=3.x

# Activate the conda environment

conda activate piqture_environment



97

7.1.2 Installation

Once the Python environment is activated, the required piQture package can be

installed using pip. You can install the latest version directly from PyPI.

pip install piqture

7.1.3 Installation from Source

To set up a development environment and install piQture from source, follow these

steps:

• Clone the piQture repository: Start by cloning the piQture repository from

GitHub.

# Clone the GitHub repository.

git clone https://github.com/SaashaJoshi/piQture.git

• Activate the Python environment and navigate to the piQture repository direc-

tory. Then, inside the Python environment, install the required dependencies

from the requirements_txt configuration file using the following commands:

# Install the required dependencies

pip install -r requirements.txt

• Install piQture in editable mode: Installing a package in editable mode

allows you to make changes to the source code. To install piQture from source

in editable mode, run:

# Install from source in editable mode

pip install -e .

Now your development environment is set up, and piQture is installed from source.

You can now start making changes to the code, running tests, and contributing to

the project as a developer.
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7.2 Tutorials

7.2.1 Tutorial 1: Building an INEQR encoding

In Chapter 3, we explored the Improved Novel Enhanced Quantum Representation

(INEQR). This image encoding strategy embeds a non-square grayscale image onto

a quantum circuit. In this tutorial, we utilize the data loader and data encoder

modules in the piQture to build an INEQR circuit for a grayscale MNIST image.

First, we utilize the load mnist dataset, a PyTorch wrapper function, from the

data loader module to load an MNIST dataset. Next, we resize the images in the

dataset to dimensions 2 × 2, and convert the pixel values to integral values, as per

the requirements of the INEQR method. Finally, we use the INEQR method, present

in the image representations module, to generate an encoding circuit. The INEQR

class accepts parameters such as image size and a list of pixel val. The circuit

produced from executing code in Listing 7.2 is shown in Figure 7.1.

Figure 7.1: INEQR circuit generated for a 2× 2 grayscale MNIST image with pixel values
[[38, 49], [46, 41]], from the corresponding code given in Listing 7.2. Qubits q0 and q1 encode
the pixel positions in the basis states with the help of Hadamard and X gates, whereas the
CX gates encode the pixel color information in binary format.

Listing 7.2: Constructing an INEQR image encoding with piQture.

# Imports

import torch.utils.data
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from piqture.data_loader.mnist_data_loader import load_mnist_dataset

from piqture.data_encoder.image_representations.ineqr import INEQR

# Load MNIST dataset

train_dataset, test_dataset = load_mnist_dataset(img_size=2)

# Retrieve a single image from the dataset

image, label = train_dataset[0]

image_size = tuple(image.squeeze().size())

embedding = INEQR(image_size, image).ineqr()

7.2.2 Tutorial 2: Building a TTN tensor network

In this tutorial, we explore the tensor network circuits module in the piQture to

build a TTN tensor network circuit. A TTN structure can be utilized as a parame-

terized ansatz within various QML algorithms, such as a VQC.

To initialize a TTN circuit, we utilize the TTN class from the

tensor network circuits module. Once the circuit is instantiated, the user can call

a class method tailored to the desired gate parameterization in the TTN structure.

The available methods consist of two main structures: ttn simple and ttn general,

each offering variations with complex and non-complex gates. The circuits produced

from ttn simple and ttn general with non-complex gates, given in Listings 7.3

and 7.4, are shown in Figures 7.2 and 7.3.

Listing 7.3: Constructing TTN tensor network structure with simple gate parameterization

and real gates.

# Imports

from piqture.tensor_network_circuits import TTN

# Instantiate a TTN circuit

num_qubits = 4

ttn = TTN(num_qubits)

# Specify the gate parameterization.

ttn = ttn.ttn_simple(complex_structure=False)
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Figure 7.2: A TTN tensor network circuit, corresponding to Listing 7.3, constructed
with a simple gate parameterization and real gates.

Figure 7.3: A TTN tensor network circuit, corresponding to Listing 7.4, constructed
with a general gate parameterization and real gates.

Listing 7.4: Constructing TTN tensor network structure with general gate parameteriza-

tion and real gates.

# Imports

from piqture.tensor_network_circuits import TTN

# Instantiate a TTN circuit

num_qubits = 4

ttn = TTN(num_qubits)

# Specify the gate parameterization.

ttn = ttn.ttn_general(complex_structure=False)
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7.2.3 Tutorial 3: Training a QCNN model

In this tutorial, we construct a QCNN model, as detailed in Chapter 4, with the help

of convolutional, pooling, and fully connected layers. To facilitate this, we utilize the

neural networks module in the piQture library to construct a layer sequence for our

QCNN model.

The initial data encoding is performed by the AngleEncoding class inside the

data encoding module. Subsequently, we train and evaluate the QCNN model with

the EstimatorQNN and NeuralNetworkClassifier classes from the Qiskit Machine

Learning library. The resulting QCNN circuit, as generated by the code written in

Listing 7.5, is shown in Figure 7.4. Whereas, Figure 7.5 illustrates the minimization

of the objective function value over ten training and evaluation iterations.

Listing 7.5: Training a QCNN model with piQture and Qiskit Machine Learning libraries.

# Imports

from piqture.neural_networks import (

QCNN,

QuantumConvolutionalLayer,

QuantumPoolingLayer2,

FullyConnectedLayer,)

from qiskit_machine_learning.neural_networks import EstimatorQNN

from qiskit_machine_learning.algorithms import NeuralNetworkClassifier

from qiskit.quantum_info import SparsePauliOp

from qiskit_algorithms.optimizers.cobyla import COBYLA

# Initializing a Data Embedding circuit for 2x2 images.

embedding = angle_encoding(img_dim=(2, 2))

# Initializing a QCNN circuit for 2x2 images.

qcnn_circuit = QCNN(num_qubits=4)

# Gathering parameters for layer objects.

mera_params = {"layer_depth": 1, "mera_instance": 0,

"complex_structure": False}

convolutional_params = {"mera_args": mera_params}

# Building the QCNN circuit with layers.
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qcnn_circuit = qcnn_circuit.sequence([

(QuantumConvolutionalLayer, convolutional_params),

(QuantumPoolingLayer2, {}),

(FullyConnectedLayer, {})

])

# Utilizing EstimatorQNN and NeuralNetworkClassifier to train and

evaluate the circuit.

estimator_qcnn = EstimatorQNN(

circuit=qcnn_circ,

observables=SparsePauliOp(["IZIZ"]),

input_params=embedding.params,

weight_params=qcnn_circuit.parameters,

)

weights = algorithm_globals.random.random(estimator_qcnn.num_weights)

initial_point = np.random.random((len(qcnn_circuit.parameters),))

classifier = NeuralNetworkClassifier(

estimator_qcnn,

optimizer=COBYLA(maxiter=20),

callback=callback_graph,

initial_point=initial_point,

)

# Fitting the QCNN model on train dataset.

classifier.fit(train_img, train_labels)

score = classifier.score(train_img, train_labels)



103

Figure 7.4: Circuit diagram of the QCNN model corresponding to the Listing 7.5. The
initial rotation gates (before the barrier) implement the Angle Encoding strategy, followed
by unitary gates (Ry, CX, and CZ) that apply quantum convolutional and pooling layers.
The final CZ gate represents a fully connected layer.

Figure 7.5: Model evaluation chart for the QCNN model corresponding to Listing 7.5,
depicting a minimizing objective function value over 10 training and evaluation iterations.
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Chapter 8

Conclusion and Future Work

In this chapter, we summarize the contributions of our thesis and outline the avenues

for future work and development of piQture.

8.1 Contributions

RQ1: What are the most common QML models? How are these models

applied to image processing?

• We extensively reviewed QML models, primarily focusing on their applicability

to image classification tasks.

• In Chapter 2, we presented a comprehensive background and literature review

on Data Embedding, QIR methods, QML models such as QSVM, VQA includ-

ing VQC and kernel methods, QTN, and QNN such as QCNN and QuanvNN,

and QML workflows.

• Chapters 3 and 4 discussed the theory behind selective QIR methods and QML

models, such as Quantum Kernel Estimator, VQC, QTN, and QCNN that are

utilized for classification tasks.

RQ2: What is an effective architecture and workflow for a software library

for implementing QML algorithms for image processing?

• We developed piQture library, a Python and Qiskit-based toolkit that facili-

tates the implementation, training, and deployment of QML models for image

processing tasks.
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• In Chapter 5, we presented the design and structural decisions behind the de-

velopment of piQture, including modularized classes and functions, built to

construct an effective and streamlined QML workflow.

• These decisions made piQture accessible to users familiar with classical machine

learning without prior QML experience.

• We ensured the reliability, robustness, and reproducibility of piQture as software

by employing CI/CD techniques, unit testing, and code coverage analysis.

• We open-sourced piQture to provide access to a wider community of users.

• We provided a concise quick-start guide to using piQture in Chapter 7.

RQ3: How can the developed workflow be streamlined to facilitate con-

tinuous integration, packaging, and deployment of QML models?

• In Chapter 6, we presented strategies to integrate automation techniques to

streamline the integration and deployment processes for piQture.

• We utilized GitHub Actions to automate the building, testing, packaging, and

deployment workflows within piQture.

• We facilitated model management within piQture by utilizing MLflow to track

experiments, log model and experiment artifacts, and register models in a

database for easy retrieval and analysis of trained QML models.

• We facilitated the practical adoption of pre-trained QML models by developing

a Flask-based API to build a web-based prediction service.

8.2 Future Work

piQture has the potential to become an experimental platform for students and de-

velopers to explore and implement QML models. This section introduces the future

research and development avenues for piQture.
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8.2.1 Optimizing piQture Design and Structure

One avenue for future research and development is to optimize the design and struc-

ture of the piQture library by identifying areas of improvement. In particular, the fol-

lowing feature enhancements would be worth investigating: extending the

TwoQubitUnitary class to support more gate parameterizations and decompositions,

introducing better visualizations for the neural networks module, implementing

color and geometric transformations and compression on images, and adding sup-

port for circuit cutting. These potential enhancements are also listed in the Issues

section of the piQture library on GitHub.

Another future research avenue is to address the reliance of piQture’s Quantum

Circuit Processing Stage on the neural networks module in the Qiskit Machine

Learning library, as discussed in Chapter 5. Upon experimenting, we realized that

the current implementations of SamplerQNN and EstimatorQNN classes are not flexible

enough to support parallel or distributed execution of multiple quantum circuits that

may result from particular workflows, such as while implementing quantum circuit

cutting. Introducing a custom training module to piQture would help to solve this

problem.

8.2.2 Workflow Management and Monitoring

Despite the significant progress made in developing piQture, few areas of potential

enhancements remain. One key area of focus is workflow management and moni-

toring using tools like Apache Airflow.1 Such management would help to optimize

the execution, scheduling, and monitoring of QML workflows to reflect the frequent

changes in data or package dependencies of piQture.

Another useful enhancement would be to expand piQture to support cloud-based

model management and deployment for broader accessibility. Currently, the model

registry and web-based prediction services are hosted locally. Having cloud-based

support is beneficial for extending the reach of piQture to a broader community as

well as for providing piQture as a service to users.

1https://airflow.apache.org/
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8.2.3 Model Evaluation Techniques

Model evaluation is essential when assessing the performance of trained models. It

includes metrics such as accuracy, precision, recall, F1-score, and ROC-AUC score,

offering insights into a model’s performance on unseen data. It would be benficial

to integrate model evaluation techniques into piQture, tailored to QML and image

processing tasks. This integration would allow users to prioritize evaluation strategies

within a project workflow, ensuring a comprehensive assessment of model performance

and benchmarking.
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