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Abstract

In recent years, quantum computing, as a potential way to break the bottleneck of
Moore’s Law, has gradually shown its unique advantages in the field of machine learn-
ing. Not only can it bring exponential or polynomial acceleration in some specific tasks,
it also provides entirely new ways of representing and processing information. Focusing
on the core theme of application and method innovation of quantum machine learn-
ing in structured data, this thesis systematically studies the theoretical models and
practical applications of quantum computing in many sub-fields such as agricultural
remote sensing, graph neural networks, and hyperdimensional computing, and explores
the adaptability, scalability, and effectiveness of quantum models in real-world tasks.

Firstly, in the cropland classification and yield prediction task, this study iden-
tifies that traditional neural networks tend to underperform when facing imbalanced
and small-sample remote sensing data, often misclassifying minority crop types. To
address this, we propose a quantum-classical hybrid recognition framework that in-
tegrates quantum feature mapping with classical neural networks. After incorporating
quantum feature encoding, we observe a significant improvement in classification perfor-
mance, especially in cases involving subtle field boundaries and heterogeneous textures.
The quantum-enhanced model demonstrates superior accuracy, robustness, and gener-
alization compared to its classical counterpart, validating the advantage of leveraging
quantum representations in real-world agricultural datasets.

The second part focuses on the learning of graph structure data and proposes to
embed the Continuous Time Quantum Walk (CTQW) into the Graph Neural Network
(GNN) architecture. This method not only preserves the global interference characteris-
tic of quantum states but also realizes the efficient modeling of graph topology through
the spectral graph methods. Experiments show that the proposed method is superior
to many classical graph learning models in tasks such as node classification and graph
structure inference.

The third and fourth components of this thesis collectively explore quantum ap-

ii



proaches to hyperdimensional computing (HDC), establishing a progressive transition
from native quantum-state-based implementation to quantum-enhanced HDC strate-
gies. Initially, we investigate the intrinsic mathematical correspondence between quan-
tum states and high-dimensional hypervectors, and propose a novel quantum-state-based
high-dimensional encoding method. This method is realized through quantum circuits
capable of generating hypervectors with controllable entropy, thereby implementing es-
sential HDC operations, such as classification and memory reconstruction, on real quan-
tum hardware. This marks the first successful migration of core HDC mechanisms into
a fully quantum-native framework.

Building upon this foundation, we further propose the first quantum-enhanced HDC
strategy, which does not rely solely on quantum-native implementations but rather uti-
lizes key quantum features to boost the efficiency and expressivity of conventional HDC
systems. Specifically, we introduce mechanisms such as quantum-reference-state-based
binding, using density matrices to represent superclass states, and quantum state to-
mography for robust feature extraction. These innovations significantly enhance the
resilience and performance of HDC under high-noise and high-dimensional sensing en-
vironments. The resulting models achieve superior accuracy and robustness across a
variety of multi-class classification tasks, demonstrating the practical benefits of inte-
grating quantum computation into the broader HDC paradigm.

In this thesis, experimental validation is carried out in multiple real and simulation
environments, including Qiskit and Paddle Quantum platforms, and a complete closed
loop was achieved from theoretical derivation, quantum circuit design to end-to-end
experimental evaluation. The results show that quantum methods can expand the ex-
pressive power of classical models and become an important tool to deal with large-scale,
structured data problems in the future. The work in this thesis provides methodological
support for quantum machine learning from theory to application, and also expands the
research boundaries of high-dimensional computation and graph learning in the quantum

background.
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Chapter 1

Introduction

Contents
1.1 Motivation . . . . . . . . . .. 1
1.1.1  General Motivation . . . . . . ... ... ... ... ... ..... 1
1.1.2  Problem-Driven Motivation . . . . ... ... ... ........ 4
1.2 Research Objectives . . . . . . . . .. . .. o 6
1.2.1 Cropland Classification and Yield Prediction Method Based on
Quantum Feature Mapping . . . . . .. . ... ... ... .... 7

1.2.2 A Graph Learning Model Based on Continuous-time Quantum
Random Walk . . . ... . ... ... . L 7

1.2.3 High Dimensional information coding and computing framework
based on quantum states . . . .. .. ... Lo 8
1.3 Contributions . . . . . . . ... 8
1.3.1 Cropland Classification and Yield Classification . . . . . . .. .. 9
1.3.2 CTQW-GraphSAGE: . ... .. .. ... ... ... ..., 9

1.3.3 Quantum State based Hyperdimensional Computing . . . . . . . 10
1.3.4 Quantum-enhanced Hyperdimensional Computing . . . . .. .. 11
1.4 Dissertation Organization . . . . . ... ... ... .. ... ...... 12

1.1 Motivation

1.1.1 General Motivation

With the rapid growth of data scale and the increasing complexity of problem structures,

machine learning has become the core technology for understanding the world, assisting



decision making, and intelligent reasoning [1-4]. However, traditional machine learning

methods rely on classical computing resources and gradually expose their inherent lim-

itations in typical challenge scenarios such as high-dimensional, structured, and small

samples. In particular, the performance of traditional models has reached the limit in

terms of the tradeoff between expressive power, modeling efficiency and generalization

ability.

At the same time, quantum computing [5], as a new computational model based on

the principles of quantum mechanics, is providing breakthrough possibilities for machine

learning. The superposition, entanglement, and interference of qubits have led to state

space expressiveness far beyond that of classical models, and have inspired an emerging

cross-cutting research field called Quantum Machine Learning (QML) [6, 7].
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Figure 1.1: Taxonomy of learning paradigms based on data and algorithm types

Figure 1.1 shows a classification method of computing, Despite the great success of

traditional machine learning over the past decade or so, its modeling mechanisms are

mainly based on real-valued vector spaces and deterministic optimization paths. Such

models face bottlenecks in the following areas, which are the key to quantum models:



e Limited Respresentational Space: Classical models operate in linerly or poly-
nomially expanding feature space. In contrast, a quantum system with n qubits
inhabits a complex Hilbert Space [8] of dimension 2", offering exponential repre-
sentational capacity suitable for encoding high-order statistical dependencies and

abstract patterns.

e Restricted Feature Mapping: Classical models often rely on fixed nuclei or
linear projections. Quantum models can encode inputs through parameterized
quantum feature maps to achieve nonlinear and structure-aware quantum state

space transformations.

e Model Efficiency and Parameters Scalability: Classical deep learning models
typically involve millions of parameters and require large labeled datasets to train.
Such a high number of parameters not only requires significant computational re-
sources, but also increases the risk of overfitting and instability in resource-poor
environments. In contrast, quantum models (especially those based on variable
component subcircuits) can express rich classes of functions using compact, para-
metric efficient architectures. Their high-dimensional state coding enables efficient

learning with fewer trainable parameters and less data.

e Compact Representations and Latent Expressivity: Classical models ex-
plicitly represent features in large vector Spaces, often requiring deep layers to
capture complex dependencies. Quantum model utilization of the exponentially
large Hilbert space of an n-qubit system allows complex correlations to be embed-
ded in a compact underlying state, potentially reducing the depth and training

overhead of the model while maintaining high expressiveness.

Therefore, we attempt to use the algorithm of quantum computing to enhance the
method of machine learning. Figure 1.1 shows a classification method of computing
paradigms based on data types and algorithm types. The horizontal axis represents the
type of algorithm adopted, which can be a classical algorithm or a quantum algorithm;
The vertical axis represents the type of input data, which can be classical data or
quantum data. Thus, four combination methods are formed: CC (classical data +
classical algorithm), CQ (classical data + quantum algorithm), QC (quantum data
+ classical algorithm), and QQ (quantum data + quantum algorithm). At present,
quantum data is not widespread, and real-world data still remains at traditional levels
such as text, images, and videos. We want to use quantum algorithms to accelerate

the processing of massive amounts of data. Therefore, the position where this work is



located is the CQ region, that is, quantum algorithms are introduced on the basis of
classical data for processing. This paradigm has significant practical significance. On
the one hand, it retains the existing basic framework of data processing. On the other
hand, it enhances the expressive ability and computational efficiency through Quantum
mechanisms, and is particularly suitable for the current NISQ (Noisy Intermediate-Scale

Quantum) era with limited quantum hardware resources.

1.1.2 Problem-Driven Motivation

Starting from four specific and typical practical problems, this paper deeply analyzes
the inherent bottlenecks of traditional machine learning methods in these problems,
and clearly puts forward the specific advantages and breakthrough points of quantum

machine learning methods.

Quantum Machine Learning for Cropland classification and Yield Prediction

With the development of remote sensing technology and the improvement of data col-
lection capabilities, the remote sensing data involved in the tasks of farmland classifica-
tion and yield prediction continue to increase in dimension and complexity. This high-
dimensional and multimodal data structure poses higher requirements for the feature
expression ability of the model. However, classical machine learning methods (especially
deep learning) performed well when the amount of data grew initially. But as the dimen-
sions increased and the data structure became more complex, their expressive ability
in the feature space was gradually limited, making it difficult for the model to further
mine potential information. Furthermore, in practical applications of remote sensing
data, there is often a significant class imbalance phenomenon. Traditional models are
prone to prediction bias when dealing with a few classes, making it difficult to ensure
the stability and generalization ability of the overall classification performance.

In response to the above problems, this study proposes to map remote sensing data
into the exponentially dimensional quantum Hilbert space and utilize the quantum fea-
ture mapping method to mine deeper higher-order structure information. By means of
the interference and entanglement mechanism of quantum states, the model can model
complex distributions more effectively in high-dimensional Spaces and achieve more sen-
sitive expression and discrimination capabilities for imbalanced samples, thereby break-
ing through the performance bottleneck of classical models in high-dimensional and

imbalanced data scenarios.



Quantum Walk on Graph-structured Data

Graph structure data is widely used in social networks, biological networks, knowledge
graph, traffic networks and other practical applications [9, 10]. Although the classical
Graph Neural Network (GNN) has been widely used, there are still a series of deep

problems and bottlenecks:

e The information propagation mechanism of classical GNN is highly dependent on
the aggregation of local neighborhoods, and it is difficult to capture the global

dependence and long-range interaction in the graph structure.

e As the network structure becomes deeper, the feature of classical GNN tends to

be too smooth, which reduces the feature differentiation between different nodes.

e When the scale of graph structure increases, the number of parameters and com-
putational complexity of the classical model increase rapidly, and the efficiency of

the model decreases significantly.

In order to solve the above problems, the Continuous Time Quantum Walk (CTQW)
mechanism is introduced in this study. By utilizing the essential features of quantum su-
perposition and interference, CTQW naturally has a globally efficient information trans-
mission mechanism, and can simultaneously consider the long-term correlation between
multiple nodes. CTQW has a stronger global representation ability, and can capture
richer and higher-order graph topological structure information with fewer parameters
and lower model complexity, effectively overcoming the above bottleneck problems of

classical models.

Quantum Learning for HDC

Classical Hyperdimensional Computing (HDC) realizes information representation and
cognitive operation by using high-dimensional random vectors, which has good fault tol-
erance, robustness and small sample learning characteristics. However, as the complexity

of practical tasks increases, classic HDC faces obvious bottlenecks and limitations:

e The expression ability of classical random vectors is limited: traditional methods
rely on classical pseudorandom number generators to generate high-dimensional
vectors, and the richness of vector randomness and entropy is limited, thus limiting

the ability of models to distinguish fine-grained features.

e High computational complexity and low efficiency: When the classic HDC com-

bines bind and superclass operations, the computational complexity of vector space



increases rapidly with the increase of dimensions, which seriously affects the de-

ployment efficiency of the model.

e Feature representation ability: It is difficult for classical linear combination meth-
ods to capture high-order nonlinear associations in data, resulting in insufficient
classification generalization ability, especially in task scenarios with high noise

interference or class similarity.

To overcome the above bottleneck, this study proposes a Quantum-enhanced HDC
framework, which includes the following two key steps. Firstly, by introducing quantum
state as the encoding carrier of high-dimensional hypervector, information represen-
tation is realized by using the natural exponential dimensional advantage of quantum
system. This coding mechanism based on quantum states provides far more randomness
and information entropy than classical random vectors, and fundamentally breaks the
bottleneck of classical HDC model in expressing complex information modes. Secondly,
quantum mechanics is further used to realize bind operation and superclass represen-
tation in classical HDC, which significantly improves the computational efficiency and
expression ability of the model in high-dimensional vector space. Specifically, through
quantum gate operation and quantum superposition mechanism, binding operation in
classical HDC is realized in a more compact and efficient way, making the representation
of classes more differentiated and robust.

The quantum-enhanced HDC framework proposed in this study has not only been
systematically implemented and verified in classical simulation environments (such as
IBM Qiskit’s Aer Simulator), but also successfully deployed in real Quantum comput-
ing devices (IBM Quantum Processing Unit (QPU)). The feasibility and application
potential of the method are further verified.

Therefore, the motivation of this study is to use quantum state space and quan-
tum mechanism to break through the bottlenecks of classical HDC in high-dimensional
representation, randomness and computational efficiency, and significantly improve the
generalization performance and practical application ability of HDC model in complex
classification tasks through more efficient and expressive quantum enhancement meth-

ods.

1.2 Research Objectives

In view of the bottleneck problem of traditional machine learning model proposed in the

above research motivation, and the potential advantages of quantum machine learning



in the field of remote sensing classification of farmland, graph structure learning and
ultra-high dimensional computing, this doctoral thesis aims to achieve the following

specific research objectives.

1.2.1 Cropland Classification and Yield Prediction Method Based on
Quantum Feature Mapping

Aiming at the bottleneck that the performance of traditional remote sensing models
tends to be saturated with the increase of data volume and unbalanced data, the objec-

tives of this research are as follows:
e To design a parametric quantum feature mapping method for remote sensing data.

e To construct a quantum-classical hybrid classification and regression framework to
explore the ability of quantum feature space to express complex features of remote

sensing data.

e To verify the performance improvement effect of quantum feature mapping in
remote sensing small sample data scenario, and conduct a quantitative comparative

analysis with traditional deep learning models.

1.2.2 A Graph Learning Model Based on Continuous-time Quantum
Random Walk

This study aims to explore how to introduce the Continuous QuantumWalk (CTQW)
mechanism into graph representation learning to enhance the model’s ability to ex-
press graph structure information and its reasoning performance. Although the classical
Graph Neural Network (GNN) has made significant progress in the node classification
task, there are still problems such as limited expressive ability, excessive smoothing and
insufficient local aggregation of information. This study attempts to introduce quantum
random walk dynamics to capture richer global relationships and interference patterns
in graph structures and break through the limitations of existing methods.

The specific objectives of this work are as follows:

e To construct a continuous-time quantum walk operator on graph structures by

leveraging the graph Laplacian as the Hamiltonian governing quantum evolution.

e To analyze the spectral and dynamical properties of CTQW on various types
of graphs, and compare their expressive power and convergence behavior with

classical diffusion processes and discrete quantum walks.



e To evaluate the proposed model on various graph learning tasks, such as node
classification, using both synthetic and real-world datasets, and compare its per-

formance with state-of-the-art GNN baselines.

1.2.3 High Dimensional information coding and computing framework

based on quantum states

Aiming at the problems such as limited expression ability and insufficient computational
efficiency of the classical HDC model. To overcome the bottlenecks in randomness,
expressiveness and computational efficiency of classic HDC, the objectives of this study

are as follows:

e To propose, for the first time, a theoretical framework and method for directly
encoding classical hypervector information into quantum state high-dimensional

space.

e To explore the efficient representation mechanism of higher-order patterns and

nonlinear correlations within the quantum state Hilbert space.

e To implement the quantum-based hyperdimensional coding method in a simulation
environment and systematically analyze its randomness, entropy, and information

representation capacity.

e To design an efficient supervector generation method based on quantum state
space and quantum mechanisms for realizing binding operations and superclass

representation in classical HDC.

e To implement the proposed method end-to-end on both the IBM Quantum Aer
Simulator and real quantum processing units (IBM QPU).

e To compare the quantum-enhanced HDC method with its classical counterpart

and verify its advantages in classification accuracy and computational efficiency.

1.3 Contributions

This thesis proposes a series innovative theoretical and methodological contributions
around the practical applications of quantum machine learning in cropland remote sens-
ing classification and yield prediction, graph structure data learning, and hyperdimen-

sional computing tasks. The specific contributions are as follows.



1.3.1 Cropland Classification and Yield Classification

Aiming at the bottleneck that the traditional remote sensing machine learning tends
to be saturated with more data and more complex models, this paper proposes and
implements a framework for remote sensing cropland classification and yield prediction

based on quantum feature mapping.

e Theoretical contributions: This paper systematically analyzes the features
representation bottleneck of traditional deep learning models in remote sensing
classification tasks. The mathematical model and theoretical basis of the quan-
tum feature mapping method are proposed, and the mathematical properties of
nonlinear feature mapping in quantum Hilbert space and the potential advantages

of high-dimensional feature representations are clarified.

e Method contributions: A parametric quantum feature mapping circuit struc-
ture for remote sensing data is designed for the first time, and a concrete implemen-
tation scheme is given. A remote sensing classification method based on variable
component subclassifier (VQC) is proposed, and a complete process of classical
and quantum hybrid remote sensing cropland classification and yield prediction

framework is realized.

e Experimental contributions: The proposed classification method of quantum
feature mapping is first implemented and strictly verified on real remote sens-
ing data. We conduct systematic experiments on field classification (classification
task) and yield prediction (regression task). Through accurate comparison with
classical deep learning models (such as CNN), the results clearly show that un-
der certain data conditions, the quantum-classical hybrid method is significantly
better than the traditional method in performance, which effectively validates the

practical feasibility and application value of the theoretical hypothesis.

1.3.2 CTQW-GraphSAGE:

A new graph structure learning model incorporating continuous time quantum random
walks is proposed and implemented. Aiming at the bottleneck of GraphSAGE in captur-
ing long-range dependency and global topology information, the specific contributions

of this part include:

e Theoretical contributions: The validity of continuous time quantum random
walk in graph structure data learning is explicitly proposed and theoretically an-

alyzed. The mathematical basis and potential advantages of quantum random



walk in graph topology representations are systematically explained. The essen-
tial advantage of quantum random walk in capturing topological information in
graphs is deeply analyzed, and the theoretical feasibility of introducing quantum

mechanism into graph learning is further illustrated.

e Method contributions: A new graph structure learning model combining quan-
tum random walk mechanism and classical GNN information propagation mech-
anism for the first time, and a clear quantum-classical hybrid architecture is de-

signed.

e Experimental contributions: The proposed quantum graph learning method is
implemented and verified on graph datasets. Compared with the traditional GNN
models, it is proved that the CTQW mechanism can improve the performance of

the node classification task.

1.3.3 Quantum State based Hyperdimensional Computing

In order to break the bottleneck of classical hyperdimension computing (HDC) in ran-
domness, entropy expression and highdimensional feature coding, this study makes the

following original contributions:

e Theoretical contributions: A new theory using the natural highdimensional
space of quantum state itself as a highdimensional vector representation is pro-
posed for the first time, and the mathematical characteristics and advantages of
the highdimensional feature representation of quantum Hilbert space are clarified.
The randomness of quantum state space and its theoretical advantages in repre-
senting complex patterns and nonlinear correlation are analyzed and defined for

the first time.

e Method contributions: A method of constructing supervector based on quan-
tum state space is proposed, and a mapping strategy of super-high-dimensional
classical data vector to quantum state space is given. An efficient quantum state
representation mechanism is designed to make information encoding more effi-
cient and expressive, and break through the limitations of classical random vector

generation.

¢ Experimental contributions: The experimental results show that the quan-
tum state coding method has significant advantages over the classical HDC in
randomness and nonlinear mode representation, which provides a preliminary ex-

perimental basis for the quantum implementation of hyperdimensional computing.
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1.3.4 Quantum-enhanced Hyperdimensional Computing

e Theoretical contributions: The theoretical hypothesis and basic framework of
classical HDC core operation by quantum mechanism are proposed for the first
time, and the mathematical principle and potential advantages of binding and
superclass construction based on quantum operation are clearly explained. The
theoretical feasibility and application prospect of quantum mechanism in improv-
ing the expression capability of HDC and reducing the computational complexity

are analyzed.

e Method contributions: A set of binding and bundling methods based on quan-
tum circuits is designed and implemented for the first time. A clear and efficient
quantum enhancement strategy is proposed, which significantly improves the com-
prehensive performance of the classical HDC model in terms of expression perfor-

mance and computational efficiency.

¢ Experimental contributions: The proposed quantum-enhanced HDC frame-
work is fully implemented on IBM Qiskit Aer simulation platform and real quan-
tum processing unit (QPU) for the first time. Through systematic comparison
experiments, the proposed method has significant advantages over classical HDC
in classification accuracy, computational complexity and generalization ability, and

further proves its application potential in practical tasks.

Paper Publication and Under Review
Published and Accepted

This dissertation contains the following papers published as the first author. The ap-

pearances of these papers are as follows:

e Yangjie Xu, Hui Huang, and Radu State. Cropland Quantum Learning: A
Hybrid Quantum-Classical Neural Network for Cropland Classification published
in 2024 IEEE 3rd International Conference on Computing and Machine Intelligence
is included in Chapter 3

e Yangjie Xu, Hui Huang, and Radu State. CTQW-GraphSAGE: Trainabel Continuous-
Time Quantum Walk On Graph published in ICANN 2024 - 33rd International

Conference on Artificial Neural Networks, Proceedings is included in Chapter 5
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e Yangjie Xu, Hui Huang, and Radu State. Quantum-StateHD: Leveraging Ran-
dom Quantum States for Hyperdimensional Learning accepted by The 35rd Inter-

national Joint Conference on Neural Network is includes in Chapter 6

Under Review

e Yangjie Xu, Hui Huang, and Radu State. A Quantum-Classical Hybrid Fea-
ture Mapping for Yield Prediction submitted to 32nd International Conference on

Neural Information Processing is included in Chapter 4

e Yangjie Xu, Hui Huang, and Radu State. QeHDC: Hyperdimensional Computing
based on Quantum-enhanced binding and SuperClass Construction being submit-
ting to The 40th Annual AAAT Conference on Artificial Intelligence is included in
Chapter 7

1.4 Dissertation Organization

Chapter 1 Introduction
Research Motivation
Research Objectives

Contributions

v

Chapter 2 Backgrouds and Fundamentals
Quantum Computing Essentials
Quantum Machine Learning Techiquesd

Part I: QML on Classification and Regression Part Il: CTQW on Graph Neural Network Part lll: Quantum State with HDC
Chapter 3
N Chapter 6
g?g;zsfg;‘:z‘%gﬂ::mm Leamning on Leveraging Random Quantum States for
Chapter 5 HyperdimensionalLearning
ATrainable Continuous-time Qunautm
p ; Walk on Graph Chapter 7
apter
|Quantum-Classical Hybrid Neural Network gﬂ';iiﬂm'ﬁgzi;ﬁimﬁgg:: sseu(:ngr"CIass
[Feature Mapping for Yield Prediction Construction

Chapter 8 Conclusion
Summary of Research Contributions
Limations and Future Directions

Figure 1.2: Organization of This Dissertation

In order to express the contribution clearly and completely, the structure of the

dissertation is shown in the Figure 1.2 the thesis is organized as follows:

Part I: Background and Fundamentals
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e Chapter 2 introduces the fundamental concepts and theoretical backgrounds re-
quired for the study, covering key quantum computing principles such as qubits,
superposition, entanglement, quantum measurements, and quantum circuits, along
with state-of-the-art quantum machine learning techniques including quantum fea-

ture mappings, variational quantum algorithms, and quantum random walks.

Part II: Quantum Machine Learning on Cropland Classification and Yield

Prediction

e Chapter 3 proposes using Variable Shadow Quantum Learning method specif-
ically tailored for cropland classification tasks. This chapter thoroughly demon-
strates how quantum feature mapping can effectively project classical remote sens-
ing data into higher-dimensional quantum Hilbert spaces, thereby overcoming the
intrinsic representational limitations of classical deep learning models. Extensive
experiments on real-world remote sensing datasets confirm the superiority of the

proposed quantum method compared to traditional approaches.

e Building on the insights from classification, Chapter 4 further advances toward
quantum-enhanced yield prediction—a regression task requiring richer temporal
and spectral data modeling. This transition from classification to regression re-
flects not only an increasing task complexity but also a broader generalization
capability of quantum models. Experiments on progressively complex datasets
validate the scalability and robustness of the proposed quantum approaches across

different agricultural scenarios.

Part III: Continuous-time Quanutm Random Walk on Graph

e Chapter 4 presents an innovative graph learning framework combining Continuous-
Time Quantum Walks (CTQW) with classical Graph Neural Networks (GNNs).
This chapter elaborates on how quantum random walks can efficiently encode
graph topology and dependencies, addressing critical limitations such as over-
smoothing issues encountered in classical GNNs. Comprehensive experiments on
benchmark graph datasets highlight the superior performance of the proposed

quantum-enhanced approach for node classification tasks.

Part IV: Quantum and Quantum-enhanced Hyperdimensional Computing

e Chapter 5 further advances the thesis by introducing a Quantum State-based

Hyperdimensional Computing framework. Here, quantum states are proposed as

13



native high-dimensional vector encodings, significantly enhancing the expressivity,
randomness, and computational efficiency of classical HDC models. Experimental
results systematically verify the advantages of quantum-state encoding mecha-

nisms in representing complex, nonlinear information patterns.

e Chapter 6 develops a Quantum-enhanced Hyperdimensional Computing method
by leveraging quantum mechanisms to implement core HDC operations such as
binding and bundling. This chapter provides a detailed theoretical foundation
and practical implementations conducted on IBM quantum platforms (both Aer
Simulator and real Quantum Processing Units). Rigorous experimental compar-
isons clearly demonstrate that the quantum-enhanced framework surpasses clas-
sical HDC methods in terms of classification accuracy, computational efficiency,
and generalization capability, thus validating the practical potential of quantum

computing in realistic machine learning scenarios.

Finally, Chapter 7 concludes the thesis by summarizing the key theoretical and
practical contributions across all chapters. It also discusses the limitations of the cur-
rent work and outlines potential future directions, including the extension of quantum
learning methods to multi-task remote sensing scenarios, the development of more scal-
able quantum graph learning architectures, the deployment of quantum-enhanced HDC
in broader applications, and the exploration of engineering pathways for real-world quan-

tum machine learning systems.
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Chapter 2

Backgrouds and Fundamentals

Contents
2.1 Quantum Computing Essentials . . . . . .. .. ... ... ... ..... 15
2.1.1 Qubits and Multi-Qubits Systems . . . . .. ... ... ... .. 15
2.1.2  Quantum Gates and Quantum Circuits . . . . . . .. ... ... 18
2.1.3 Quantum Measurement and Probabilistic Behavior . . . . . . . . 21
2.1.4 Quantum Computing Models and Platforms . . . . . . .. .. .. 23
2.2 Quantum Machine Learning Techniques . . . . . ... ... ... .... 25
2.2.1 Quantum Feature Mapping and Hilbert Space Embeddings . . . 25

2.2.2  Variational Quantum Algorithms and Quantum Neural Networks 27
2.2.3  Quantum Platforms . . ... .. ... ... ... ......... 29

2.1 Quantum Computing Essentials

2.1.1 Qubits and Multi-Qubits Systems

At the core of quantum computing lies the concept of the quantum bit, or qubit,
which servers as the fundamental unit of quantum information. Unlike classical bits
can only exit in one of two states—0 or 1, a qubit can exit in a superposition of
both states simultaneously. Mathematically, a qubit is represented as a unit vector in a

2-dimensional complex Hilbert Space:
) = a|0) + B|1), where a, B€C, o + B> =1 (2.1)

Here o and B are the standard computational basis states, and « and [ are complex-

valued probablity amplitude. The squared magnitudes |a|? and |3|? determine the
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probabilities of the qubit collapsing to the corresponding basis state upon measure-
ment. In addition to the linear combination of basis vector expression, a convenient

parametrization of a pure state using spherical coordinates is:
4 0, 0
) = cos(i) |0) + e Sm(i) |1}, where 6 € [0, 27] and ¢ € [0, 27| (2.2)

This form ensures the state is normalized and directly maps to a poitn on the Bloch

sphere. For example:
e 0 = 0 gives the |0)
e 0 = 7 gives the |1)
e 0 = 7/2 gives the equally weighted stated %(|0> + [1))

o 0 =m/2,¢=m gives %(|0) — 1)), etc.

Such arbitrary superposition states are routinely initialized and manipulated in quantum
algorithms and serve as inputs to variational quantum circuits and quantum feature
maps The superposition principle allows qubits to hold more information than classical
bits, making them suitable for exponentially larger state spaces. A single qubit state
can be visualized as a point on the Bloch sphere, a unit sphere in three-dimensional
space, with the north and south poles representing the classical states |0) and |1), and
all other points representing superpositions. This geometric representation is widely
used to understand quantum gates as rotations on the sphere.

When working with multiple qubits, the total quantum system is described by the
tensor product of the individual qubit states. For instance,a two-qubit system is repre-

sented as:

) = |v1) ® [¢2) (2.3)

if each qubit is in a superpositon, their joint state lives in a composite-Hilbert space of

dimension 2", where n is the number of qubits. For example:

[¥) = (a0) + B|1)) @ (v]0) +6[1)) (2.4)

This tensor structure enables the representation of entangled states, a uniquely quantum
phenomenon where the overall state cannnot be factored into individual qubit states. A

famous example is the Bell State:

1

|@7) = —=(/00) + [11)) (2.5)

S

2
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One of the foundational reasons quantum computing is believed to have the potential
for exponential speedups lies in the exponential growth of its representational state
space. In classical computing, an n-qubit register can only represent one of 2" possible
configurations at a time. For example, a 3-qubit classical register may store either
000,001, ...... or 1111. In contrast, a quantum system with n qubits can exist in a
superposition of all 2" basis states simultaneously. That is, the full state of an n-qubit

system can be written as :

on_q 2" —1
) = Z a;li), where o € C, Z |ai>2 =1 (2.6)
i=0 =0

each basis state |i) corresponds to one of the 2™ classical bitstrings of length n, and «;
is the complex probability amplitude associated with that configuration. The set of all
possible quantum states thus forms a Hilbert space of dimension 2". For instance, a

3-qubit system can be in a state like:

1 i 1 1
1) = 51000) + o [011) + £ [101) — £ [111) (2.7)

This state represents a combination of multiple states and can be processed and
evolved as a whole through a unified quantum operation, such as the unitary transfor-
mation of units. The exponential growth of this type of state space enables quantum
systems to compress, express, and process in parallel high-dimensional, structured and
highly combinable information with far fewer resources than classical systems, demon-

strating potential theoretical advantages in the following tasks:
e Quantum Search (e.g., Crover’s algorithm)
e Quantum simulation of physical systems

e Quantum-enhanced machine learning, where high-dimension feature space can be

naturally encoded in quantum states.

However, it should also be noted that the measurement of quantum systems will cause
the collapse of states, making it impossible to directly extract all amplitudes «;, which
means we cannot “read the entire quantum state”. Therefore, quantum algorithms need
to be carefully designed to indirectly obtain useful information by using interference
effects and expected value extraction strategies. This is precisely the reason why variable
component sub-algorithms and hybrid quantum-classical learning models are widely used

nowadays.
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2.1.2 Quantum Gates and Quantum Circuits

Quantum computation proceeds through the manipulation of quantum states using
quantum gates, which are reversible, linear, and unitary operations. Unlike classical
logic gates (e.g., AND, OR), which are often irreversible, all quantum gates correspond
to unitary matrices, satisfying UTU = I. These gates serve as the fundamental building
blocks of quantum circuits.

In real-world implementations, idealized pure quantum states are difficult to main-
tain due to decoherence, gate noise, and hardware limitations. This results in mixed
states, especially in near-term quantum devices (NISQ era). Therefore, current research,
including this thesis, often employs hybrid quantum-classical algorithms that are robust
to hardware imperfections and implementable on simulators like IBM Aer or real back-
ends via IBM Qiskit

Single-Qubit Gates

Single-qubit gates act on a single qubit and correspond to 2 x 2 unitary matrices. Some

of the most commonly used gates include:

01 0 —i 1 0
X = , Y= . Z=
10 i 0 0 -1

The X gates act like a quantum version of the classical NOT operation. The Y and

e Pauli Gates:

7 gates apply complex phase inversions, flipping or rotating states along different

axes of the Bloch sphere.

e Hadamard Gate (H): used to create equal superposition states.

_ Lt _o+m _o-1m
H_\/ill —1]’ Ho) = V2 HID = V2

The Hadamard gate maps basis states to the equatorial plane of the Bloch sphere

and is essential for interference-based quantum algorithms.

e Phase Gates (S and T):
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These gates introduce global or conditional phase shifts and are critical in quantum

Fourier transforms and universal gate construction.

e Rotation Gates (parameterized Gates):
Ry (0) = e—iOX/Z’ Ry(0), R.(0)

Rotation gates enable continuous and differentiable transformations on qubit states
and are widely used in variational quantum algorithms and quantum neural net-
works.

Multi-Qubits Gates: Entanglement and Control Logic

Multi-qubit gates act on two or more qubits, enabling entanglement and conditional
operations. They are essential for building expressive and globally correlated quantum

circuits.

e CNOT (Controlled-NOT) Gate:

CNOT =

_ o o O

0
0
1
0

o O = O

1
0
0
0

This gate flips the target qubit if the control qubit is in the state |1). For example:

cnor 1
H® I1)|00) —— —
(H & D]o0) S5 —

This operation creates maximally entangled Bell state.

(100) +[11))

e Controlled-Z (CZ) Gate: The CZ gate applies a Z rotation to the target qubit
only when the control qubit is in the state |1). It plays an important role in

cluster-state quantum computing and quantum graph algorithms.

Universal Gate sets and Circuit Decomposition

Quantum circuits are constructed by sequencing quantum gates in time. Any quantum
operation can be approximated using a universal gate set, such as: {H,T,CNOT},
{R;,R,,CNOTY}.
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The spatial complexity of a circuit depends on the number of qubits, and the tempo-
ral complexity on its depth. Parameterized quantum circuits (PQCs) form the backbone

of many quantum learning models. They typically consist of:

e Layers of parameterized rotation gates,
e Entangling layers (e.g., CNOT or CZ),

e Measurement and classical optimization via loss minimization.

These circuits support:

e Variational Quantum Classifiers (VQC),

e Quantum Neural Networks (QNN),

e Quantum Feature Maps in kernel-based learning.

They are central to this thesis’s contributions in cropland classification, quantum-

enhanced hyperdimensional computing, and graph-based quantum models.

Parameterized Quantum Circuits for Learning Tasks

In variational quantum algorithms (VQAS), circuits are constructed using parameterized
gates such as R, (6;), and trained using classical optimization. These circuits typically

involve:
e Repeated layers of rotation gates,
e Entanglement layers using CNOT or CZ gates,
e Final measurement and loss function evaluation.
Such architectures are referred to as:
e Variational Quantum Circuits (VQC),
e Quantum Neural Networks (QNNs),
e Quantum Feature Maps.

These structures form the foundation of quantum models for classification, kernel
learning, and representation learning. They are also central to the experiments presented
in this thesis for cropland classification, high-dimensional state encoding, and graph

learning.
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2.1.3 Quantum Measurement and Probabilistic Behavior

Measurement is a fundamental operation in quantum mechanics and plays a central role
in all quantum computing processes. Unlike classical systems where the state of a system
can be queried deterministically, quantum measurements are inherently probabilistic,
resulting in state collapse and irreversible information extraction.

Measurement in the Computational Basis

Consider a qubit in an arbitrary pure state:
) = al0) + B[1), where o, 8 € C, |a|* + 8> = 1.

When measured in the standard computational basis {|0), |1)}, the state collapses
to one of the basis vectors:

e Outcome 0 occurs with probability P(0) = |a|?;

e Outcome 1 occurs with probability P(1) = |3]2.

After the measurement, the superposition is destroyed, and the qubit resides in the

observed state. This irreversible transformation is known as wavefunction collapse.

General Projective Measurement

More generally, measurement is defined via a set of Hermitian projection operators { P; }
satisfying:

D Pi=1I FB=rP=F

i

For a state [¢), the probability of observing outcome 7 is:

P(i) = (| Pi[),
and the post-measurement state becomes:

Pil)

) =0

~—

For qubits, standard measurement corresponds to:

,szmzﬁﬂ.

10

Py = 0)(0] = [0 0
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Measurement in Alternate Bases

Quantum measurement is not restricted to the computational basis. For example, mea-

surement in the Hadamard (X) basis uses the states:

_ L _ b
V2 V2

This is implemented by first applying a unitary transformation (e.g., Hadamard

[+) (10) +11)), =) (10) = 1))-

gate), then measuring in the standard basis. Such flexibility is essential for quantum
algorithms like teleportation, entanglement detection, and kernel estimation.
Expectation Values and Observables

In variational quantum algorithms, the output is often the expected value of an observ-

able O:
(0) = (¥[Oy).

This is estimated via repeated measurements and statistical averaging. Observables
are typically decomposed into Pauli operators (e.g., Z1Z2), and measurements are per-
formed in the corresponding bases.

Sampling and NISQ Limitations

On near-term quantum devices, measurement results are obtained through repeated

sampling (shots). For N runs of a circuit, the outcome distribution is estimated as:

Ny
P(1) =~ -

This sampling-based estimation introduces variance. Hardware noise, decoherence,
and readout errors further degrade precision. Practical solutions include:
e Readout error mitigation;

e Calibration and measurement unfolding;

e Shadow tomography and classical post-processing.

Measurement and Irreversibility

A defining feature of quantum measurement is its irreversibility. Once a state is mea-
sured, the original superposition is lost and cannot be recovered. This makes measure-

ment a non-trivial resource in quantum algorithm design.
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For quantum machine learning, this constraint requires:

e Efficient extraction of task-relevant statistics;

e Minimization of destructive measurements during training;

e Careful design of readout strategies in classification and regression.

Measurement protocols thus shape both the theoretical and practical landscape of

quantum learning models.

2.1.4 Quantum Computing Models and Platforms

Quantum computing can be achieved through various theoretical models and can be
implemented on multiple hardware platforms. Understanding these models and current
actual systems is crucial for designing effective quantum algorithms and deploying them

to actual quantum processors.

Quantum Computing Models

During the development of quantum computing, a variety of different computing models
have gradually emerged, and each model reveals the potential capabilities of quantum
computing from different perspectives. Among them, the most mainstream and widely
used one is the ”Quantum Circuit Model”, also known as the ”"Gate Model”. In this
model, quantum computing is achieved by applying a series of unitary quantum gate
operations with sequential arrangements to the initial qubit states. Each quantum gate
corresponds to a reversible linear transformation, and the calculation result is ultimately
obtained by measuring the qubits. Overall, a quantum circuit can be represented by
an overall unitary matrix U. Its role as the input state |¢i,) mapped to the output
state [1), = U |¢in). At present, most classical quantum algorithms, such as the Shor
factorization algorithm, the Grover search algorithm, and various variable-component
sub-algorithms, are constructed and implemented based on this model.

In addition to the gate model, " Measurement-Based Quantum Computing (MBQC)”
provides another computing paradigm. In MBQC, a highly entangled resource state
(such as a cluster state) is first prepared, and then the entire computing process is
advanced by conducting a series of adaptive measurements on each qubit. Unlike the
explicit unitary operations applied in the gate model, MBQC relies entirely on the
selection of measurement sequences and measurement bases to control the calculation

process. This mode proves that even without explicit quantum gate operations, general
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quantum computing can be achieved merely through measurement itself. Although
MBQC is not yet widely used in practical engineering applications at present, it has
important theoretical significance for the design of quantum error correction and fault-
tolerant computing architectures.

Another important Quantum Computing model is Adiabatic Quantum Computing
(AQC) and its engineering implementation form, Quantum Annealing. In the adiabatic
model, the solution of the problem is encoded in the ground state of a target Hamilto-
nian. By allowing a quantum system to slowly evolve from a simple initial Hamiltonian
of a known ground state to a complex target Hamiltonian, according to the adiabatic
theorem, as long as the evolution process is slow enough, the system will remain in the
ground state, thereby obtaining the solution to the problem. Although the adiabatic
model is theoretically equivalent to the gate model, actual quantum annealing equip-
ment (such as D-Wave systems) can only approximately implement this process and
is mainly applied in solving combinatorial optimization problems, rather than having
general quantum computing capabilities.

In the current era known as "NISQ (Noisy Intermediate-Scale Quantum)”, due to
the limited scale of quantum devices and the high noise level, Variational and Hybrid
Quantum-Classical Models have become the mainstream choice for practical applica-
tions. Under this paradigm, quantum computing is only used to perform shallow pa-
rameterized quantum circuits, and the circuit parameters are iteratively updated by
the classical optimizer after the measurement output. This hybrid structure greatly
reduces the requirements for quantum hardware, enhances the robustness of the algo-
rithm to noise, and also opens up broad space for applications such as quantum machine
learning, quantum chemical computing, and quantum optimization. Typical examples
include variable component feature solvers (VQE), quantum Approximation optimiza-
tion algorithms (QAOA), and various quantum-enhanced machine learning frameworks.

Overall, different quantum computing models demonstrate different dimensions and
possibilities of quantum information processing. From the gate model that emphasizes
the operation sequence of single quantum gates, to the measurement-driven MBQC,
to the adiabatic model that utilizes the physical evolution path, and to the variational
model that integrates classical optimization strategies, these theoretical systems provide
a rich toolbox for the design of quantum algorithms. In this paper, mainly based on the
”quantum circuit model”, combined with the variational method, we use the supercon-
ducting qubit platform to implement specific quantum-enhanced machine learning tasks

and conduct experimental verification on actual NISQ hardware.
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2.2 Quantum Machine Learning Techniques

This section describes some techniques of quantum machine learning and serves as a
bridge connecting the fundamental theories of quantum with specific research tasks. It
requires a systematic introduction to the current major QML methods, including their

principles, applications, and feasibility on NISQ devices.

2.2.1 Quantum Feature Mapping and Hilbert Space Embeddings

In many Quantum Machine Learning (QML) methods, a core idea is to utilize the high-
dimensional characteristics of the Hilbert space where the quantum states are located
to map classical data to the quantum space for processing. This process is similar to
the feature mapping idea used in the classical kernel method, that is, to enhance sepa-
rability by projecting the input data into a high-dimensional space. However, quantum
feature mapping may far exceed classical methods in terms of expressive power due
to its involvement in exponential spatial structures and non-classical state interference

mechanisms.

Quantum Feature Mapping

Let z € R? denote a classical input sample. A quantum feature map aims to encode
into a quantum state |¢(z)) € H, where H is a high-dimensional Hibert space associated
with n qubits: x > |p(2)) = Ug(a) 0)®"

Among them, Uy, is a parameterized quantum circuit that depends on a input z,
and [0)®" is the all-zero initial state. The quantum state |¢(z)) can encode complex non-
linear relationships between features due to the entangling and interference properties

of the quantum circuit. some common choices for quantum feature encoding include:

Angle encoding: z; — Ry (x;) or R,(z;)

Basis encoding: Binary values mapped directly to computational basis states.

e Amplitude encoding: Embeds z into the amplitude vector of a state, requiring
normalization
e Entanglement-based embeddings: Incorporates correlations using multi-qubit in-

teractions

The design of the quantum encoding circuit Uy, directly affects the representational

capacity and trainability of the model.
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Inner Products as Quantum Kernels

One important application of quantum feature mapping in quantum machine learning
is to construct quantum kernel functions, whose core idea is to measure the similarity
between samples by using the inner product between quantum states. Specifically, for
the two input samples z and z’ They are respectively encoded into quantum states
through feature mapping |¢(x)) and |¢(z')). Their similarity is expressed by the square
of their inner product as k(z, ') = |(¢(x)|p(2'))|>. This quantum kernel function can be
used as the input of kernel machine learning models (such as support vector machines
or kernel regression), replacing classical kernels (such as Gaussian kernels, polynomial
kernels, etc.). Compared with classical methods, quantum kernel functions have po-
tential computational advantages: when quantum states construction circuits Uy(,) are
ifficult to simulate by classical computation, the corresponding kernel functions are also
difficult to calculate efficiently by classical methods, which may show quantum advan-
tages in complex data distributions. In practical operation, this type of quantum inner
product can be estimated on NISQ hardware through SWAP tests, interference circuits
or quantum overlap estimation circuits, and it is a key component of multiple current

quantum classification models.

Advantages and Challenges

Quantum feature mapping has the following potential advantages:

e Exponential spatial representation capability: n qubits can be spanned 2" dimen-

sional space.

e Natural nonlinear modeling: Capturing high-order interactions through entangle-

ment and polymorphic interference.

e Hardware-friendliness: Some coding circuits have a simple structure and are suit-

able for implementation on NISQ devices.
But there are also challenges:
e Coding circuit design problem: How to balance representation ability and train-
ability;
e Measurement noise and sampling error: Affecting the accuracy of kernel estima-
tion;

e Plain phenomenon (Barren Plateaus) : Partial circuits cause gradients to disap-

pear, hindering training.
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Applications in Classification and Regression tasks

Quantum feature mapping has achieved initial application effects in multiple tasks:

e (QQuantum support vector classification: Used for the classification of high-dimensional

data such as images and time series;

e Quantum kernel regression: Conducting function approximation and prediction

modeling;

e Unsupervised learning: Used in methods such as quantum k-means and quantum

spectral clustering.

In several works of this thesis, quantum feature mapping constitutes the basic module
of the modeling process, including the remote sensing image classification task and the
quantum ultra-high-dimensional coding representation task, etc., aiming to effectively

embed structured data into the high-dimensional quantum state space.

2.2.2 Variational Quantum Algorithms and Quantum Neural Networks

Variational quantum algorithms (VQAs) represent a significant breakthrough for prac-
tical quantum computing, particularly in the current noisy intermediate-scale quantum
(NISQ) era. These algorithms integrate quantum hardware with classical optimiza-
tion routines, providing a flexible framework for addressing computational tasks such as
combinational optimization, quantum chemistry simulations, and machine learning.

A typical variational quantum algorithm employs a parameterized quantum circuit
(PQC), also referred to as an ansatz, whose parameters are optimized iteratively using
classical optimization algorithms. The goal of optimization is to minimize (or maximize)
a cost function defined as the expectation value of a quantum observable measured from
the quantum circuit.

Mathematically, given a parameterized circuit U(0), with parameters 8 = (61,602, ...,6.,),

the cost function is defined as:
C(6) = (0|U(0)OU(0) |0),

where O is a Hermitian operator representing the problem at hand. For example, in
Variational Quantum Eigensolvers (VQE), O typically corresponds to the Hamiltonian
of the physical system under study.
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Quantum Neural Networks

Quantum neural networks (QNNs) are a special subclass of variational quantum circuits
tailored specifically for machine learning tasks. Analogous to classical neural networks,
QNNs are organized into layers comprising parameterized gates and entanglement op-
erations.

Formally, the state after applying L layers of quantum gates can be expressed as:

[¢(x,0)) = Ur(0r) Up—1(0r-1) ... U1(01) |9(x)),

where |¢(x)) encodes classical data x into a quantum state, and ; represents parameters
associated with the I-th layer.

The output of a QNN is typically extracted by measuring certain qubits in the
computational basis, obtaining expectation values or probability distributions, which are
subsequently processed by classical post-processing methods, such as logistic regression

or softmax classifiers.

Optimization and Training of Variational Circuits

Training variational quantum circuits is inherently a hybrid quantum-classical proce-
dure. Circuit parameters 8 are optimized classically, employing gradient-based methods
(e.g., stochastic gradient descent, Adam) or gradient-free methods (e.g., SPSA, Nelder-
Mead).

Gradients for variational circuits can be efficiently computed via the parameter-shift
rule, specifically designed for quantum circuits:

o =300 5e) (o= 5e)].

where e; is the unit vector in parameter space corresponding to parameter 6;.

Despite their promise, variational algorithms frequently encounter challenges such
as barren plateaus (regions with vanishing gradients), local minima, and optimization
landscapes distorted by hardware noise. Advanced methods, including layer-wise ini-
tialization, adaptive circuit architectures, and error mitigation strategies, are actively

investigated to address these issues.

Advantages and Limitations

Variational quantum algorithms and QNNs offer notable advantages:
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e Hardware-friendly implementation: Typically involves shallow circuits com-

patible with current NISQ devices.

o Adaptive expressivity: Flexible circuit structures capable of modeling complex

data distributions.

e Noise resilience: Hybrid quantum-classical frameworks partially mitigate hard-

ware imperfections.
Nevertheless, practical limitations exist:

e Optimization difficulty: Complex landscapes and barren plateaus complicate

training.

e High sampling cost: Large numbers of shots required for accurate expectation

value estimation.
e Lack of theoretical guarantees: Limited rigorous analysis demonstrating quan-
tum advantage.
Applications in Quantum Machine Learning

Quantum neural networks have been explored in various learning tasks, including;:

e Quantum-enhanced classifiers and regression models;
e Quantum autoencoders for compression and feature learning;

e Quantum generative adversarial networks (QGANSs) for generating data distribu-

tions.

Within the context of this thesis, variational quantum circuits and quantum neural
networks constitute foundational architectures for quantum-enhanced classification, hy-
perdimensional encoding, and graph learning tasks. Their ability to efficiently represent
complex correlations within high-dimensional quantum states is systematically validated

through experimental evaluations conducted on IBM quantum processors.

2.2.3 Quantum Platforms

With the wide application of quantum technology, a large number of quantum platforms
and communities have emerged worldwide. We have summarized the following quantum

platforms in the table 2.1.
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PennyLane, developed by Xanadu, is a hybrid quantum-—classical ML framework
that natively supports differentiable quantum circuits and seamlessly integrates with
PyTorch, TensorFlow, and JAX. It offers plugin-based backends—including Lightning
and Autograd simulators as well as access to IBM Q, Rigetti, IonQ, and Xanadu’s own
Borealis photonic processor—enabling automatic differentiation for training variational
quantum algorithms, though it can face performance bottlenecks for very large circuits
and some hardware plugins require separate agreements or fees. Qiskit Machine Learn-
ing, part of IBM’s Qiskit ecosystem, provides prebuilt models such as QSVM, QCNN,
and QGAN, allows direct execution on IBM Quantum’s superconducting processors and
simulators via the IBM Quantum Cloud, and supports quantum kernel methods, but
remains closely tied to IBM infrastructure with limited cross-vendor portability. Ten-
sorFlow Quantum, built by Google on top of Cirq, embeds quantum layers into the
Keras API and leverages TensorFlow’s autodiff and distributed training for large-scale
simulation, though it currently supports only simulation backends and lacks direct hard-
ware integration. Paddle Quantum, built on the PaddlePaddle deep learning platform,
offers state-vector, density-matrix, and sampling simulators with distributed computing
capabilities and a suite of variational algorithms, yet does not yet provide direct connec-
tions to hardware. MindQuantum, from Huawei, emphasizes high-performance state-
vector and tensor-network simulations with automatic differentiation via MindSpore in-
tegration—optimized for large-circuit emulation—but likewise remains simulation-only
at present. QuTiP, a community-driven library for open quantum systems and dy-
namics, features comprehensive solvers for Lindblad master equations, Bloch equations,
and quantum-optics scenarios, making it ideal for foundational QML prototyping and
quantum-chemistry research, but does not support differentiable circuits or hardware
execution. Cirq, Google’s low-level framework, offers precise gate-level programming,
noise modeling, circuit optimization tools, and (upon application) access to Google’s
Sycamore and Bristlecone processors, yet lacks high-level ML abstractions and publicly
available device endpoints. Strawberry Fields, another Xanadu project, specializes in
continuous-variable photonic quantum computing with Gaussian and Fock-state simu-
lators, integrates as a PennyLane backend for photonic QML models, and aligns with
Xanadu’s Borealis hardware trials, though real-device access remains in an early testing
phase.

For the most mature hardware integration and ML workflows, PennyLane and Qiskit
Machine Learning are top choices; for deep foundational simulations and system dynam-
ics, QuTiP and Cirq excel; and for differentiable algorithm development within specific

deep-learning ecosystems, TensorFlow Quantum, Paddle Quantum, and MindQuantum
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each provide targeted simulation capabilities, while Strawberry Fields addresses the
unique needs of continuous-variable photonic research. For our work, the platforms we
use are mostly Paddle Quantum and IBM Qiskit. The main reason why we chose these
two platforms is that Paddle Quantum provides high-performance distributed simula-

tion and seamless integration with the existing deep learning pipeline, while Qiskit can

directly access real quantum hardware and has a complete algorithm library.

Table 2.1: Comparison of popular quantum machine learning platforms

Platform Organization Language Highlights
One of the most popular hybrid quantum-classical
ML frameworks; integrates with PyTorch and
PennyLane Xanadu Python TensorFlow; suitable for VQE, QNN, and QML
research.
A dedicated module of Qiskit for quantum ML;
Qiskit Machine IBM Python supports variational classifiers, quantum kernels,
Learning QNNs; compatible with real IBM quantum hardware
and simulators.
TensorFlow Built on top of Cirq; integrates quantum circuits
Quantum Google Python with TensorFlow; supports gradient-based training of
(TFQ) quantum models.
Based on the PaddlePaddle ecosystem; supports a
Paddle . . .
Quantum Baidu Python . Varlfety of quantum algorlt.hms and sea@less
integration with PaddlePaddle’s deep learning stack.
Provides efficient circuit simulation and hybrid
MindQuantum Huawei Python training; supports automatic differentiation; designed
for quantum-classical co-optimization.
Focused on simulating open quantum systems and
QuTiP Community Python quantum dynamics; useful for foundational QML
model prototyping.
A low-level quantum programming framework; forms
Cirq Google Python the backend of TFQ; good for customizing circuits
and quantum logic.
Designed for continuous-variable (CV) quantum
Strawberry . . .
Fields Xanadu Python computing; can l?e integrated with PennyLane for
photonic quantum ML models.
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Chapter 3

Cropland Quantum Learning on

Cropland Classification

Contents
3.1 Overview . . . .. 32
3.1.1 Problem Statement . . . . . . ... ... oL 33
3.1.2  Main Contributions . . . . . ... ... ... ... ..., 34
3.2 Related Work . . . . . . . . 35
3.3 Methodology . . . . . . . .. 36
3.3.1 Data Collection . . . . . . . . .. .. ... 37
3.3.2 Data Encoding . . . . ... ... o 38
3.3.3 Model Structure . . . . . ... 39
3.3.4 Algorithm . . . . . .. ... 41
3.4 Experiments. . . . . . ... L e 42
3.4.1 Experimental Setup . . . .. ... ... ... ... .. 42
3.4.2 Performance and Evaluation . . ... ... ... ... .. .... 43
3.5 Discussion . . . . ... 46

3.1 Overview

Accurate cropland classification is important for sustainable land management and agri-
cultural planning. Remote sensing data, such as the Normalized Difference Vegetation
Index (NDVI) and Enhanced Vegetation Index (EVI), have proven instrumental in veg-

etation monitoring. Traditional machine learning and deep learning show remarkable
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results in land classification using remote sensing data. However, deep learning requires
large models, extensive parameters, and substantial training resources when facing an
immense volume of data or high-dimensional features. To address the above issues,
this section proposes Cropland Quantum Learning (CQL), a quantum-classical hybrid
method that utilizes quantum machine learning to extract features from geospatial in-
formation is proposed in this chapter. It integrates with a single-layer fully connected
classifier to locate cultivation regions of a given target crop. We conduct comprehensive
experiments to demonstrate the effectiveness of our proposed method on NDVI and EVI
datasets. The results show that the proposed CQL can achieve performance comparable
to traditional deep learning while significantly reducing the number of model parame-
ters. In some datasets, it even achieves better results in multiple metrics. This study

provides a new solution for quantum-enhanced approaches in geospatial analysis.

3.1.1 Problem Statement

Cropland classification, a crucial task in remote sensing and agriculture, involves iden-
tifying and categorizing different types of agricultural land based on the crops being
cultivated. Accurate cropland classification is essential for various purposes, including
land management, resource allocation, yield prediction, and environmental monitoring.
In recent years, the integration of machine learning and deep learning techniques has
revolutionized the field of cropland classification, enabling more efficient and accurate
analysis of agricultural landscapes.

Cropland classification with machine learning [11, 12] and deep learning [13-18]
has demonstrated remarkable accuracy improvements compared to traditional methods.
Yet, as the scale and complexity of data continue to grow, the limitations of classical
deep learning become increasingly apparent: large models, extensive parameters, and
substantial training resources.

Recently, Quantum machine learning(QML) [6, 7] has been developed and intro-
duced into several fields. QML merges principles from quantum mechanics and machine
learning to enable the development of more powerful and efficient computational mod-
els. This new paradigm offers a promising solution to tackle complex computational
challenges by harnessing the unique properties of quantum systems. At its core, quan-
tum machine learning leverages the principles of superposition and entanglement, which
are fundamental to quantum mechanics. These principles enable quantum computers
to process and manipulate information in ways that are fundamentally different from

classical computers. Quantum bits, or qubits, can exist in a superposition of states,
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allowing them to represent and process multiple possibilities simultaneously. Addition-
ally, qubits can become entangled, leading to correlations between qubits that enable
novel methods of information processing.

In the realm of machine learning, quantum computing holds the potential to ac-
celerate tasks such as optimization, matrix inversion, and sampling, which are often
time-consuming for classical computers. Quantum algorithms, such as the Quantum
Support Vector Machine (QSVM) [19], Quantum Neural Network (QNN) [20], and
Quantum Principal Component Analysis (QPCA) [21], are being explored to enhance
the efficiency and capabilities of various machine learning tasks.

Inspired by the advantages of quantum computing and quantum machine learn-
ing, this section presents the Cropland Quantum Learning (CQL), a hybrid quantum-
classical model based on the variational shadow quantum learning (VSQL) method [22],
to locate cultivation regions of the given target crop. The model consists of a quantum
module and a classical module. The former is used for feature encoding and extraction,
while the latter is a fully connected layer followed by a softmax function to output the
classification results. Note that quantum computing and quantum machine information
application [23] is still in its infant stages, and building practical and scalable quantum
computers remains a significant challenge. As a result, the proposed CQL model is
implemented using the Paddle Quantum [24], a simulating platform on classical com-
puters developed by Baiduquantum machine learning is primarily simulated on classical
computers. Platforms such as PennyLane [25], IBM Qiskit [26], and Baidu Paddle
Quantum [24] are among the leading tools for implementing hybrid quantum-classical

[27] models and quantum machine learning at this stage.

3.1.2 Main Contributions
The main contributions of this chapter are summarized as follows:

e A quantum-classical hybrid Learning framework (Variable Shadow Learning, VSL)
is proposed for the remote sensing cropland classification task. This method com-
bines the Quantum Shadow theory with the variable component sub-algorithm for
the first time to construct a quantum-classical hybrid neural network architecture
suitable for remote sensing images, effectively enhancing the feature expression

ability for complex spatiotemporal data.

e The quantum data coding strategy for cropland classification is designed and ver-
ified. Based on the characteristics of remote sensing image data, this study pro-

posed a quantum Encoding scheme combining Amplitude Encoding and shadow
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measurement, which gave full play to the high-dimensional expression advantage

of quantum states and significantly enhanced the data characterization ability.

e Extensive experiments are conducted to verify the validity and robustness of the
proposed model. In this study, real remote sensing datasets are used for testing.
The performance of the proposed CQL method in terms of classification accuracy,
generalization ability, and stability is evaluated in detail, and a strict comparison
is made with multiple classical benchmark methods (including CNN and LSTM).
The results show that the proposed method is superior to the classical methods in

key performance indicators.

e The advantages and potential practical application value of quantum methods are
deeply discussed. This chapter not only theoretically expounds why the proposed
model has advantages in the classification task of high-dimensional remote sensing
data, but also analyzes the feasibility, potential advantages and limitations of this
method in actual agricultural management application scenarios, providing valu-
able theoretical and practical basis for the future application of quantum machine

learning in the field of agricultural remote sensing.

3.2 Related Work

The study of cropland classification has witnessed significant advancements through the
application of machine learning and deep learning techniques. Numerous researchers
have explored the integration of these methodologies to accurately discern and classify
cropland regions. On the contrary, quantum machine learning and quantum neural
networks represent a highly emerging research direction that serves as a crucial bridge
between quantum computation and real-world classical problems. They also constitute
a significant endeavor to apply quantum algorithms to classical issues. In this chapter,
we delve into the existing deep learning-based approaches for cropland research and
explore some of the achievements in quantum neural networks.

The application of deep learning techniques in remote sensing-based cropland classi-
fication has gained significant traction due to its ability to automatically extract complex
features from high-dimensional and heterogeneous remote sensing data. Deep learning
methods, particularly Convolutional Neural Networks (CNNs) [28] and Recurrent Neu-
ral Networks (RNN) [29], have demonstrated remarkable success in various land cover
and land use classification tasks. Researchers have increasingly explored the potential

of these techniques to accurately classify cropland areas using multispectral imagery,
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including indices such as the Normalized Difference Vegetation Index (NDVI) [30] and
Enhanced Vegetation Index (EVI) [31].

CNNs have emerged as a powerful tool for feature extraction from remote sensing
images. They excel at capturing spatial patterns and hierarchies of features that are
essential for accurate classification. In cropland classification, CNNs have been employed
to analyze multispectral imagery, effectively distinguishing different land cover types,
including cropland. For instance, Ao et al. [32] utilized CNNs to classify agricultural
land use from sentinel-2 images.

Another approach gaining momentum in cropland classification is the utilization of
Recurrent Neural Networks to incorporate temporal information. RNNs are well-suited
for sequences of data, making them suitable for analyzing the time-series nature of
remote sensing data. To illustrate, an LSTM network is employed to learn and classify
long-term land cover in China spanning from 1982 to 2015 [33].

Despite the successes of pure deep learning models, challenges persist, including the
need for substantial amounts of labeled data and their susceptibility to overfitting. To
address these limitations, researchers have explored transfer learning and data augmen-
tation strategies [34]. Transfer learning [35], where pre-trained models are fine-tuned
on specific tasks, has been shown to improve the classification accuracy for cropland
areas.

While deep learning models have shown significant promise in cropland classification,
there is growing interest in leveraging quantum computing to further enhance classifica-
tion accuracy. Our proposed quantum-classical hybrid neural network builds upon the
foundations laid by deep learning methods while using the quantum computing paradigm
to accelerate feature extraction and enhance classification performance. By integrating
quantum and classical resources, we aim to create a synergistic approach that overcomes
the limitations of pure classical methods and advances the state-of-the-art in cropland

classification accuracy.

3.3 Methodology

In this section, we provide a comprehensive statement of the methodology employed
in this chapter. Our elucidation encompasses various facets, including data collection,
data encoding, network architecture, and algorithmic specifics. Each of these elements
is thoroughly expounded upon to ensure a comprehensive understanding of our research
approach. we embark on a case analysis centered on Jackson County, located in Min-

nesota, within the United States, serving as our designated study area. This is followed
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by a detailed explanation of data and its designed coded representation. Furthermore,
we propose a quantum-classical hybrid model to handle these data effectively, addressing
the binary classification task of determining whether corn cultivation is present in the

planting regions.

3.3.1 Data Collection

In this context, the bands corresponding to corn crops within the CDL dataset were
selected for 2020, 2021, and 2022 within the specified county. Within each unit area,
data relating to both EVI and NDVI during the growth stages of corn were extracted.
Furthermore, the areas where corn was cultivated were labeled as “1”, while regions
without corn cultivation were designated as “0”. A cumulative total of 9228, 9353, and
9119 data instances were acquired within this region.

NDVI: The Normalized Difference Vegetation Index (NDVI) dataset is a widely used
remote sensing measurement that provides valuable information about the health and
vigor of vegetation cover. NDVI is derived from satellite imagery and is commonly
used to monitor and assess vegetation growth, land cover changes, and environmental
conditions. It is instrumental in agriculture, ecology, and environmental studies. The

NDVTI is calculated using the following formula:

NIR — Red
NDVI = TR T Red (3-1)

Where
e NIR is the Near-Infrared band reflectance from the satellite image.
e Red is the Red band reflectance from the same image.

EVI: The Enhanced Vegetation Index dataset is another remote sensing measurement
used to assess the health and density of vegetation cover, similar to the NDVI. The EVI
was developed to address some of the limitations of NDVI, particularly in areas with
dense vegetation or high levels of soil background reflectance. EVI takes into account
atmospheric influences and enhances sensitivity to variations in vegetation cover. The

EVI is calculated using the following formula:

NIR — Red
EVI = 25X o 6 % Red — 7.5 x Blue £ 1 (3.2)

Where

e NIR is the Near-Infrared band reflectance from the satellite image.
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e Red is the Red band reflectance from the same image.
e Blue is the Blue band reflectance from the same image.

Labels: The labels are extracted from the Cropland Data Layer (CDL) [36]. The CDL
constitutes a yearly generated crop-specific land cover dataset encompassing the en-
tire continental United States. This compilation is crafted utilizing moderate-resolution
satellite imagery in conjunction with comprehensive agricultural ground truth informa-
tion. This dataset furnishes the ground truth essential for our binary cropland classifi-
cation task, where ”0” signifies cultivated areas, while ”1” corresponds to non-cultivated
regions.

Throughout the growth cycle of corn, a total of nine data points, along with a
corresponding label, can be extracted for both NDVI and EVI. Summing up, the ulti-

mate raw dataset is composed of individual one-dimensional vectors, each representing
a{[zi],yi €{0,1},{j |j € Z,0<j < N}}.

3.3.2 Data Encoding

Both the original EVI and NDVI data are regarded as foundational datasets, neces-
sitating their conversion into quantum-encoded representations. Quantum encoding
methods encompass a spectrum of techniques, encompassing basis encoding, amplitude
encoding, and angle encoding, among others. Given the nature of the task, intrinsic data
attributes, and the optimization of computational inference, the present study adopts
an amplitude encoding approach.

Amplitude encoding encodes a vector x of length N into amplitudes of an n-qubit

quantum state with n = [logy(N)]:
N .
%) =Yl |j) (3-3)
J

Where {|7)} is the computational basis for the Hibert Space. As the amplitudes of a
quantum state are constructed from classical information, it is imperative for the input
to adhere to the requirement of normalization: |X|* = 1.

In this manner, our feature points have been encoded into quantum states and
subsequently subjected to padding. The original NDVI and EVI signals can now be fed

into the quantum network component for inference.
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3.3.3 Model Structure

In this section, we present the underlying architecture of the network, which is composed
of three main components. We design our hybrid neural network based on variational
shadow quantum learning (VSQL) [22] which utilizes a low-parameter variational quan-
tum circuit U for feature extraction. The first component involves a quantum neural
network section that takes pre-encoded quantum states as inputs. This enables the
extraction of all features with minimized parameter degrees. These features are then
transmitted as inputs to the second component of the network, which is a concatenation
of a fully connected network and a softmax layer. This configuration ultimately gen-
erates a probability distribution for classification outcomes. The entire architecture is
optimized through a backpropagation process, aiming to minimize binary entropy. The
optimization pertains to the parameters 6 in the quantum part and parameters w in the
classical part. The holistic framework of the network, illustrated in Figure 3.1, packages

these components in a structure. The feature engineering module U () of the network
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Figure 3.1: The overall architecture of the network.

consists of a series of variational quantum circuits. Its purpose is to conduct feature
extraction and dimensionality reduction on the pre-encoded raw data D to derive the
feature set V. The detailed architecture of U(#) is depicted in Figure 2.

The approach employed here involves a U/(G) sub-network that operates within the
subspace formed by two single qubits. Subsequently, a similar sliding mechanism is ap-
plied to the following two signal qubits subspace, and this process iterates progressively
until the ith to ¢ 4+ 1th quantum state’s subspace is reached the last two single qubits.
Within each subspace, the U'(f) quantum circuit is executed, followed by a Pauli-X
measurement to observe and compute the corresponding feature v.

Functioning as a sub-quantum circuit, U/(Q) constitutes an integral component of

the core U(0). Its specific structure is illustrated in Figure 3.3. It encompasses a
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Figure 3.3: Details presentation of U’ ().

sequence of Rz — Ry — Rz rotations applied successively to the two individual qubit
states within the subspace, followed by a controlled-NOT CNOT operation between
the two qubit states. In the final step of the U (f) quantum circuit, there is a single
qubit gate rotation, specifically a Ry rotation gate. The matrices for the rotations R

and the CNOT operation are provided as follows:

CNOT =

_ o o O

0
0
1
0

o O = O

1
0
0
0

R, and R, are fundamental single-qubit rotation gates in quantum computing used to
introduce specific rotation operations on quantum bits(qubits). Meanwhile, CNOT is a
type of gate operation in quantum computing that enables controlled flipping between
quantum bits. In a CNOT gate operation, one quantum bit serves as the control bit,
while another quantum bit serves as the target bit. When the control bit is 1, the target
bit undergoes a flip (0 becomes 1 and 1 becomes 0); when the control bit is 0, the target

bit remains unchanged.
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Algorithm 1 Cropland Quantum Learning: Encoding and training process
Input: Data set D := {[:):ﬂ,yz €{0,1},{j|j€7Z,0<j <N}, Epoch
Output: Loss, Quantum Circuit Parameters 6, Classical Parameters w, b

1: Initialize the parameters 6 of quantum circuit

2: Initialize the parameters w and b of classical block

3: Quantum Encoding on [z;], |X;) = AE(]z;]), AF is an Amplitude Encoder.
4: for epoch = (1, Epoch) do
5
6

Feed Encoded Data | X;) to the varitional quantum circuit.

Utilize (X ® X)) operation measuring the quantum part and receive the quantum
part features v;

Feed v; into the classical network and obtain g;
: Caculate the the Binary Crossentropy (§; — ;)% and update the parameters 6, w

and b
9: end for

By utilizing the aforementioned structured quantum circuit block, we can extract
the feature sets v during the forward propagation of the network. Subsequently, this
feature vector is fed into the subsequent classical network module, which comprises a
fully connected network interlinked with a softmax layer. The fully connected layer
can capture the complex relationship between the features obtained before, combine
these features linearly, and input them into the activation function to generate the
probability distribution required by the binary classification problem, to realize the
cropland classification task.

The overall structure of the proposed network is a hybrid model that employs a
Quantum encoder to encode the raw data and use it as input. It incorporates a pa-
rameterized quantum circuit as the feature engineering module, followed by a classical
neural network’s fully connected layer and softmax activation function as the prediction

module.

3.3.4 Algorithm

The training and convergence methods of the entire network are similar to traditional
deep learning training methods, as illustrated in Algorithm 1.

Firstly, initialize the parameters 6 for the quantum block and w for the classical block
separately. Given the dataset D := {[:vf],yz € {0,1},{j | 7 € 2,0 < j < N}, where i
and j represent the indices of the sample and the feature in the dataset, respectively.

N refers to the feature length of each sample. Apply amplitude quantum encoding AF
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to the data, the feature dimensions are reduced from N to [logy(N)].
[ Xi) = AE([zi]) (3.5)

Then feed the encoded data into the quantum for feature extraction to obtain the
feature set v;. Continuing, the obtained features are input to the classical network
for classification. The corresponding loss function is calculated, and the parameters of

both modules are updated accordingly.
Lce(y,§) = —(y - log(9) + (1 —y) - log(1 — 7)) (3.6)
where 7 is the predictive classification of the entire network on the training data.
§ = olFe(Fy(]X),0),0)] (3.7)

For more details, F, serves as an abstract representation of the classical network com-

ponent, which essentially comprises a fully connected layer.
Fo=v-w+b (3.8)

where v is extracted by F, which is the denotation of the quantum network section.
With this approach, the overall logical objective of the algorithm is to iteratively
update the parameters 6 of the quantum circuit and the parameters w of the classical
network. By utilizing the Adam optimizer [37], the algorithm aims to minimize the
value of the loss function, thereby achieving the training of the hybrid network for

classification.

3.4 Experiments

3.4.1 Experimental Setup
Datasets

The overview of the datasets split in our experiments is given in Table ?7I. The data
includes pre-processed NDVI and EVI concatenated collection from 2020 to 2022 in
County Jackson, Minnesota, USA. The split processing randomly selects 80% of the
datasets of each year as the training dataset, and the rest 20% is reserved for testing the
trained models. Within the training set, a further 20% is set aside as a validation set.

From the Table 3.1, the 2022 dataset contains a significantly lower number of positive
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samples (e.g., around 22%). Therefore, after splitting the data for 2022, the Synthetic
Minority Oversampling Technique (SMOTE) [38] is applied to oversample the 2022
training set to ensure a balanced class distribution. The resultant dataset is denoted as
2022% in the rest of this chapter. On the other hand, both the validation and test sets

retain their original, unchanged distribution.

Baselines

To compare with traditional deep learning methods, we employed both LSTM and CNN
models. For CNN models, we conducted both 1-dimensional CNN (1D CNN) and 2-
dimensional CNN (2D CNN).

Implementation

For the proposed Cropland Quantum Learning hybrid network, we devised two distinct
network architectures and corresponding experiments. The first approach treats NDVI
and EVI data within a single sample and keeps them as a unified entity, termed as
the One-Head Cropland Quantum Learning (1Head CQL). The alternative, the Two-
Head Cropland Quantum Learning (2Head CQL), treats NDVI and EVI as separate
features, encoding them individually and subsequently feeding them into two distinct
quantum circuits. To realize the quantum-related feature engineering, our experimental
environment primarily uses Paddle-Quantum (2.4.0). Additionally, the baselines utilize
the PaddlePaddle (2.3.0) [39]. Both of them are open-source packages from Baidu.

Hyper-Parameters

To facilitate a more effective analysis of the results, we fix certain hyperparameters
across different networks. These include a batch size of 32 and a learning rate of 0.001.
For each model on different datasets, we conducted training for 10 epochs. Furthermore,
we use Adam as the optimizer. Consequently, the results obtained are more conducive

to a controlled variable analysis.

3.4.2 Performance and Evaluation

Throughout the experiment, we aim to compare the performance of different networks
across various datasets. By analyzing the experiment results, we gain insights into the

strengths and weaknesses of each network for the given task.
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Table 3.1: Dataset Split Detail (The number of samples in the train, test, and valida-
tion sets for each dataset, with the percentage of positive samples in each set given in
parentheses.)

Data ‘ Train Set ‘ Test Set ‘ Validation Set
2020 | 5905(47.1%) | 1846(46.9%) | 1477(45.6%)
2021 | 5986(43.5%) | 1871(45.0%) | 1497(45.3%)
2022 | 5836(22.3%) | 1824(22.9%) | 1459(22.7%)
20227 | 9038(50%) | 1824(22.4%) | 1459(22.3%)

Table 3.2: Comparison of Model Complexity

Methods ‘ Parameters ‘ Layers ‘ FCNN
IDCNN | 154 | 1xCONN | ¢
2DCNN | 170 | 1 xCNN | v
LSTM | 138 |1IxLSTM | V
1Head CQL | 13 [ 1xCQL | V
2Head CQL | 23 | 1xCQL | v

Model Complexity

Before delving into the analysis of the results, we first consider the complexity of the
network. To assess model complexity, we utilize the model’s training parameters and
network depth, with specific network configurations detailed in Table 3.2.

The Table 3.2 illustrates that all models consist of a single layer, excluding pooling
layers, activations, and other non-parametric components. Moreover, before getting
the final outputs, each network terminates with a fully connected layer. Despite their
shallow architecture, the Cropland Quantum Learning approach possesses fewer training
parameters. what’s more, when dealing with more intricate data and transitioning
to deeper, more complex networks, the parameter count for quantum networks could

exponentially decrease due to their unique encoding mechanism.

Metrics

In our study, a variety of metrics are employed to evaluate and compare the performance
of hybrid networks with that of traditional neural networks. These metrics encompass

the Area Under the Curve (AUC), the F1 score, and accuracy.
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Figure 3.4: ROC curves of models on dataset 2020
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Figure 3.5: Validation accuracy and loss history of CQL Hybrid Model on dataset 2022
and 2022% (From left to right, the performances of 1Head CQL on dataset 2022 and
2022, then 2Head CQL on these two datasets, respectively)

Among them, AUC represents the area under the ROC curve. It primarily quantifies
the classifier’s ability to rank a randomly chosen positive sample higher than a randomly
chosen negative one. The AUC value ranges between 0.5 and 1.0, with values closer to
1.0 indicating superior performance. The F1 score is a crucial performance metric for
finding a balance between precision and recall. For a balanced dataset, accuracy serves

as an effective performance metric.

Evaluation

Our experimental results are summarized in Table 3.3. Within the original 2020 dataset,

the 1Head CQL model outperforms others in terms of F1 score, AUC, and accuracy,
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surpassing both CNN and LSTM by two percentage points or more in each metric.
We have specifically illustrated the AUC performance, considering its significance in
binary classification tasks. As shown in Figure 3.4, it is evident that the 1Head CQL
model exhibited the best performance on the 2020 dataset. Although the CQL model
performance on the 2021 dataset does not achieve the best results, it also shows a result
comparable to traditional CNN and LSTM models.

As the table shows, traditional networks fail to yield results on the original 2022
dataset. In fact, under this experimental setup, traditional models tend to overfit the
relatively imbalanced 2022 data, failing to produce accurate test results. However, the
CQL model demonstrates good convergence during the training process, as shown in
Figure 3.5. Furthermore, the 1Head CQL model outperforms the 2Head version. For
the oversampled 2022% data, the 1Head CQL model also achieve the best performance
in terms of F1 score and accuracy.

In summary, the hybrid models based on quantum machine learning, when applied
to binary classification of agricultural land use, are able to match and often surpass
traditional CNN and LSTM networks in most cases. A more significant finding is that,
in this task, the CQL model performs better on imbalanced datasets compared to tra-
ditional networks. This indicates that quantum-based feature engineering can be more

effective than conventional methods in certain specific datasets.

3.5 Discussion

Utilizing a hybrid neural network for cropland classification proves to be a promising
and effective approach. The quantum-classical hybrid neural approach allows us to ex-
tract complex features from remote sensing data, capturing patterns and relationships
between different features like traditional neural networks. Simultaneously, we conduct
training and testing on multiple datasets, and the proposed method yields consistent
performance. On certain datasets, it even exhibits slightly superior performance com-
pared to results obtained from traditional deep learning feature mappings. However, the
feature embedding approach using quantum-inspired techniques capitalizes on the dis-
tinctive properties of quantum bits, achieving comparable effectiveness within a network
configuration that utilizes fewer parameters. This quantum-inspired approach opens new
avenues and solutions for future applications involving larger-scale remote sensing data
and more complex tasks. Importantly, while the current implementation involves quan-
tum simulation on conventional hardware, the prospect of utilizing authentic quantum

computers offers the potential to leverage quantum algorithms for accelerating classical
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Table 3.3: Corpland Classification on 3 different years(10 epochs training)

Methods ‘ Test Year ‘ F1 Score ‘ AUC ‘ Acc(%)

2020 0.869 0.913 0.878

1D CNN 2021 0.921 0.969 | 0.931
2022 - - -

2022¢ 0.762 0.938 | 0.878

2020 0.882 0.927 0.889

2D CNN 2021 0.920 0.965 0.930
2022 - - -

2022¢ 0.756 0.925 0.872

2020 0.886 0.934 | 0.894

LSTM 2021 0.917 0.971 | 0.928
2022 - - -

2022¢ 0.740 0.917 0.870

2020 0.911 0.959 | 0.920

1Head CQL 2021 0.900 0.948 0.919

2022 0.780 | 0.920 | 0.903

2022¢ 0.880 0.935 | 0.885

2020 0.890 0.910 0.885

2Head CQL 2021 0.915 0.966 0.924

2022 0.748 0.917 0.890

2022¢ 0.739 0.912 0.868

algorithms when processing traditional data. As we move forward, the incorporation of
real quantum computation could lead to substantial advancements, ultimately bridging
the gap between quantum-inspired methodologies and the untapped power of quantum
computing. This promises to provide novel solutions for tackling intricate challenges
posed by expansive remote sensing datasets and intricate tasks, transcending the capa-

bilities of conventional deep learning approaches.
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4.1 Overview

Accurate yield prediction models are essential in modern agricultural technology for
optimizing crop management and enhancing production efficiency. Meanwhile, quan-
tum machine learning successfully enhances feature extraction in multiple disciplines.
Considering the success of deep learning in yield prediction and quantum machine learn-
ing in various fields, this chapter introduces a hybrid feature extraction approach. This
method aims to boost deep learning model performance in yield prediction by integrating
quantum-extracted features. This method embeds quantum feature mapping modules
into classical neural networks, enabling higher-dimensional feature extraction. Focusing
on the United States, this study conducts quantum and classical feature extraction at
the county level, considering weather, soil, and other static factors, to predict annual
crop yields. Our method achieves prediction results that match or surpass the current

deep learning methods.

4.1.1 Problem Statement

Yield prediction is an important process used across various industries to estimate fu-
ture outputs based on historical data and influencing factors. This predictive ability
is particularly significant in agriculture, manufacturing, and financial markets, where
precise forecasting enhances decision-making and efficiency. For yield prediction, the
methodology of yield prediction integrates sophisticated statistical methods and ma-
chine learning techniques. The data of yield prediction can vary widely depending on
the specific domains including weather, soil, remote sensing data from satellites, market
data, interest rates, and so on. Each of these sectors relies on different datasets that
are critical for developing accurate predictive models. The evolution of yield prediction
methodologies has seen significant advancements due to the integration of various ma-
chine learning techniques. Traditional methods primarily rely on statistical models like
linear regression, which are simple yet powerful tools for understanding relationships
between variables. However, the complexity of factors affecting yields is immense. Cur-
rent research increasingly adopts deep learning in yield prediction because it can handle
high-dimensional spatial and temporal data.

Quantum machine Learning integrates quantum computing with machine learning.
This emerging file capitalizes on the unique properties of quantum mechanics, such
as superposition and entanglement, to operate in high-dimensional spaces efficiently,
leveraging these dimensions far beyond what classical computing can manage. Quan-

tum machine learning demonstrates its capabilities across multiple domains, including
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healthcare, computer vision, and finance [40-44]. However, the limitation of quantum
machine learning is primarily confined to labeled datasets and standardized tasks.
Benefiting from the advantages of Quantum Neural Networks (QNN) and Deep Neu-
ral Networks (DNN), we propose a hybrid quantum-classical feature mapping as a com-
ponent of our feature engineering strategy aimed at achieving precise crop yield predic-
tions. Our approach addresses the challenge of engineering features related to various
crop yields. It utilizes both neural network (NN) methods and quantum neural network
(QNN) approaches to perform feature engineering, integrating these features through
channel concatenation before classical post-processing. This integration facilitates the
subsequent regression tasks required for accurate yield forecasting. Our method under-
scores the potential of combining quantum and classical computational paradigms to

enhance the accuracy and efficiency of predictive models in agricultural applications.

4.1.2 Main Contributions

This work intends to make the contributions as follows.

e We collect a variety of rich data from multiple sources, including weather data,
surface feature data, soil data, and other static data that do not change over
time. This diverse dataset allows us to comprehensively understand and analyze
environmental and agronomic factors that influence crop yields, providing a robust

foundation for our predictive models.

e We propose a hierarchical quantum-classical hybrid model to perform feature map-
ping on these diverse datasets. This innovative model processes and integrates var-
ious environmental and agronomic features, leveraging the unique computational

advantages of both quantum and classical approaches.

4.1.3 The Outline of The Chapter

The remaining parts of the chapter are organized as follows.

Section 4.2 presents related works. Section 4.3 provides the overview of the proposed
approach and detailed designs of each component. Section 4.4 comprehensively evaluates
the proposed approach and compares the performance with the state-of-the-art baselines.

Finally, section 4.5 concludes the Chapter.
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4.2 Related Work

4.2.1 Yield Prediction

In yield prediction, many methods emerge, generally encompassing both traditional ma-
chine learning techniques and advanced deep learning methods. Traditional approaches
often utilize algorithms such as lasso [45, 46], linear regression [47], decision trees [48],
and support vector machines [49], which prove effective in handling structured data and
clear-cut prediction tasks. With the increase in data dimensionality and diversity, deep
neural network approaches are gradually becoming the preferred method. Convolutional
Neural Networks (CNNs) [50] are employed to focus on structured features, while Long
Short-term Memory Networks (LSTMs) [51] can be utilized to handle sequential fea-
tures. Furthermore, a combined approach [52] leveraging the strengths of both can
be adopted for enhanced performance. Some scholars have achieved notable success
in yield prediction by mapping geographic information into topological data and har-
nessing Graph Neural Networks (GNNs) [53] to capture high-dimensional spatial and
geographic information. Building upon graph embedding, they further enhance predic-
tions by integrating diverse data and employing varied network architectures, resulting

in significant advancements.

4.2.2 Quantum Machine Learning

Quantum Machine Learning (QML) [6, 7] emerges as a rapidly developing field that
integrates the cutting-edge concepts of quantum computing and machine learning. Its
core aim is to leverage the unique advantages of quantum computing to enhance and
optimize the performance of machine learning algorithms. Methods such as Variational
Quantum Circuits (VQC) [54] and Variational Quantum Eigensolvers (VQE) [55] play
pivotal roles within this realm. Beyond VQC and VQE, QML extends into numerous
other research areas, such as Quantum Support Vector Machines (QSVM) [56], Quan-
tum Principal Component Analysis (QPCA) [21], and Quantum Autoencoders (QAE)
[57], among others. These algorithms exploit quantum computing’s characteristics to
various extents to enhance traditional machine learning performance and solve prob-
lems that conventional methods struggle with. Among the research in QML, Quantum
Neural Networks (QNNs) attract significant attention. By constructing parameteriz-
able and trainable quantum circuits, QNNs introduce a new type of machine learning
model. Compared to traditional neural networks, QNNs exhibit higher efficiency and

better performance in certain tasks, such as complex tasks of image recognition and
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natural language processing, showcasing their unique advantages. Utilizing properties
like superposition and entanglement of quantum states, QNNs more effectively handle
high-dimensional data and nonlinear issues, thus improving the accuracy of classification
and recognition.

Although a considerable amount of work based on QNN [22, 58-60] and hybrid
methods [27, 61, 62] has been conducted in various directions, these efforts are mostly
based on standard datasets or synthetic data sets. Applying quantum neural network-

related methods to real-world tasks remains a current challenge.

4.3 Methodology

Our overall architecture of the hybrid mapping process is illustrated in Figure 4.1. The
diagram illustrates a quantum-classical architecture where convolutional neural networks
first process various data including temporal, soil, and extra inputs, which are then
transformed through parallel classical and quantum feature engineering methods, and
finally, the features are merged through channel concatenation to form a rich, unified
dataset for subsequent analysis. Before we delve into a detailed description of our

methods, we first abstract and formally define the problem.

4.3.1 Problem Formulation

As our goal is to predict annual yields at the county level, which means we need to
transform the high-frequency daily updated data into a form that matches annual yield
prediction for specific counties. To address this issue, we represent these time-dependent
features as X ;‘F , € Rrrxinterval “where ¢ represent the county level,t represents the year
and T means these features are time-dependent. Soil-related features do not vary over
time but are associated with soil depth. These features are expressed as X CS € Rnsx Depth,
Similarly, ¢ represents the county, but its dimensions are defined by zones and layers
of the soil. In addition to the temporal features and soil depth features, there are also
features related to crop yield, which we denote as Xg . These features are solely related
to geographical location. For the groundtruth, county-level yields are represented as y. ¢,
¢, and t respectively representing the county and year. Thus, our objective becomes to
use various features as inputs, with the output being the annual yield prediction for
each county. Therefore, our question is reformulated as follows:

yc,t = F(XT X 7XcanC,t)

c,tr“*c
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Figure 4.1: The overall Architecture of the hybrid Mapping Process.

In this context, F' represents our entire nonlinear prediction methodology, functioning
as a hybrid model designed for feature mapping and feature engineering. This model is

then applied to accomplish the ultimate task of yield prediction.

4.3.2 First Level Classical Mapping

After obtaining raw data from various sources, we conduct preprocessing operations
such as clarification, completion, and normalization. This preprocessed data then serves
as the input for our model. For the first level classical feature mapping, we employ a
classical network structure CNN. For time-series features, we restructure them based on
the number of features and their respective time intervals. Similarly, attributes related
to soil depth are reshaped according to the feature matrix and specific soil depths. The
output of the first level classical feature mapping is C7, = fr(X7,) and C5 = fs(X2).
Other static features remain unchanged at this stage. The function f; is a CNN network
designed to process temporally related weather, while fs is another CNN employed to
handle depth-related soil features.

At this level, CNN mapping not only maps the original features to a new space but
also serves a major role in data dimensionality reduction. Even though the dimension-
ality of data undergoes an exponential decrease through quantum encoding in quantum
neural networks, the original data involves more than ten quantum bits. Considering
that we are currently simulating on classical devices, we initially utilize the characteris-

tics of CNNs to reduce the dimensions accordingly.
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4.3.3 Second Level Feature Mapping

From the previous level of mapping, we obtain the Ct and Cs features. The feature
engineering at this level will follow a hybrid quantum-classical mode, where the classical
secondary feature engineering is implemented through a simple neural network. Our
focus, however, is on the quantum feature mapping segment. In this segment, to mini-
mize training parameters and prevent gradient vanishing, our architecture is based on
the VSQL model [22], comprising three main modules: the quantum encoding process,
a parametrized quantum circuit for feature mapping, and observation to obtain the final
quantum features.

Quantum Encoding: A widely used approach for encoding classical data into the
quantum state involves associating normalized input data with the probability ampli-
tudes of the quantum state. The encoding scheme is referred to as amplitude encod-
ing(AE).

AE(z):z e RN — |X) = Tz HZQ:J

In this study, we focus on encoding the output features of the first level feature mapping
using two encoding functions AEg and AFEr, both of which utilize amplitude encoding
mentioned above. If the number of original features is not a power of two, we typically
encounter the need for padding during the amplitude encoding process. However, in our
research, the input for encoding originates from the output of a Convolutional Neural
Network, which facilitates the adjustment of the input to fit the powers of two. There-
fore, we can perform feature engineering very efficiently, effectively avoiding the potential
information loss or increased processing complexity that padding might introduce. So
after the encoding, the features are represented at Bloch space, which is compact and
low dimensionality. |¢7) = AEp(CL,) and |ps) = AEg(CY) are the encoded feature
which is the input of the parameterized quantum circuit.

Parameterized Quantum Circuit: For the quantum circuit in our study, we
utilize the variational shadow quantum learning framework. The core idea behind the
quantum circuit configuration is the use of a shadow circuit which is illustrated in Figure

4.2. In the diagram, Rz and Ry represent single-qubit gates that rotate around the z-

2R, H R, H R, R, —

N R, H R, H R, Ry —

Figure 4.2: The shadow circuit of VSQL framework
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axis and y-axis of the Bloch sphere, respectively, where the rotation angles serve as the
parameters of these quantum gates. The CNOT gate, on the other hand, is a two-qubit
gate used primarily to entangle qubits. The Ry, Rz, and CNOT are represented below.

(1 0 0 0]

R,(0) = cos(g) —sin(g) R.(0) = e "2 00 ONOT 01 00
Y sm(g) cos(%) 0 etz 0 0 0 1
0 010

C(4.1)

Instead of processing the entire Hibert space, the VSQL uses the quantum circuit

as a subspace feature extraction. In our implementation, we employ a shadow circuit

approach, applying it between every two adjacent qubits, specifically between the ith and

the ¢+ 1th qubits. By utilizing a sliding window technique, we progressively capture the

corresponding shadow features, extending this process up to the final pair of qubits. The

overall quantum encoding, quantum circuits, and observation architecture are shown in
Figure 77.
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Figure 4.3: The process of quantum encoding and quantum mapping

In summary, quantum feature mapping achieves a process whereby classical inputs
are encoded into a quantum state and subsequently processed via a series of quantum
operations and measurements to yield outcomes O = Q7 (|¢r),0) and O% = Qs(|¢s), 0)
where Q1 and Qg represent the quantum engineering parts for temporal features and
soil features, respectively.

Channel Concatenation We have integrated the temporal information and the
classical features of soil data obtained through hierarchical feature engineering with

quantum features, by concatenating them across channels.
hinteg'rated = Concat(OT7 OS’ CT’a CS/’ XE)

CT" and C%" represent the classical features derived from second level feature engineer-

ing, while the addition feature X¥ remains invariant.
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Figure 4.4: The USA county-level corn yield in 2021

After the hybrid quantum-classical feature engineering process, the high-dimensional
feature vector Ajntegrated €xtracted will be effectively integrated and transferred to a
classical fully connected neural network. This network is designed to further process and
refine the features, capturing and learning complex nonlinear relationships among them
through densely connected layers of neurons, thereby enhancing the model’s predictive
capabilities. Additionally, the transfer of hybrid quantum-classical features to the fully
connected neural network represents the final step in the integration of quantum and
classical features. This fusion not only enhances the multi-dimensional expression of data

but also improves the model’s ability to recognize and process complex data patterns.

4.4 Experiments

As illustrated in Figure 4.4, the 2021 county-level data on corn yield per unit across the

United States reveals that corn cultivation is predominantly concentrated in the central
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Table 4.1: Performance Comparison of Different Methods on Various Datasets. RMSE:
Lower values are better. R? and Corr: Higher values are better.

Method Training Data | Test Year | Crop | RMSE | R? | Corr
Saeed et al. 2018 soybean | 0.66 | 0.59 | 0.76

14550 Saeed et al. 2018 corn 0.79 ]0.36 | 0.72
Ours 2023 soybean | 0.57 | 0.61 | 0.74

Ours 2023 corn 0.68 | 0.38 | 0.67

Saeed et al. 2018 Soybean | 0.62 | 0.55 | 0.77

Gradient-Boosting Saeed et al. 2018 corn 0.76 |0.44 | 0.74
Ours 2023 Soybean | 0.59 | 0.55 | 0.76

Ours 2023 Corn 0.73 |0.21 | 0.68

Saeed et al. 2018 soybean | 0.61 | 0.57 | 0.79

CNN Saeed et al. 2018 corn 0.66 | 0.52 | 0.74
Ours 2023 Soybean | 0.54 | 0.64 | 0.78

Ours 2023 Corn 0.59 |0.54 1| 0.72

Saeed et al. 2018 soybean | 0.59 | 0.58 | 0.79

Saeed et al. 2018 corn 0.63 | 0.54 | 0.72

CNNw/ QM Ours 2023 | Soybean | 0.50 | 0.71 | 0.81
Ours 2023 Corn 0.55 | 0.66 | 0.73

and eastern regions, with particularly high yields in southeastern counties. In contrast,
there are very few areas with yield statistics in the western part of the country. This
phenomenon is closely related to the wide geographic dimensions, climate diversity, and
rich soil properties across the United States. Thus, the yield of crops is closely related
to factors such as geographical location, climate diversity, and soil characteristics. So
we obtain various data from different channels and sources. These data include weather
data, land surface data, soil data, annual yields of different crops, and some other crop-
related data, spanning from 2000 to 2023. The following is a detailed description of
these dataset sources.

Climate Data: For some weather and surface data, we obtain them from the
open-source dataset ERA5-Land Daily Aggregated - ECMWEF Climate Reanalysis [63],
available on Google Earth Engine. This dataset, provided by the European Centre for
Medium-Range Weather Forecasts (ECMWF), is a comprehensive collection of daily
aggregated land surface climate data. This dataset encompasses a wide range of vari-
ables such as temperature, precipitation, humidity, wind speed, and radiation, among
others. It offers high-resolution, global coverage spanning multiple decades, making
it valuable for various environmental and climate-related studies. The data is derived
from the ERA5-Land reanalysis system, which integrates observations from multiple

sources using advanced data assimilation techniques. This dataset is widely used by re-
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searchers, policymakers, and practitioners for climate monitoring, modeling, and impact
assessment purposes.

Soil Data: In our study, we source soil information from two primary data reposito-
ries. The first is the SoilGrids250m dataset [64] from Google Earth Engine, which offers
11 different soil properties, each comprising six data layers. However, for the property
of organic carbon density, only a single data layer was available, leading us to treat
this as static data. The second source is the Gridded Soil Survey Geographic Database
(gSSURGO) (Soil Survey Staff, 2023) [65], which contains soil features that do not
change over time and are available as a raster map layer in a 10-meter resolution. We
collected several attributes relevant to crop yield, some of which are depth-dependent
and thus have values for 6 depth levels, such as soil organic carbon and available water
storage, while others are not depth-dependent, such as the national commodity crop
productivity index. Each variable is aggregated to a county level by computing the
weighted average over all plant-covered grid cells in a single county. The plant-covered
grid cells are defined as the total area of herbaceous, hay/pasture, and cultivated crops,
computed using the National Land Cover Database [66].

Yield Data: We retrieve the crop yield data from the USDA dataset, provided
by the United States Department of Agriculture, which encompasses a wide range of
agricultural and environmental data about the United States. This dataset includes
information on crop yields, land use, soil properties, climate conditions, agricultural
practices, and more. It serves as a valuable resource for researchers, policymakers,
farmers, and other stakeholders involved in agriculture and environmental management.
The USDA dataset is widely used for various purposes such as crop yield prediction,
land management, agricultural policy development, and environmental monitoring. It
provides comprehensive insights into the agricultural landscape of the United States and
supports informed decision-making in the agricultural sector.

Other Data: In addition to data that varies with time and soil depth, we also
have some static data. These static data include soil-related information as well as
crop-related National Commodity Crop Productivity Index (NCCPI) data.

According to Saeed’s [52] work, we adjust our time-series features by converting
daily observations to weekly averages, thereby reducing data redundancy. This dataset
includes 24 weather features such as temperature, humidity, soil temperature, and wind
speed. Therefore, with data aggregated over 52 weeks, the final dimensionality of these
features is 24 multiplied by 52. Additionally, the soil characteristics incorporate 10
properties from SoilGrids250m and three properties from the gSSURGO dataset, each

with six bands. Hence, the total dimensionality of the soil features is 13 properties
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each with six bands. Additionally, our dataset includes extra features related to specific
crops, such as the National Commodity Crop Productivity Index (NCCPI) for individual
crops and the total NCCPI, along with drought indices.

4.4.1 Metrics

As our task is regression-related work. We assess all methods using three widely-
recognized regression metrics: root mean square error (RMSE), the coefficient of de-
termination R?, and Pearson correlation coefficient (Corr) where inspired by Fan’s [53]
work. RMSE and R? indicate the regression model’s predictive accuracy in absolute
and percentage terms, respectively. Corr fundamentally represents a normalized mea-
sure of covariance between two data sets and quantifies the strength of linear correlation

between actual and predicted values.

4.4.2 Baselines

We employ a variety of methods to conduct in-depth analyses on data collected between
2000 and 2023, and we perform validation and testing on the datasets on 2023. The
techniques we adopt include Convolutional Neural Networks (CNNs), In addition, we
explore machine learning methods such as Lasso regression and Gradient Boosting.
Furthermore, we experiment with combining quantum features with CNN and conduct
deep analyses of feature engineering using hybrid models. In addition, we conduct
experiments on the publicly available dataset by Saeed et al. [52], referred to hereafter
as the "Saeed et al.” Based on their soybean data available up to 2018, we further

integrated corn yield data from the same year and conduct tests on yield 2018.

4.4.3 Experiment Set-up

All our work is conducted on uniform equipment and environment, specifically utiliz-
ing hardware equipped with a single GPU, the INTEL UHD Graphics 630. The deep
learning experiments are carried out using PaddlePaddle [39], while the construction of
quantum circuits is performed in the Paddle Quantum [24] environment, both developed
by Baidu.

4.4.4 Hyper Parameters

Regarding hyperparameter settings, we applied each method to various datasets, with

each set of experiments running for 50 epochs. The Adam optimizer [37] is utilized,
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with a learning rate set at 0.001 and a weight decay parameter of le-5. This configura-
tion is aimed at balancing training speed and model performance, ensuring stable and

reproducible results across multiple training iterations.

4.4.5 Resutls and Disscussion

Table 4.1 presents the results of all experiments conducted. We select two machine
learning models—Lasso and Gradient Boosting—along with a CNN model, to serve as
the baseline for our quantum-classical hybrid models. The results indicate that, from
the perspective of crop type, all models perform better on soybean datasets than on corn
datasets. From the model perspective, the CNN and the models incorporating quantum
mapping outperformed traditional machine learning models. Notably, our hybrid model
featuring a novel feature mapping approach via CNN achieved the best performance
across numerous datasets and evaluation metrics. Different crops may have significantly
different feature distributions, data densities, and noise levels related to the prediction
targets. Soybean datasets in these experiments might exhibit more regular or consistent
feature patterns, which makes it easier for models to capture and learn relevant patterns.
In summary, in exploring the integration of quantum and classical features in machine
learning models, we propose a novel approach that leverages the strengths of both types

of features to achieve richer information.

4.5 Conclusion

In our research, we collect historical data related to crop yield across various dimensions
and aspects and engage in feature engineering that combines classical and quantum
techniques. This unique approach enables us to connect features from different data
spaces, optimizing data representation and enhancing the performance of predictive
models. Our methodology is innovative in theory and has proven effective in practical
application. Our results show comparable or superior performance by comparing our
hybrid feature engineering strategy with traditional machine learning methods and sin-
gle Convolutional Neural Network (CNN) approaches. This highlights the potential of
quantum computing to enhance classical data processing techniques and demonstrates

its prospects in addressing real-world complex problems, such as crop yield prediction.
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5.1 Overview

In recent years, Graph Neural Networks (GNNs) have made significant strides in var-
ious applications, demonstrating their potential in handling complex networked data.
Simultaneously, quantum machine learning has emerged as a rapidly advancing and
promising field, leveraging quantum computing principles to enhance machine learning
models. Benefiting from the advancements in both GNNs and quantum machine learn-
ing, we propose a novel hybrid model called CTQW-GraphSAGE. This model aims to
combine the strengths of classical and quantum approaches to improve performance on
graph-related tasks. The model is built on the GraphSAGE framework, enhanced with
quantum feature mapping and Continuous-Time Quantum Walk (CTQW). These en-
hancements are used to calculate aggregation weights for neighboring nodes relative to
the target node, thereby integrating quantum properties into the classical model. We
evaluate the proposed model on various benchmark datasets and compare our results
with several baseline graph neural network methods. CTQW-GraphSAGE achieves
comparable results to the classical models on most of the selected datasets on node

classification tasks.

5.1.1 Problem Statement

Graph-structured data analysis has become an indispensable tool in modern data sci-
ence, especially Graph Neural Networks (GNNs) have achieved great success across
various domains, including social networks, biological networks, knowledge graphs, and
more [67-69]. GNNs are designed to perform computation on graphs, enabling the
model to learn and generalize from topological structures. The fundamental operation
in GNNs is the message passing or neighborhood aggregation mechanism. In this frame-
work, nodes aggregate feature information from their neighbors, allowing the model to
capture both local structures and global graph properties. This iterative process in-
volves updating the representation of each node by aggregating representations of its
neighbors and potentially its features. Then, undertake different downstream tasks fit
to different domains and scenarios.

However, the traditional neighborhood aggregation strategy only considers the neigh-
boring nodes of the target node, ignoring the more complex topological information.
Moreover, the aggregation methods based on pooling and mean represent a fixed-
parameter approach, involving no trainable parameters during the aggregation.

To preserve the complex topological information based on target nodes during graph

analysis, this chapter introduces a k-hop sampling method. This approach extends be-
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yond merely considering a node’s immediate neighbors to include structural information
with k-hops in the graph. A weighted aggregation that leverages both the topologi-
cal information and the node features of the graph is then employed to enhance the
adaptability and flexibility of the aggregation strategy. The weights for the aggregation
are derived using Continuous-Time Quantum Walk (CTQW) within the graph. Fur-
thermore, a variational quantum circuit is utilized to generate parametric embedding,
thereby transforming it into a trainable Continuous-Time Quantum Walk.

This chapter introduces a quantum-classical hybrid model with an aggregation method
based on Continuous-Time Quantum Walk, the CTQW-GraphSAGE. This method aims
to aggregate more complex topological information between nodes, not just relying on
direct neighbors, and utilizes a parametrically embedded CTQW for weighted informa-

tion aggregation.

5.1.2 Main Contributions

Our main contributions are as follows:

e We utilize a novel approach to graph sampling that emphasizes the hop-based
selection of nodes, diverging from traditional methods that primarily consider
neighbors based on their layer-wise proximity. This strategy is designed to capture
and preserve the intricate local topological structures surrounding a target node,
which are often crucial for understanding the node’s role and characteristics within

the broader network.

e We employ Continuous-Time Quantum Walk (CTQW) on the subgraph to obtain
corresponding aggregation probabilities. Instead, we incorporate the similarity of
features between different nodes into the Hamiltonian. This inclusion significantly

enhances the representation of node feature aggregation.

e A variational Quantum Circuit (VQC) is utilized to create parametric embedding
of node features. This strategic implementation allows for the weights, which are
generated through the CTQW process within the graph, to be optimizable. It
makes the weights not only dynamic but also learnable to enhance the overall

efficacy of the information aggregation process in the graph.

5.1.3 The Outline of This Chapter

The remaining parts of this chapter is organized as follows. Section 5.2 presents related

works. Section 5.3 provides the overview of the proposed approach and detailed de-
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signs of each component. Section 5.4 comprehensively evaluates the proposed approach
and compares the performance with the state-of-the-art baselines. Finally, section 5.5

concludes the chapter.

5.2 Related Work

5.2.1 Graph Neural Network

In recent years, graph neural networks (GNNs) [9] have emerged as a powerful tool
for processing and learning from graph-structured data. Previous approaches using
MLP-like [70, 71] networks focused primarily on feature information, ignoring the char-
acteristics of the graph structure itself. A significant leap was the development of Graph
Convolutional Networks (GCN) [72], which is simplified graph convolutional using ef-
ficient layer-wise propagation rules based on adjacency and degree matrices. This was
followed by Graph Attention Networks (GAT and GATII) [73, 74] that introduce an
attention mechanism, assigning dynamic importance to neighbors. The difference be-
tween spectral and spatial approaches in GNNs further broadened the scope of the field.
Spectral methods [75, 76] leverage the graph Laplacian’s eigenvalues for convolution,
offering a mathematical approach. On the other hand, GraphSAGE [77] directly aggre-
gates neighbor features, addressing scalability and enabling inductive learning on large
graphs. The challenge of heterogeneous and dynamic graphs led to the development
of specialized models like Heterogeneous GNNs (HetGNNs) [78] and Dynamic GNNs
(DGCNNSs) [79], catering to diverse node types and evolving graph structures. The
concept of Message Passing Neural Networks (MPNNs) [80] unified various GNN archi-
tectures under a single framework, streamlining the understanding of how GNNs update
node features. Besides these, DeepWalk [81] utilizes random walks on the graphs and
treats each node visit in a walk as a word. For reducing the computational complexity,
SGC [82] removes the non-linearities between layers and replaces multiple layers with
a single line classifier.

The applicability of GNNs extends to various domains. For instance, in social net-
work analysis, GNNs are used for community detection and recommendation systems.
In bioinformatics, they assist in protein-protein interaction predictions, and in computer

vision, GNNs are applied in scene graph generation and object detection.
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5.2.2 Quantum Machine Learning

Simultaneously, Quantum Machine Learning (QML) as an emerging interdisciplinary
field at the intersection of quantum computing and machine learning has developed
rapidly over the years. Numerous machine learning algorithms have been realized into
quantum versions [20, 83, 84], offering acceleration for classical problems. Moreover,
many scholars and researchers have harnessed the advantages of quantum computing
and integrated them with traditional neural networks, constructing a variety of hybrid
models for different domains.

The field of Quantum Machine Learning (QML) [7] has witnessed significant growth
and innovation over the past decade. Variational Quantum Eigensolvers (VQEs) [85]
have emerged as the fundamental quantum algorithm. Quantum Support Vector Ma-
chines (QSVM) [19] aims to provide quantum speedup in classification tasks as the
analogs of classical support vector machines. Quantum algorithms for feature selection,
such as Quantum Principle Component Analysis (QPCA) [21], aim to reduce dimen-
sionality and improve the efficiency of classical machine learning algorithms.

The fusion of quantum computing and machine learning techniques has extended
to graph data, presenting novel solutions for graph-related problems. Quantum Graph
Neural Networks represent a significant development, combining the power of Quan-
tum Computing and Graph Neural Networks (GNNs). QGNNs aim to perform graph-
based machine learning tasks, such as node classification, link prediction, and graph
classification, with quantum-enhanced capabilities. Notably, Verdon et al. [86] pio-
neered the development of the Quantum Graph Neural Network (QGNN), a quantum
computing-based model for graph classification. QGNN leverages a quadratic Hamil-
tonian to encode graph structures and employs quantum circuits to extract pertinent
structural details. Though Peter et al. introduced the Equivalent Quantum Graph Cir-
cuit (EQGC) [87]. EQGC excels at capturing permutation-invariant topologies of input
graphs. Its scalability is constrained, as the number of required qubits scales linearly
with the number of nodes, restricting its applicability to small-scale synthetic datasets.
A notable breakthrough in quantum graph algorithms is the Graph Quantum Neural
Tangent Kernel (GraphQNTK) [88], which stands as the sole quantum algorithm capa-
ble of handling realistically sized graph data. For utilizing the advancement of quantum
computing, ego-graph based Quantum Graph Neural Network (egoQGNN) [89] greatly
reduced the trainable parameters compared to the traditional GNNs.

In summary, within the domain of combining Graph Neural Networks (GNNs) and

Quantum Machine Learning (QML), numerous networks have achieved success. How-
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Table 5.1: Notations and Functions

Symbols ‘ Definition or Meanings
k ‘ The maximum sampling hop
m ‘ The number of k-hop samples for the target node
N (v) ‘ A sampled nodes set of target node v
Xy ‘ Features sets of N/ (v)
Do ‘ The feature mapping after parametric quantum embedding.
P, ‘ Probablities of NN, after quantum walk
© ‘ Hadamard Product (element-wise product)

ever, many of these networks have not effectively harnessed the power of Quantum
Machine Learning to simultaneously leverage both feature information and graph struc-
ture. This article introduces a novel approach that utilizes Quantum Machine Learning
for feature mapping and employs Quantum Random Walks for probability computa-
tion. This innovative approach has demonstrated excellent results in node classification
tasks, showcasing the potential of quantum-enhanced techniques in graph-based machine

learning.

5.3 Methodology

5.3.1 Preliminaries

A graph G can be described using two matrices: an adjacency matrix A, where A €
{0,1}™*" and a node feature matrix X, where X € R™*4_ In these matrices, n represents
the total number of nodes, and d signifies the dimensionality of the node features. Within
the adjacency matrix A, an entry A[i, j] = 1 indicates the presence of an edge between
nodes v; and vj; conversely, A[i,j] = 0 implies the absence of an edge. Based on the
definition of a graph, some additional notations and explanations that are utilized in

subsequent processes are presented in Table 5.1.

5.3.2 Framework

Before the theoretical foundation of the method, this subsection provides an overall
introduction to the entire network structure of the method we propose. The architecture
of the system is illustrated in Figure 5.1.

The whole process depicted begins with node sampling to extract a subgraph, from
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Figure 5.1: The overall architecture of CTQW-GraphSAGE.

which the adjacency and feature matrices are obtained. The features undergo a hy-
brid quantum-classical transformation. The classical component consists of a multilayer
perceptron (MLP), which functions to reduce dimensionality. In parallel, the quantum
component comprises a variational quantum circuit (VQC), which encodes classical data
into a quantum state and performs a quantum feature mapping through the circuit.
The mapped features are then used to calculate similarity measures, which are com-
bined with the sampled adjacency matrix through a Hadamard product. This product
result serves as a Hamiltonian operator to govern the time evolution in a continuous-
time quantum walk (CTQW), resulting in a probability distribution. The probabilities
represent the expectation of the walker landing on each node within the subgraph.
Leveraging this probability distribution, feature aggregation is performed for the
target node. The process concludes with a classical MLP followed by a softmax clas-
sifier, which collectively serves to classify the nodes based on the aggregated features.
The methodology shows a blend of classical machine learning techniques and quantum

computing principles to enhance the analysis of graph-structured data.

5.3.3 Detail Description

In this subsection, we focus on the critical aspects of the network, including node sam-
pling, the implementation of quantum mapping embedding with VQC, the Continuous-
Time Quantum Walk operating on the graph, and feature aggregation.

Sampling: Unlike the layer-wise random sampling in GraphSAGE, where the num-
ber of neighbors for each layer and each target node is fixed to ensure consistency and
controllability at each layer, the proposed sampling method involves sampling within

different hops. The sampling process also retains neighbor information among nodes
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Algorithm 2 k-hop Nodes Sampling

Input: Graph: {G = (V, E), |V| = N}; Node Features X = {z,|Vv € V}, sample nodes:
m; sample hops: k

Output: Adjacency Matrix A, and Features Matrix X,, of subgraphs.

1: Initialize node set N;™(v)
2: for i in range (1, %) do
Find the i-hop neighbours of node v in GG, add these nodes to the temporary set
T(v)
end for
Select m nodes from T'(v) and set them as N;"*(v)
Generate adjacency matrix A, and features matrix X, for N;"(v)
return N/ (v), Ay, X,

w

other than the target node, trying to preserve local structures and complexities. The
corresponding adjacency matrix of these nodes and their features is obtained through
this sampling, as shown in Algorithm 2.

The objective of sampling is to obtain a set of nodes from the Graph G(V, E') which
consists of vertices V and edges E for each target node v in the vertex set V', the k-hop

neighborhood is defined as follows:
Ni*(v) = A{u | d(v,u) <k} (5.1)

where d(v,u) is the shortest path distance between nodes v and u. From this k-hop
neighborhood, a subset of N;"*(v) m nodes is randomly selected.

The proposed sample algorithm implies that N;"(v) includes the target node v, its
immediate neighbors, and all other nodes that can be reached by traversing up to k edges.
The k-hop sampling strategy is valuable for capturing a comprehensive local context
around each node, as it not only considers the direct connections (1-hop neighbors) but
also includes nodes that are indirectly connected within k steps. After the sampling,
we treat the corresponding adjacency matrices A, and feature set X, as the input of
Trainable Continuous-Time Quantum Walk ,which includes a variable quantum circuit
(VQC) and an evolution operator.

Trainable Continuous-Time Quantum Walk: The Trainable Continuous-Time
Quantum Walk (T-CTQW) is composed of two parts. One is a hybrid quantum-classical
part, which consists of an MLP and a variational quantum circuit. The other one is
a Continuous-Time Quantum Walk (CTQW). The overall illustration of a Trainable
Continuous-Time Quantum Walk is presented in Algorithm 3.

For each node v in the graph node set V', the quantum state |1) is prepared in a way
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Algorithm 3 Trainable Continuous-Time Quantum Walk

Input: Adjacency matrices A,, Features matrices X, and evolution time ¢
Parameter: Parameters of Variable Quantum Circuit and MLP 6, w,.
Output: Probabilities

1: Initialize 6, w, and set ¢
2: for each node v in V do
3: Initialize the quantum state 1y by setting the target node v state as |1) and
other nodes u states as |0)
Features dimensions reduction by MLP: X, — X,
Encode features to quantum state X, +— |X,)
Feed the re-encoded features to VQC | X,) — |py)
Measure and get the output |p,) — py
Calculate the similarity matrix S, = sim(py)
Continuous-Time Quantum Walk evolution: |¢;) = e™#v®4vt |g))
10: Calculate the probabilities vector P,
11: end for
12: return all P,

that the target node v is set |1), and all other nodes u are set to |0). Feature reduction
is then performed on the feature matrices X, using an MLP, effectively compressing
the data before it is encoded into a quantum state. The reduced features X,/U undergo
amplitude encoding, transforming them into a quantum state |X;> These quantum-
encoded features are fed into the VQC, which processes them and generates an output

quantum state mapping p,, and it is illustrated in Figure 5.2.

. —IRHR HR R, — |
IR HRHR o[ R
 — R H R H R, —& Ry—i
. — ReH R, H R, b Ry—i

_____________________________________________

Figure 5.2: The VQC architecture.

For the specialized VQC, which is constructed using a combination of specific quan-
tum gates. These gates include Rx(Pauli-X rotation gate), Ry (Pauli-Y rotation gate),
and Rz (Pauli-Z rotation gate), which are each responsible for rotating a qubit around
their respective axes on the Bloch sphere. Additionally, the circuit incorporates CNOT
(Controlled NOT) gates, which are utilized for creating entanglements between qubits,

a fundamental characteristic of quantum computing.
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Each qubit initially passes through a sequence of parameterized rotation gates and
then proceeds through an entanglements section composed of several Controlled-Not
gate (CNOT), followed by an additional layer of rotation gates to enhance expressivity.
The VQC is represented as U(#). Then the mapping process can be described as |p,) =
U(0) |py). After the measurement p, = (p,| M |p,) where M represent the observation
computation.

In a traditional CTQW, the walker’s evolution is governed by the system’s Hamil-
tonian H, which is typically related to the adjacency matrix or Laplacian matrix of the
graph or lattice on which the walk is taking place. The state of the walker |¢), at time

t is given by the solution to the Schrodinger equation:

0
ih 1)) = H|y(t) (5.2)

Where the Hamiltonian is the adjacent matrix. Solving the Schrodinger equation with

h =1, we get the state of the quantum walker at time t:

) = e 1) (5.3)

This work considers more than just the topological structure of the graph. We aim to
provide a richer, higher-dimensional representation that encompasses both the graph’s
topological information and the connections based on node features. Therefore, the
Hamiltonian operator is revised to be the Hadamard product of the adjacency matrix

and the feature similarity computed by the output of the VQC.
H = sim(py) © A,. (5.4)

Equation 4 shows that the Hamiltonian matrix is constructed by first calculating the
similarities between specific features mapped by VQC. Then, we mask these similarity
matrices using the adjacency matrices to eliminate expressions of similarity between
nodes that are not connected.

To determine the probability of finding the quantum walker at a particular node u,
which is one of the nodes in the subgraph based on the target node v at time ¢, we
project the time-evolved state onto the basis state |u) corresponding to the node. The

probability P,(t) is calculated as the absolute square of the amplitude:

Py(t) = [{ue(t)) |” (5.5)
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This process is repeated for each node in the subgraph to obtain the complete prob-
ability distribution across all nodes P,.

In summary, the process of CTQW translates the classical information of a graph,
including the connectivities between nodes and their features, into weights used for the
aggregation of graph features. This transformation effectively captures the structure
and attributes of the graph within a quantum framework, facilitating computations
that leverage quantum properties such as superposition and entanglement. The specific
mathematical expression of this process can be detailed as follows:

In practical terms, the sum of the probabilities for all nodes should be equal to 1,
> Pu(t) =1,u€ N'(v), (5.6)

reflecting the normalization condition and ensuring that the quantum walk describes a
complete and physically possible quantum system.

This rule is not only a fundamental principle of quantum mechanics but also a key
condition that must be adhered to when designing and interpreting quantum algorithms
in quantum computing. In practical quantum computing applications, ensuring the
normalization of quantum states is crucial, as it guarantees the correctness and reliability
of quantum computational results.

Feature Aggregation: In the feature aggregation part, we leverage the probabil-
ities derived from continuous quantum random walks to present a novel approach to
synthesizing enriched node representations in graphs. This aggregation method takes
into account not only the direct connections of nodes or the topological structure of the

graph but also fully integrates the interconnections among features

Bl = o(W ({1 YU{WeightedMean(hl=1, P,)}))
(Vu € Ni*(u), u # v)

(5.7)

The equation describes the process of updating the hidden state of node v at layer
[ in the neural network. The hidden state hl is computed as a function of the node’s
previous layer state hé‘l and the weighted features of its neighboring nodes. The acti-
vation function o introduces nonlinearity. W represents the weight matrix for the linear
transformation of node features. The sum is taken over all neighboring nodes u of v,
where each neighbor’s contribution to the new feature representation is weighted by the
probability P,, derived from processes like quantum random walks. This formulation

captures both the direct connections of the nodes and the topological structure of the
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Table 5.2: Datasets Details

Dataset ‘ # Nodes ‘ # Edges ‘ # Features ‘ # Labels
Cora | 2708 | 5429 | 1433 | 7
Pubmed | 19717 | 44388 | 500 | 3
Citeseer | 3327 | 4732 | 3703 | 6
Wisconsin | 251 | 499 | 1703 | 5
Texas | 18 | 309 | 1703 | 5
Cornell | 18 | 295 | 1703 | 5

graph, integrating the relationships among features for a richer representation. In ad-
dressing the node classification task, after the described feature aggregation process,
we implement a conventional post-processing methodology. This involves the use of a

multilayer perceptron integrated with a softmax function to categorize the nodes.

5.4 Experiments

This section presents the evaluation results of the proposed CTQW-GraphSAGE on

various datasets and compares them against the state-of-the-art baselines.

5.4.1 Datasets

Six datasets, Cora, PubMed, Citeseer, Wisconsin, Texas, and Cornell, are chosen to
evaluate the proposed approach. Table 5.2 contains detailed statistical information
about these datasets, and a brief introduction about each dataset is provided below.

Cora: This is a citation network dataset where nodes represent scientific papers, and
edges represent citations between these papers. The papers are classified into different
classes based on their topics, such as Machine Learning, Neural Networks, etc. Each
paper (node) is described by a binary word vector indicating the absence/presence of
the corresponding word from the dictionary.

PubMed: Similar to Cora, the PubMed dataset is also a citation network but
focuses on diabetes-related publications from the PubMed database. Each paper in the
dataset is described by a TF/IDF weighted word vector from a dictionary. The papers
are categorized into three classes based on the type of diabetes they discuss.

Citeseer: This is another citation network where nodes represent publications and

edges represent citations. Like Cora, each document is associated with a word vector
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indicating the presence of words from a dictionary. The papers are categorized into
different classes based on their research topics.

Wisconsin, Texas, and Cornell: These three datasets are part of the WebKB
dataset collection and consist of web pages from computer science departments of various
universities, categorized into classes like faculty, student, project, etc. Each webpage
is described by a word vector similar to the Cora and Citeseer datasets. The datasets
represent a network where edges are hyperlinks between these web pages.

Table 5.3: Performance for the node classification task on six datasets (mean accu-

racy(%) and standard deviation over 10 trials), In each dataset, the best performance
is highlighted in bold, while the second-best is underlined.

Methods Cora ‘ Citeseer ‘ Pumbed ‘ Cornell ‘ Wisconsin ‘ Texas

DeepWalk 82.3240.72 | 60.78+1.11 | 61.25+130 | 50.8liss7 | 50.39154s | 47.57+13.01
Graph-based Method (2-layers)

GCN 87.39+0.27 76.540.42 87.2440.25 58.65+2.1 44.2241 .2 44.5941 36

GAT 87.0840.48 77.5440.40 87.2810.28 59.73+1.89 46.86+3.33 50.2712.16

GraphSAGE-mean 87.50+0.31 77.2140.42 87.4540.41 75.9643.5 72.9441.92 71.8142.36

GraphSAGE-pool 86.7140.55 75.60+0.54 86.68+0.38 71.8942.76 69.2213 40 68.9149 18

CTQW-GraphSAGE 87.89io_95 78-0410‘28 88.60:]:2,58 73~64i3.08 74.35:|:2.40 70-84i3.85
Graph-based Method (1-layer)

SGC 84.2040.27 77.04+0.17 85.2040.45 60.004+1.08 45.2940.59 51.89+1.08

GCN 85.4540.52 77.3240.28 86.6410.40 61.0841.79 45.2940.59 49.4641.73

GAT 84.23410.72 77.6640.31 85.1840.49 63.514+3.95 47.8443 19 53.2449.72

GraphSAGE-mean 83.93+0.26 77.304+0.18 84.8910.31 77.2942.16 72.7541.84 70.5440.81

GraphSAGE-pool 83.0240.40 T7.7440.26 84.1540.49 73.2449 .25 65.5041.80 67.57+2.09

CTQW-GraphSAGE 85.4740.35 76.7810.90 86.93+0.86 73.4713.40 69.6842.81 69.7819 12

5.4.2 Baselines

To evaluate the performance of our model on different datasets, we implement several
state-of-the-art models, including Simplifying Graph Convolutional Networks (SGC),
DeepWalk, Graph Convolutional Networks (GCN), Graph Attention Networks (GAT),
and GraphSAGE with pooling and mean aggregation, and compare their performance

on the above datasets with our proposed approach.

5.4.3 Experiments set-up

We assess and compare our model based on the accuracy achieved in node classification
tasks. To ensure fairness and credibility, we conduct ten trials for each model on every
dataset and the accuracy report is based on the average accuracy. For each trial, we run
the model 100 epochs. For the neural networks method, we use Adam optimizer. The

setting of the hyperparameters: dropout at 0.6, learning rate at 0.001, weight decay =
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Figure 5.3: t-SNE of various networks on the Wisconsin dataset, with subfigures from (a)
to (f) representing SGC, GAT, GCN, GraphSAGE with mean aggregation, GraphSAGE
with pool aggregation, and our CTQW-GraphSAGE, respectively (2-layer versions for
graph-based models).

5¢~4, the hidden dimension within {32, 64, 128}. Especially for the DeepWalk method,
the number of walks is 10, the window size is within 5, the embedding size is 128, and the
walk length is 80. For the proposed method, the number of node samples in the first layer
is set to {20, 15}, and in the second layer, it is {10, 5}. The implementation environment
includes python (3.8), torch (2.0.1), torch-geometric (2.4) [90], and Paddle-Quantum
(2.4.0) [24]. In our study, all experiments are conducted on a Unix device equipped
with a Radeon Pro 5500M GPU. We conducted comparative experiments for different
neural network architectures by implementing both 1-layer and 2-layer variants. This

approach allows us to evaluate the impact of network depth on the model’s performance.

5.4.4 Performance

Table 5.3 comprehensively demonstrates the performance of various networks across
multiple datasets, where we implement experiments with both 1-layer and 2-layer con-

figurations for graph-based networks. Notably, our method achieved the best results in
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most of the selected datasets, such as Cora, Citeseer, Pubmed, and Wisconsin, and the
second-best in the Texas dataset, while performing at an average level on the Cornell
dataset compared to other graph-based methods. Both 1-layer and 2-layer networks ef-
fectively handled node classification tasks. In terms of stability, compared to DeepWalk,
GCN, GAT, and SGC methods, our approach and GraphSAGE adapted well to different
datasets for node classification. For instance, as shown in Figure 5.3, the t-SNE visu-
alization of the final embeddings of trained networks on the Wisconsin dataset, SGC,
GAT, and GCN does not classify the dataset effectively, whereas CTQW and Graph-
SAGE distinctly differentiated between different nodes.

5.5 Conclusion

In this work, we introduce a novel hybrid network called CTQW-GraphSAG. This net-
work utilizes a parameterized variational quantum circuit for node feature mapping,
followed by computing the similarity between these mappings. We then construct a
Hamiltonian using the Hadamard product of the similarity matrix and the adjacency
matrix to facilitate the evolution of continuous quantum walks. The resulting probabili-
ties of the walker residing on the nodes are used for weighted aggregation. This approach
not only leverages the structural information of the graph but also considers the node
feature information in the quantum space. Additionally, in our node sampling process,
we take into account the k-hop neighbors of the target node, focusing on preserving the
complex information about the target node. This method has also achieved comparable
performance to current mainstream graph neural networks in node classification tasks.
However, as the quantum part of our method is simulated on classical computers using
quantum platforms, it incurs a relatively high time cost for training. In the future,
we hope to utilize real quantum devices and more efficient computational methods for

acceleration.
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6.1 Overview

Hyperdimensional Computing (HDC) is a brain-inspired computational paradigm that
utilizes high-dimensional vector spaces to represent, bind, and process information effi-
ciently. Its robustness, scalability, and adaptability make HDC particularly effective for
machine learning tasks such as classification and pattern recognition. In this work, we
introduce Quantum-StateHD (QSHD), a novel approach that leverages random quan-
tum states as encoding mechanisms for high-dimensional spaces within the HDC frame-
work. Quantum states, with their inherent properties of high-dimensionality, near-
orthogonality, and probabilistic distributions, provide a natural substrate for construct-
ing robust representations. Quantum-StateHD encodes classical data into the coeffi-
cients of random quantum states and seamlessly integrates these representations into
the HDC pipeline. Experimental results on several benchmark classification datasets
demonstrate that Quantum-StateHD achieves competitive or superior performance com-
pared to traditional state-of-the-art HDC methods, showcasing its potential for robust
and efficient high-dimensional information processing. This study bridges the gap be-
tween quantum information science and HDC, offering a promising direction for hybrid

quantum-classical machine learning architectures.

6.1.1 Problem Statement

Hyperdimensional Computing (HDC) is an emerging computation paradigm inspired
by the human brain processing information using distributed and hyperdimensional
representations. Its inherent properties, such as small model size, low computational
complexity, and support for one-shot and few-shot learning, make HDC well-suited for
resource-constrained environments. HDC is foreseen as a valuable tool in applications
where efficiency is prioritized over absolute accuracy. It shows performance in many
applications, including signal processing [91], robotics [92], natural language processing
[93], and data security [94].

HDC can be conceptualized as a computational approach that employs high-dimensional
vectors to represent information. These vectors, typically with thousands of elements,
enable efficient processing through vector operations. Various encoding approaches are
proposed to map objects in the input space to the hyperspace, and the choice of encoding
functions depends on the characteristics of the input data. For example, binary encoding

represents data as binary strings, which are then mapped to high-dimensional vectors.
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N-grams decompose sequential data, such as text or time series, into overlapping subse-
quences of length n. Each n-gram is then encoded as a vector. These encoding strategies
share a common characteristic: they begin by encoding elementary data units, such as
characters, pixel intensities, or signal amplitudes, which are subsequently aggregated to
represent composite objects (e.g., images, sentences, and signals).

Although encoding is crucial for representing data within the HDC framework, ex-
isting methods face inherent limitations, particularly with respect to computational cost
and potential information loss [95]. Generation and manipulation of high-dimensional
vectors, especially for complex data types, can require substantial computational re-
sources, posing a scalability challenge for large datasets [96]. Furthermore, the encoding
process itself may lead to a reduction in the fidelity of the data representation. This
loss of information can be due to dimensionality reduction techniques or inherent con-
straints of the chosen encoding scheme, which can affect the accuracy of subsequent HDC
operations [97]. Therefore, balancing representational capacity with computational ef-
ficiency and minimizing information loss remain key considerations in the development
of effective HDC encoding strategies.

To address the above issues, this work presents Quantum-StateHD (QSHD), a novel
framework designed to enhance encoding efficiency within the HDC paradigm by ex-
ploiting the principles of quantum mechanics. Quantum-StateHD leverages quantum
encoding, a technique used in quantum computing and communication where informa-
tion is represented through quantum states. A pure state is the simplest kind of quantum
state, which can be described by a normalized state vector, 1» = «|0) 4+ 5 |1), where «
and B are complex numbers that satisfy |a|?> + |3|?> = 1. This representation describes
the state of a qubit, the quantum analog of a classical bit. A key property of qubits is
their ability to exist in a superposition of states, which means that they can simultane-
ously embody a combination of |0) and |1). This characteristic allows n qubits to span
a Hilbert space of dimension 2. Consequently, the information capacity of a quantum
system scales exponentially with the number of qubits, offering a substantial advantage
in information storage compared to classical systems where capacity increases linearly.
The proposed QSHD utilizes this exponential scaling to achieve more efficient encoding
within the HDC framework.

Integrating quantum encoding into the HDC paradigm is non-trivial. The primary
challenge is how to utilize quantum mechanisms for data encoding. Common quantum
encoding methods include binary encoding and amplitude encoding. To address this
challenge, we adopt a combined strategy that integrates the real and imaginary parts

along with the amplitude encoding. The second challenge involves an approximate
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computation of orthogonality and similarity. In high-dimensional spaces, approximate
orthogonality is a crucial property of hyperdimensional computing (HDC), which ensures
robustness in noisy environments. Therefore, proving the approximate orthogonality
and similarity computation of the encoded random quantum states in high-dimensional
Hilbert spaces presents a significant challenge. The final challenge is computational
complexity. On classical computing platforms, HDC implementations typically have
low complexity, which is one of the main reasons why HDC is widely chosen for real-
time tasks such as edge computing and embedded Al. Thus, validating the efficiency of

our proposed method on benchmark datasets is a practical challenge.

6.1.2 Main Contributions

To address the aforementioned challenges, the main contributions of our proposed QSHD

method are as follows:

e Proposing a novel encoding method using quantum states: We present
a method that utilizes random quantum states as the foundation for encoding
data into hyperdimensional spaces. Quantum states, with their inherent high-
dimensionality and probabilistic distributions, provide a natural substrate for rep-
resenting complex data. This encoding mechanism replaces traditional determin-
istic or classical random hypervector schemes, offering improved representational
capacity by exploiting the unique properties of quantum states, such as near-
orthogonality and stochasticity. The method efficiently maps classical data into
quantum-state-based representations, preserving the underlying structure of the

data while enhancing robustness.

e Theoretical Analysis of Quantum-State Properties in HDC: We provide a
rigorous theoretical analysis that demonstrates how quantum states align with the
requirements of HDC. This includes proving that the near-orthogonality of random
quantum states enhances the separability of encoded representations, ensuring
minimal interference between distinct data points. This theoretical foundation
establishes the feasibility and effectiveness of quantum-state-based encoding within
HDC.

¢ Extensive Evaluation on Benchmark Datasets: The performance of Quantum-
StateHD was evaluated on multiple benchmark datasets commonly used in clas-
sification tasks. To validate the practical implementation, we implemented our

method using standard Python libraries and also leveraged IBM’s Qiskit frame-
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work for quantum computing simulations. The experimental results demonstrate
that Quantum-StateHD achieves competitive or superior performance compared to
traditional HDC methods in terms of accuracy, robustness, and scalability. These
findings highlight the potential benefits of integrating quantum-inspired encoding

strategies into classical machine learning pipelines.

6.1.3 The Outline of the Chapter

The remaining parts of this chapter are organized as follows. Section 6.2 presents related
works. Section 6.3 introduces the traditional HD methods. Section 6.4 provides the
overview of the proposed approach and detailed designs of each component. Section 6.5
and 6.6 comprehensively evaluate the proposed approach and compare the performance

with the state-of-the-art baselines. Finally, section 6.7 concludes Chapter 6.

6.2 Related Work

Inspired by the neural activity patterns of the human brain, hyperdimensional comput-
ing (HDC) has emerged as a promising computing framework. The basic HDC model
[98] establishes the fundamental principle of representing data with high-dimensional
random vectors. Significant research efforts focus on improving the efficiency of the
HDC model, encoding strategies, and hardware implementation. Wang proposes Dis-
tHD [99], a learner-aware dynamic encoding method that achieves a significant re-
duction in dimension while improving inference speed. Similarly, Imani et al. develop
QuantHD [100], an efficient HDC framework that reduces reliance on floating-point
numbers, thus greatly improving energy efficiency. Duan et al. propose LeHDC [101],
which enhances learning-based HDC classifiers through binary neural network training
and improves the accuracy of inference. Training efficiency is also a key area of focus.
AdaptHD [102] is an adaptive training method to optimize HDC learning, achieve faster
training, and achieve significant energy savings. OnlineHD [103] supports single-shot
online learning and enhances the robustness to hardware failures. Several works ad-
dress resource efficiency and hardware adaptability. Morris et al. introduce CompHD
[104], focusing on model compression to reduce storage costs while improving execution
speed. SparseHD [105], which uses sparse-aware computing for hardware acceleration,
resulting in lower resource consumption. To support real-time edge computing, Zou et
al. propose NeuralHD [106], a neural adaptation-inspired dynamic coding system that
can scale HDC across IoT systems with faster training performance. These advances

in HDC illustrate the collaborative efforts to develop scalable, efficient, and accurate
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models. Through innovations in coding schemes, adaptive learning, hardware-aware de-

sign, and edge computing, HDC has solidified its role as a powerful framework for future

computing paradigms, especially in energy-constrained environments.
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Figure 6.1: Traditional HDC for Classification framework.

Quantum encoding is a critical part of quantum computing, translating classical data
into quantum states through encoding techniques such as amplitude encoding, basis en-
coding, and hybrid methods. These encoding schemes facilitate quantum computation,
enhance data security, and enable efficient quantum communication. Ranga et al. [107]
highlighted the transformative role of data encoding in quantum machine learning, fo-
cusing on improving model accuracy through optimized quantum state preparation.
Similarly, Rath and Date [108] explored classical-to-quantum mapping, demonstrating
its impact on the performance of quantum algorithms. Weigold et al. [109] expanded
quantum data encoding patterns for gate-based quantum computers, while Bravo-Prieto
[110] developed enhanced quantum autoencoders for data compression. In the field of
quantum cryptography, Yang et al. [111] proposed a novel encryption scheme using
quantum Fourier transforms for secure image communication. Image encoding applica-
tions were advanced by Yetig and Karakose [112], who designed cost-effective quantum
circuits. Hybrid quantum encoding techniques, explored by Smanchat et al. [113],
demonstrate improved quantum data storage and processing. Furthermore, Majji et
al. [114] introduce a quantum-based approach for image data compression, enhancing
efficiency in quantum sensing. Nguyen et al. (2024) revisit the encoding in quantum neu-
ral networks, optimizing visual feature extraction for computer vision tasks. Recently,
Govorov et al. [115] explore time-encoded photonic quantum states for applications in
secure quantum communication protocols like quantum key distribution (QKD). These
advancements showcase quantum encoding’s versatility in enabling next-generation com-

puting, data security, and communication technologies.
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6.3 Background

6.3.1 Hyperdimensional Computing

Hyperdimensional computing can be applied to a variety of learning problems. This
chapter focuses on classification tasks and common problems in supervised learning.
As shown in Figure 6.1, applying hyperdimensional computing for classification tasks

involves encoding, single-pass training, and similarity checking.

Encoding

Encoding is a key step in HDC to map input data into a high-dimensional vector space.
The features of the input data and its structural relationships are embedded into a single
high-dimension vector while retaining its information. Let x = [x1,z2,...,2,] denote
preprocessed input data. Encoding x into a high-dimensional vector space usually takes
the following steps.

Value Encoding: Value encoding maps each feature in the input data to a high-
dimensional space. For discrete features, each possible value v; is assigned a unique
hypervector. If the features are continuous, such that x; is within a range[xlow, xhigh],
the value vector is computed as Vg, = a - Viow + (1 — @) - Vnign, where (o = x; —
zlowy /(zhi9h — glow) This ensures that continuous values are smoothly encoded into
high-dimensional space. Alternatively, if the value is discretized into binary or hot
vectors, such as [1, 1, 1, 0, 0, 0], thermometer encoding can be applied to represent the
feature’s relative position with its range.

Position Encoding: Position encoding is a technique used to represent the position
of a feature in a sequence. This is done by adding a vector, P; € R”, where D is the
dimension of the high-dimensional space, to the feature’s representation that encodes
its position. There are many different ways to do position encoding, but one common
approach is to use a set of sinusoidal functions with different frequencies. Position
encoding can be used to improve the performance of HDC models on tasks that involve
sequential data, such as natural language processing.

Based on the above encoding method, a unique property of hyperdimensional space
is a large number of nearly orthogonal hypervectors, enabling highly parallel opera-
tions. We can use these operations to combine the positional information P; with the
value information V, for each feature, creating a bound vector B;. This is achieved by
mathematical operations Binding. Binding operation can be performed using various

methods, such as dot product, B; = P;-V,, element-wise multiplication, B; = P; OV,

82



or XOR for binary vectors, B; = P; & V,,. The result of this operation ensures that
both position and value information are encoded into a single vector for each feature.
Once all features have been encoded as bound vectors, bundling is performed to combine
them into a hypervector H that represent the entire input data. The bundling opera-
tion aims to superimpose the bund vectors, typically by summing them: H = Y"" | B;,
where n is the total number of features. Optionally, weights w; can be assigned to the
features during binding, resulting in a weighted sum: H = 3" | w; - B;. This superpo-
sition ensures that all feature information is integrated into a single vector, capturing
both individual feature contributions and their relationships. Finally, the hypervec-
tor H is normalized to ensure numerical stability for further processing. Normally, L2

normalization is applied.

Training

In the HDC classification task, most existing HDC algorithms perform the training
in a single iteration. It can be divided into several steps. At the beginning of train-
ing, each class C}, is associated with a class hypervector C; € RP, where D is the
dimensionality of the hypervector space. These class hypervectors are initialized as
Cr=0,Vk €1,2,..., K, where K is the number of classes. This initialization allows the
hypervectors to accumulate information from the samples during training. Then, for
every training sample (x,y), where x represents the features and y is the class label, the
encoded normalized hypervector of the sample, H is added to the corresponding class
hypervector: Cp = C. After all samples have been processed, the class hypervectors
C}, finish updating. Normally, each class hypervector should be normalized to ensure
consistency during inference. The class hypervectors represent the comprehensive fea-
ture information of their respective class and serve as reference vectors for classification

during inference.

Inference

To classify the input sample, the similarity between the encoded sample hypervector
Hyx and each class hypervector Cy is calculated. There are many ways to calculate
similarity. The most popular one is the cosine similarity that measures the cosine of the
angle between two hypervectors: 6(Hx, Cy) where both Hy and Cy are normalized. If
the hypervectors are binarized, the similarity can be computed as the complement of
the Hamming distance: d(Hy, Cy) = 3.2 (Hy[i] ® Cili]), where @ is also the XOR

operation, and the smaller the distance, the higher the similarity. For the real-valued
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hypervectors, a simple dot product can also serve as a similarity metric. The predicted

label is determined by selecting the class k& with the highest similarity score:
§ = argmax §(Hx, Cy)

6.3.2 Quantum state and quantum encoding
Qubits and quantum states

A qubit is the fundamental unit of quantum information, analogous to a classical bit
but with significant differences. Unlike a classical bit, which can only be in one of two
states (0 or 1), a qubit can exist in a superposition of states 0 and 1. The state of a
qubit is represented as: ¢ = «|0) + [|1), where  and 8 are complex numbers that
satisfy |a|? + 3|2 = 1. In addition, Assuming an n-qubit space exists, the state of a
quantum system is represented as a vector in a 2"-dimensional Hibert space. It captures
all possible combinations of the n qubits in superposition. A general quantum state

for n-qubits can be written as
m—1

W)= cili)

i=0
where |-) represents Dirac notation, |i) represent the basis vector like |0...000),]0...001),
or |0...010), ¢; € C are the coefficients corresponding to each basis state, satisfying the

normalization condition:

which also matches the definition of a pure state.

Quantum encoding

Quantum encoding is the process of mapping classical information into quantum states
for storing, processing, or transmission. One of the efficient, simple, and pure-state meth-
ods is amplitude coding. Consider a given classical data vector x = [zg,x1, ..., ZN—-1],
where N = 2" and n is the number of qubits, amplitude encoding transforms this vector

into a quantum state |¢) as follows:

1 .
V) = HT v |i)

1=

Based on such an encoding method and HD encoding process, we can prepare and

characterize the random quantum pure states of the original data.
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6.4 Proposed Quantum-StateHD

The overall structure of our proposed Quantum-StateHD is shown in Figure 6.2, which
integrates quantum encoding and representation into the conventional HDC framework.
The details of quantum encoding block, as well as the training and inference processes

are detailed in the following sections.
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Figure 6.2: Quantum-StateHD for Classification framework.
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6.4.1 Quantum-StateHD Encoding

This section presents the proposed encoding method inspired from the quantum mech-
anism and signal processing. By mapping the original feature to a high-dimensional
quantum space, the nonlinear strengthening and numerical stability of the feature can
be obtained simultaneously. The specific methods and instructions are as follows. Sup-
pose X = [1, X2, ..., Tp] is the input data with n features, which is required to be mapped
to a hypervector H = {h1, ho...,hp} with dimensions D, where D = 2V and h; € C,
and h; = Re(h;) + iIm(h;) is a complex number with Re(h;) and Im(h;) represent the
real and imaginary parts, respectively. Firstly, two vectors B¢ = {BRe,BRe, ...Bge}

B/m = {Bfm, BIm ..BE"} are randomly generated from a Gaussian distribution with
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the mean p = 0 and the standard deviation ¢ = 1. We encode each element h; of H by
equation
Re(h;) = cos(BF¢ . x + bFe) x sin(BF¢ . x) (6.1)

Im(h;) = cos(BI™ - x + ™) x sin(BI™ - x) (6.2)

where bF¢ and b/™ are random shift value generated uniformly from [0,2n]. This en-
coding method, based on random projection, trigonometric transformation, and random
phase shifts, offers several key advantages.

Firstly, the proposed encoding method produces a complex hypervector H which is
assumed to be normalized. This complex hypervector can directly serve as the coeffi-
cients of a pure quantum state composed of N-qubits. Each component h; represents the
complex amplitude of the corresponding quantum basis state |i) in the computational

basis.
oN_1
H:= )= Y hili),hi €C
i=0

This encoding process effectively transforms the original classical feature vector into a
D-dimensional hypertvector, which can equivalently be viewed as a pure quantum state
in an N-qubit Hibert space where D = 2V,

Secondly, our method can also ensures to map different input vectors to nearly
orthogonal quantum states even for large datasets. This kind of orthogonality is the
reflection of the concentration of measure in classical high-dimensional space and also

can extended to quantum space. Consider there are two random pure states:

2N _1 2N _1
[0y = ali), [o)= ) dili),
i=0 i=0

where ¢;, d; € C are the normalized coefficients. In the quantum space, the orthogonality
of two quantum states can be measured by fidelity. The fidelity of two pure state is
defined as F(|1),|¢)) = |(1||¢)|?>. The value approaching zero indicates that the
orthogonality between two quantum states becomes stronger (if F'(-) = 1, the two states
are identical, and if F'(-) = 0, the two states are orthogonal). The inner product between

the states is:
oN_1

(Wlg) = > cid;

i=0
Since ¢; and d; are independent and symmetrically distributed, we have expectation

value E[(¢)|¢)] = 0. The variance should be the expectation of the squared magnitude
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of the inner product:
2N 1

E[| (¢6) I’ = ) Elleil’] - Elldif’]

=0
Since E[|¢;|?] = E[|d;|?] = 1/2", it follows that:

Bl (616) ] = o

Thus, fidelity F(|¢),|6)) = | (1]¢)|? decreases as 2V increases, and at the limit
2N 5 o0, the fidelity tends to zero. The fidelity calculation is also used as a measure
of similarity in subsequent classification training and inference. This method makes
different feature vectors encoded into high-dimensional quantum states distinguishable.
Therefore, this encoding approach is well suited for application in hyperdimensional

computing.

6.4.2 Quantum-StateHD Training

Quantum-StateHD computing supports efficient one-pass training. The encoder maps all
training data to the quantum state |¢). Training [¢) in the same class {|¢}), [¥?), ..., [¥I™)}
can be aggregated to generate a single class |C;), where m means the number of samples
in this class and [ indicates the class tag. To ensure that the class superposition state

is a pure state, we cannot add directly as in classical space.

(Ct) = 10) + [47), s [07") (6.3)

Assuming that each sample contributes equally to this class, the average superpo-
sition of quantum states should be used to obtain a pure state to express the class
superposition state. The method is as follows:

PEND o/ D »/ i [ 0.

DT s o il

In the quantum encoding section, it is explained that |¢¢) and |¢lj ) (i # j) are approxi-
mately orthogonal, so
> (wilwl) = 0
1#]
To implement this on a classical computer, the above mathematical operations need
to be performed. However, on quantum devices or quantum platforms, multi-qubits

unitary operations must be used to achieve the desired effect. For different classes, we
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use this method to obtain the superposition state for each class, allowing the classifica-
tion of test data. Moreover, the iterative learning process is conducted as described in
Algorithm 1. The QSHD incremental learning algorithm efficiently updates the model
by building on previously learned representations instead of starting from scratch. In
each training iteration, the algorithm processes each data point by calculating its simi-
larity to the current model and predicting its category. If the prediction is correct, the
model remains unchanged. However, if a misclassification occurs, the model is updated
by adding the data point to the correct class representation and subtracting it from
the incorrectly predicted class. This selective update mechanism allows the model to
improve its performance while retaining prior knowledge, achieving fast convergence and

continuous learning through multiple iterations.

Algorithm 4 Quantum-StateHD Incremental Learning

Input: Dataset D = {(z;,y;)}, Current Model M, Number of Iterations T
Output: Updated Model M
1: fort=1to T do

2: for each (z;,y;) € D do
3: Compute similarity S of z; with the current model M
4: y; < argmax S > Predicted class for z;
5: if §;, == y; then
6: continue > No update if correctly classified
T else
8: Mly:] < My:] + z; > Add to correct class
9: Mly;] < M[g:] — > Subtract from incorrect class
10: end if
11: end for
12: end for
13: return M

6.4.3 Quantum-StateHD Inference

The inference process is similar to the classical HD classification method. A sample of
test data x¢ should be encoded into a quantum state [1;). The similarity metric fidelity
is used to measure the strength of a match between |¢);) and each class |C)). After the
fidelity is computed, the class corresponding to the highest fidelity value is selected as
the output.

6.5 Experimental Setup

We evaluate the proposed method by conducting comparative experiments on various

datasets and dimensions, comparing it against state-of-the-art baseline methods to ob-
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Table 6.1:
on 5 different datasets.

Classification accuracy of Quantum-StateHD and other HDC algorithms
The results show the average of the ten experiments and the

standard deviation is in parentheses, the highest accuracy is bolded, and the runner-up

is underlined.

| CARDIOI10 | CARDIO3 | ISOLET | MNIST | UCIHAR
| 128 | 512 | 2048 | 128 | 512 | 2048 | 128 | 512 | 2048 | 128 | 512 | 2048 | 128 | 512 | 2048
AdaptD | 66:04 | 78:09 | 79.66 | 81.30 | 87.00 | 90.22 | 40.65 | 69.36 | 86.68 | 49.73 | 75.28 | 83.06 | 65.32 | 79.05 | 86.70
aap (3.10) | (3.52)| (2.93) | (4.54) | (3.91) | (2.78) | (2.07) | (4.01) | (0.62) | (8.19) | (2.07) | (7.21) | (0.78) | (4.78) | (2.70)
ComnHD | 4405 | 56.73 | 5751 | 65.18 | 67.53 | 72.93 | 36.84 | 70.09 | 83.39 | 49.68 | 70.06 | 80.00 | 61.25 | 75.36 | 8181
OMPED | (2,74 | (0.22) | (0.69) | (1.72) | (2.93) | (1.06) | (0.43) | (0.79) | (0.69) | (0.67) | (1.23) | (0.21) | (2.58) | (1.26) | (1.39)
Disp | 6815 | 7081 | 72.54 | 60.01 | 50.62 | 67.06 | 89.10 | 9247 | 91.40 | 85.02 | 87.40 | 88.50 | 92.83 | 89.93 | 92.22
' (2.15) | (3.60) | (2.21) | (5.31) | (6.93) | (6.82) | (0.59) | (0.61) | (1.39) | (0.59) | (0.33) | (0.44) | (0.36) | (4.89) | (2.59)
LeEpC | 35:92 | 5477 | 60.00 | 78.25 | 85.76 | 87.25 | 18.02 | 30.38 | 46.87 | 28.34 | 51.75 | 69.73 | 41.51 | 44.41 | 64.23
(7.47) | (6.46) | (4.89) | (4.50) | (0.44) | (1.25) | (2.28) | (4.24) | (1.66) | (6.07) | (3.66) | (2.04) | (2.19) | (2.89) | (1.04)
NewralHp | 69:56 | 77.93 | 78.33 | 84.59 | 88.18 | 87.87 | 87.21 | 91.36 | 92.28 | 82.07 | 87.35 | 88.21 | 87.26 | 89.20 | 89.80
‘ (1.73) | (1.45) | (0.11) | (1.86) | (0.86) | (0.48) | (0.34) | (0.56) | (0.40) | (0.64) | (0.12) | (0.04) | (0.28) | (0.34) | (0.12)
Onlinerip | 71:05 | 78.33 | 81.22 | 83.02 | 88.58 | 90.06 | 88.28 | 92.50 | 93.93 | 81.25 | 9247 | 95.51 | 88.42 | 92.00 | 92.87
MCER ] (1.23) | (1.44) | (1.33) | (2:21) | (1.28)| (2.31) | (0.70) | (0.52)| (0.26) | (0.52) | (0.41) | (0.99)| (1.94)| (0.98) (0.39)
Quanttp | 4327 | 5548 | 56.42 | 6244 | 6370 | 69.33 | 33.93 | 59.53 | 7913 | 4135 | 63.04 | 7672 | 55.51 | 69.01 | 7874
. (0.77) | (3.81) | (0.44) | (3.27) | (2.40) | (0.80) | (4.11) | (0.71) | (0.59) | (3.32) | (0.72) | (0.79) | (1.60) | (1.86) | (1.56)
SoarseliD | 42:96 | 6330 | 73.32 | 78.00 | 85.76 | 84.82 | 26.38 | 54.27 | 79.45 | 30.29 | 56.77 | 78.03 | 55.53 | 72.20 | 85.65
s (5.85) | (3.62) | (1.09) | (3.28) | (0.62) | (2.46) | (1.31) | (1.19) | (0.76) | (5.92) | (3.42) | (1.23) | (2.56) | (3.53) | (1.03)
Vanilla | 9031 | 57.51 | 58.53 | 69.01 | 71.36 | 72.22 | 56.02 | 78.19 | 86.40 | 58.77 | 75.95 | 81.36 | 65.42 | 79.18 | 83.11
(2.55) (337) (090) (449) (0.84) | (1.46) | (1.39) | (0.23) | (0.43) (306) (0.43) | (0.52) (092) (037) (0.87)
| 7 ] 11 | 9 | 1w | 7 | 9 | 1 | 9 | 11 | | 1
o 72.30 | 76.62 8028 86.15 | 90.61 | 90.28 | 89.36 | 92.15 | 94. 17 85.69 | 92.95 | 93.08 | 88. 12 92.58 | 93.48
" 1(2.50) | (1.59) | (0.48) (1.39)|(0.98) | (0.65) | (1.74) | (0.49) | (0.37)|(0.47)| (0.14)| (0.15) | (0.26) | (1.25) | (0.87)
Table 6.2: Quantitative information of the datasets
Dataset ‘ # features ‘ # classes ‘ # training size ‘ 7 test size ‘ Description

CARDIO3 ‘ 21 ‘ 3 ‘ 1700 ‘ 426 ‘ Cardiac Signals Classification

CARDIO10 ‘ 21 ‘ 10 ‘ 1700 ‘ 426 ‘ Cardiac Signals Classification
MNIST | 784 | 10 | 60000 | 10000 |Handwritten Digit Recognition
ISOLET | 617 | 26 | 6238 | 1559 | Speech Recognition
UCIHAR | 561 | 6 | 7352 | 2947 | Human Activity Recognition
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tain detailed experimental results and parameter information. Specific details are pro-

vided below.

6.5.1 Datasets

We test our methods and state-of-the-art methods on 5 benchmark classification datasets.
CARDIO3 and CARDIO10: CARDIO [116] is a dataset designed for in-depth re-
search on cardiac signals. It provides tools to load and process ECG signals and includes
predefined workflows for training models and performing inference. This dataset is often
utilized for detecting PQ, QT, QRS segments, and calculating heart rate.

MNIST: The MNIST dataset [117] is a reference for handwritten digit recognition
tasks. It contains grayscale images of digits ranging from 0 to 9 and is widely used in
machine learning and deep learning research to evaluate image classification algorithms.
ISOLET: The ISOLET dataset [118] is designed for speech recognition tasks, specifi-
cally to classify spoken letters of the English alphabet. It provides acoustic data collected
from multiple speakers and is commonly used to develop and test audio classification
models.

UCI HAR: The UCI Human Activity Recognition (UCI HAR) [119] dataset focuses
on identifying human activities using data collected from wearable sensors. It has been
widely used in machine learning to study time series data and activity recognition ap-
plications.

The quantitative information of these data is shown in Table 6.2.

6.5.2 Baselines

A variety of HD baselines in multiple dimensions are used as the baselines in our experi-
ments. Specifically, since our method operates in the Hilbert space, all high-dimensional
settings are chosen as powers of 2 for a fair comparison. The baselines used include
Vanilla HD, AdaptHD, DistHD, CompHD, NeuralHD, SparseHD, QuantHD, LeHDC,
and OnlineHD, with dimensions {128, 256, 512, 1024, 2048, 4096, 8192}. These corre-
spond to our method operating with {7, 8, 9, 10, 11, 12, 13} qubits, respectively.

6.5.3 Platforms

The proposed Quantum-StateHD is implemented in both classical and quantum-dependent
environments. Specifically, our approach is implemented in a classical environment us-
ing the PyTorch framework, while the related baseline approach is done with the help

of the TorchHD [120] library. In a quantum environment, our approach is implemented
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through IBM’s Qiskit platform [121], leveraging its quantum computing resources and
simulation capabilities.

In order to ensure the comprehensiveness and reliability of the experimental results,
we conduct several tests and comparative analyses on the performance of all methods in a
classical environment, focusing on evaluating the accuracy, stability, and computational
efficiency of the methods. In addition, we compare the performance of our methods in
classical and quantum environments and analyze the influence of different environments
on the performance of our methods. The dual-environment test validates the adapt-
ability and robustness of our approach while highlighting the potential advantages and

limitations of quantum computing for specific tasks.

6.6 Results

6.6.1 Convergence
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Figure 6.4: Comparison of training processes between different models and implemen-
tations (case on CARDIO3 with dimension 128 or qubit 7)

Figure 6.4 illustrates the relationship between training accuracy and epochs, compar-
ing the performance of four methods: LeHDC, OnlineHD, Ours (Original) implemented
in a traditional Python environment, and Ours (Qiskit) implemented. Among these,
Ours (original) achieves the best performance, with training accuracy rapidly increasing
to nearly 100% within the first 5 epochs and maintaining this level throughout. Ours
(Qiskit) also performs exceptionally well, showing a steady improvement in accuracy
and finally surpassing OnlineHD, reaching greater than 95%. While OnlineHD achieves
high accuracy early on, it slightly underperforms compared to Ours (Qiskit) in the later
stages. In contrast, LeHDC shows the weakest performance, with the accuracy gradually
increasing and only reaching around 80% at the end. Overall, both Ours (Original) and

Ours (Qiskit) demonstrate outstanding performance, with Ours (Original) achieving the
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highest accuracy and Ours (Qiskit) ultimately outperforming OnlineHD with its stable
and reliable improvement. In general, our method demonstrates remarkable stability
and rapid convergence during multiple training iterations, consistently outperforming

other approaches in terms of both accuracy and training efficiency.

6.6.2 Accuracy

Table 6.1 shows the classification performance of various algorithms in five datasets
(CARDIO10, CARDIO3, ISOLET, MNIST, UCIHAR) and different feature dimen-
sions (128, 512, 2048). In general, as the dimension increases from 128 to 2048, the
classification accuracy of all methods generally improves significantly, indicating that
high-dimensional feature representation plays an important role in improving the classi-
fication effect. In comparison of different methods, the method proposed by our model
performs best in the combination of various datasets and dimensions, showing a strong
classification ability. For example, on the MNIST dataset, our method achieves 95.51%
accuracy at 2048 dimensions, which is significantly higher than other methods. In the
UCIHAR dataset, our method achieves an accuracy of 93.48% at 2048 dimensions, also
much ahead of other methods. In the ISOLET dataset, our method also leads with an
accuracy rate of 92.15%, but OnlineHD performs well on this dataset, reaching 92.47%.
In contrast, traditional methods such as AdaptHD and DistHD perform well on some
datasets (such as ISOLET and CARDIO10), but are still slightly inferior overall, while
CompHD and QuantHD have mediocre classification performance and significantly lower
accuracy on multiple datasets. Overall, our method shows strong generalization and sta-
bility, especially in the case of high-dimensional features, reflecting a breakthrough in
the processing power of complex datasets.

In addition to implementing our algorithm with PyTorch, given that our algorithm
involves quantum states and quantum coding, we also deployed it on IBM’s Qiskit
platform. The main difference between the two is the way the quantum states are
implemented and fidelity calculations. Specifically, the implementation in the Qiskit
platform stores and calculates quantum states through the state form in Qiskit. There
are some differences in the results obtained by the two implementation methods, as
shown in Table 6.3 .

The table presents the performance on the CARDIO3 dataset, with the seven dimen-
sions indicating the number of quantum bits used in Qiskit, as shown in parentheses.
Although both methods show good performance across different dimensions, the overall

results are quite comparable. Therefore, our method demonstrates strong performance
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in both environments.

Table 6.3: Accuracy comparison between different platforms (case on CARDIO3)

128(7)|256(8)[512(9)[1024(10)|2048(11)[4096(12)(8192(13)
Qiskit |86.38[88.26 [91.07| 90.37 | 89.90 | 90.84 | 90.37
Classical| 86.15 | 87.09| 90.61 | 90.31 | 90.28 | 90.28 | 90.84

6.6.3 Time Consumption

Table 6.4: Time consumption (in seconds) per epoch of different models at various
dimensions. (case on CARDIO3 Ours-C means calculate the similarity traditionally)

512(9) | 1024(10) | 2048(11) | 4096(12) | 8192(13)
Vanilla [0.0520| 0.0626 | 0.102 | 0.2988 | 0.543
OnlineHD |0.0595| 0.0832 | 0.0965 | 0.1001 | 0.120
LeHDC [0.0951| 0.108 | 0.194 | 0.349 | 0.727
CompHD [0.0522| 0.0606 | 0.107 | 0.316 | 0.626
Ours-C | 0.130 | 0.195 | 0.221 | 0.256 | 0.457

To compare the complexity of our proposed method with existing approaches, we
intuitively observe time consumption as a key metric. Table 6.4 presents the time con-
sumption per epoch (in seconds) for different models in various dimensions, using the
CARDIO3 dataset as a case study. Our proposed method shows a higher time con-
sumption compared to some existing approaches. However, it is important to empha-
size that the increase in time consumption is not exponential. This validates that the
computational complexity of our method on classical platforms remains comparable to
current approaches and meets the low-complexity requirements of HDC. Furthermore,
it is worth noting that if our method is implemented on actual quantum hardware or
platforms, the time consumption is expected to decrease exponentially. This is due to
the inherent advantages of quantum computing, such as parallelism and superposition,
further demonstrating the potential efficiency improvements that can be achieved in

future quantum implementations.
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6.7 Conclusion

In this chapter, a hyperdimensional computation algorithm based on quantum state
encoding is proposed. With this algorithm, hyperdimensional information of features
can be extracted more efficiently. We both verify it theoretically and implement it
in two ways: one in a classic Python environment, and the other experimentally in a
Qiskit environment. The experimental results of the two implementation methods on
different datasets are comparable to or even better than current mainstream state-of-
the-art hyperdimensional computing algorithms. However, the experimental effect of the
algorithm relying on the Qiskit environment is slightly different from that of the classical
method, which may be due to the difference in simulation accuracy and the randomness
of quantum simulation itself, so it is necessary to obtain a more accurate average value
through multiple statistics. In addition, the storage and computing resources required by
the method in quantum space are much lower than those of traditional hyperdimensional
computing, and the reduction advantages are exponential. However, in both original
Python and Qiskit environments, our experiments are based on simulations. In the

future, we will aim to implement and test this approach in a real quantum environment.
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7.1 Overview

In Chapter 6, we have gained a certain understanding of hyperdimensional comput-
ing. Hyperdimensional Computing (HDC) is a robust computing framework inspired by
human cognition, characterized by performing simple and efficient operations in high-
dimensional vector Spaces. We have also proved the feasibility of conducting high-
dimensional computations in Hilbert space in Chapter 6. However, only theoretical
calculations and simulations on traditional devices were carried out, but an end-to-end
quantum-level high-dimensional calculation was not achieved. This chapter proposes
quantum-enhanced Hyperdimensional Computing (QeHDC), which extends the classi-
cal HDC by leveraging the properties of quantum mechanics to enhance computational
efficiency. In this chapter, we propose a novel quantum HDC framework, which adopts
a one-time training method and effectively projects classical data onto quantum ampli-
tude states by using sine and quantum coding. This part is also explained in Chapter 6,
but we made relevant improvements. Our framework introduces an innovative quantum
binding operation based on reference states, which is implemented through quantum
circuits. Furthermore, we propose a superclass generation strategy based on the density
matrix, which effectively extracts key quantum state features by using eigenvalue de-
composition, thereby achieving a more accurate and robust class representation. Exper-
imental evaluations conducted on standard benchmark datasets indicate that, compared
with traditional classical and existing quantum enhancement methods, our method has
superior performance, robustness to noise, and computational feasibility. The results
highlight the practical advantages and potential of quantum HDC in quantum enhanced
classification tasks and pave the way for the future development of quantum-inspired
computing paradigms.

Among them, in the related work and basic knowledge sections, although they are
similar to many parts of Chapter 6. In order to be able to read this chapter independently

better, we still re-describe the relevant content.

7.1.1 Problem Statement

Hyperdimensional Computing [98], also known as Vector Symbolic Architectures [122],

is a computational paradigm that leverages high-dimensional (typically larger than
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10,000 dimensions) vectors for information representation, processing, and learning. In-
spired by cognitive science and neuroscience principles, HDC aims to mimic how the
human brain encodes, stores, and retrieves information by operating in high-dimensional
space. Instead of using traditional low-dimensional numerical representations, HDC uses
high-dimensional vectors. Each vector represents a concept in a distributed way.
Information is processed through algebraic operations. These include bundling
(element-wise addition with normalization), binding (component-wise multiplication or
XOR), and permutation (reordering of dimensions). These operations allow HDC to
efficiently perform classification, pattern recognition, associative memory, and tempo-
ral sequence modeling tasks. One of the key advantages of HDC is its robustness to
noise, as high-dimensional representations inherently provide redundancy and fault tol-
erance, making it well suited for real-world applications with noisy data. In addition,

HDC is computationally efficient because it relies primarily on vector arithmetic rather
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Figure 7.1: Conceptual representations of high-dimensional computing (HDC) across
three paradigms. (A) Brain-inspired representation and associative reasoning;(B) Clas-
sical computing using binary or hypervector structures;(C) Quantum-enhanced HDC
utilizing quantum states and Bloch sphere representations for encoding and binding.

than complex matrix operations, making it well suited for low-power, real-time, and
edge computing scenarios such as embedded systems, IoT devices, and neuromorphic
computing platforms. Unlike traditional deep learning methods that require extensive
training using backpropagation and gradient descent, HDC can learn through a fast,
one-time encoding and updating mechanism, which makes it particularly effective for
applications with limited training data.

Although HDC has demonstrated substantial advantages, it still faces serious com-
puting and storage bottlenecks with the increase in data complexity and scale. There-

fore, using quantum enhancement to break through the traditional architecture and
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mechanism of HDC is the motivation for this study.

QeHDC breaks through traditional architectural limitations via three core mecha-
nisms. Dimensional Compression: Quantum states utilize the geometric properties
of the Bloch sphere to represent traditional vector space. By using only loga N qubits,
they achieve the same representation capability as classical high-dimension spaces while
enabling exponential dimensional compression. Computational Architecture: Quan-
tum Circuit replaces traditional O(N?) complexity matrix operations with quantum gate
operations based on unitary evolution. Through superposition-based parallel processing
and entanglement gates, these circuits facilitate efficient feature interactions. Repre-
sentation transformation: Quantum system overcomes the constraints of classical
linear algebra by constructing nonlinear entangled states using quantum circuits. By
leveraging quantum interference effects, they achieve superlinear coupling between fea-

tures, enhancing the interaction dynamics beyond classical approaches.

7.1.2 Main Contribution

Based on the above challenges and motivations, our proposed Quantum-enhanced hy-

perdimensional computing mainly achieves the following contributions.

e First, we introduce a two-step hybrid encoder. It initially maps the original
data features into a high-dimensional space using random projection and trigono-
metric transformations. Then, it expresses the high-dimensional vectors in Bloch
space using only a few qubits. This implicitly reduces the dimension of data rep-
resentation. The proposed encoding method lowers the computational resources
overhead required for data processing while making data encoding more suitable

for quantum computing implementation.

e Second, we develop an innovative Quantum Binding operation called Referencec-
State-Based Quanutm Binding. Traditional HDC binding operations often
rely on simple XOR, circular convolution, or Hadamard product. In contrast, our
quantum binding and bundling approaches leverage a predefined quantum refer-
ence estate as a binding anchor. By designing specialized quantum circuits, such as
the controlled rotation gate (CRX) and the entanglement gate (CX), our method
achieves a more efficient data association and representation. This reference-state-
based binding not only enhances the expressiveness of high-dimensional vectors but
also provides a natural operation mode that is well-suited for quantum hardware

implementation.
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e Third, we propose a Density-Matrix-Based template state construction method,
known as Density-Matrix-Based Superclass Generation. This method de-
composes the density matrix of quantum states and selects key feature vectors
to construct a representative template state (SuperClass) for each class. By cap-
turing core features from the data more accurately, this approach improves the

model’s robustness and classification accuracy.

e Additionally, we built a complete classification experimental verification system
based on the IBM quantum computing framework Qiskit. First, we complete the
classification experimental modeling in high-fidelity quantum noise environment
in Qiskit Aer Simulator. We then carry out further confirmatory experiments on a
small sample of physical qubits (QPUs) on IBM processors. It is worth noting that
despite the essential differences in the calculation principle and noise environment,
we still get the corresponding results. This fully proves that this scheme has a
unique cross-platform adaptability, which can not only validate and optimize the
algorithm in the existing classical computing system but also seamlessly connect

with the quantum computing unit in the NISQ era to realize prototype verification.

Through these innovations, our QeHDC approach overcomes the efficiency bottleneck
of traditional HDC when processing large and complex data. It provides a new idea
and a feasible solution for the practical application of quantum computing in machine

learning.

7.1.3 The Outline of the Chapter

The remaining parts of the Chapter is organized as follows. Section 7.2 presents the
background, including HDC-related work and quantum computing basics. Section 7.3
introduces the overview framework of our proposed method and detailed designs of
each component. Section 7.4 shows the experiments set-up and data in detail. Section
7.5 provides the results on classification tasks and the comprehensive evaluation of our
approach. The final section 7.6 concludes the Chapter 7 and envisions the direction of

future work.

7.2 Backgroud

7.2.1 Hyperdimensional Computing

HDC is originally conceived in the 1990s as cognitive models that depend on very high

dimensionality and randomness [98]. It is inspired by the way the human brain repre-
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sents and processes information. HDC has the advantages of robustness, fault tolerance,
and efficient parallel computing by using high dimensional random vectors to represent
and process information [123]. In recent years, with the rapid development of ar-
tificial intelligence and computing hardware, HDC has regained widespread attention
from researchers. In 2017, Rahimi et. al. proposed HDC for machine learning tasks,
demonstrating its high efficiency and low complexity in simple text classification [124].
Subsequently, Hersche et al. evaluated a variety of HDC coding strategies in the motor
imagination classification of EEG, demonstrating high energy efficiency on embedded
devices [125].

In recent years, many innovative HDC methods have emerged. AdaptHD [102]
can dynamically adapt to data changes and effectively deal with non-stationary data
environments. The real-time incremental learning framework built by OnlineHD [103]
can support continuous updating of streaming data tasks. In terms of representation
optimization, CompHD [104] adopts a composite coding strategy to enhance feature
interaction, LeHDC [101] optimizes high-dimensional space mapping through the learn-
able embedding mechanism, and NeuraldHD [106] deeply integrates a neural network
architecture to achieve joint representation optimization. In the field of computational
efficiency optimization, the dynamic coding technology designed by DistHD [99] not
only improves accuracy but also strengthens noise immunity. QuantHD [100] adopts low
bandwidth representation to significantly reduce the storage overhead on the premise
of ensuring performance, while SparseHD [105] reduces the computational complexity
based on sparse coding theory. For specific application scenarios, BioHD [126] devel-
oped a biometric coding protocol to enhance the sensitivity of genome analysis. The
graph structure coding operator constructed by GraphHD [127] highly improved the
accuracy of node classification and SecureHD [128] ensured the privacy of medical data
processing through the homomorphic encryption protocol. In terms of application, HDC
has been widely used in a variety of complex tasks in recent years, including biologi-
cal signal analysis [129, 130], natural language processing [131], robot perception and
navigation [132, 133], and remote sensing image processing [134].

In summary, HDC is gradually becoming an important research direction in the field
of artificial intelligence due to its computational simplicity, robustness, and compatibility
with emerging computing architectures, especially in the context of quantum computing

convergence, which has a broader prospect.
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7.2.2 Quantum Computing Basics

Quantum computing is a computational model based on the principles of quantum
mechanics, which uses qubits as the basic computing unit. Unlike classical bits, which
exist strictly in either 0 or 1, qubits can both be in state |0) and |1). Qubits can exist

in a superposition [124] of both states, represented mathematically as:
) = a|0) + B]1) ,where o, B € C, |af* + [B]* =1 (7.1)

a and (B are the amplitudes of the complete complex probabilities, indicating the
probabilities of obtaining |0) and |1), respectively, when measuring. Due to the exis-
tence of superposition states, quantum computing can simultaneously process multiple
computation paths in the most exponential level of state space, thus increasing comput-
ing power.

Non-local correlations can be formed between multiple qubits through entanglement,
where the measurement of one qubit instantaneously affects the state of the other one,
even if they are far apart. For example, the Bell State [135] of two qubits is one of

the most basic entangled states:

00) + [11)
V2

Entanglement is particularly important in high-dimensional computing because it al-

o+) = (7.2)

lows data to form more complex relationships between multi-qubit systems, improving
the ability to represent information. Quantum computing manipulates qubits through
a series of quantum gates, which are unitary transformations that guarantee the re-
versibility of quantum information. Typical quantum gates include the Hadamard gate
(H), Pauli-X (bit-flip) gate, rotation gates (RX, RY, RZ), and controlled gates such
as controlled-NOT (CNOT or CX gate), which flip the state of a target qubit condi-
tioned on the state of a control qubit. For example, the widely used H gate generates

superposition states from computational basis states:

0) +[1) _10) —11)
S HIy =S (7.3)

Moreover, practical quantum systems typically cannot be described completely by pure

H|0) =

states due to noise and environmental interaction. Thus, introduce the concept of den-

sity matrices. A density matrix [136] is a generalized mathematical tool used to
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represent mixed states (statistical ensembles) of a quantum system:
PZZPHQM (il Zpizl (7.4)
i i

where p; represents the probability that the quantum system exists in the state ;.
Density matrices are crucial for quantum computing tasks involving statistical modeling
and noisy environments, providing a powerful way to encode complex statistical infor-
mation beyond pure-state representation. In this chapter, the density matrix method
is used to construct the Superclass vector, and the core information of the class is ex-
tracted by feature decomposition to improve the classification model’s generalization
ability. Finally, information encoded in quantum states is obtained through the oper-
ation of measurement. Measurement collapses the quantum superposition into one
of the classical basis states with probabilities determined by the amplitude squared of
each basis state. Specifically, measuring a qubit |¢)) = «|0) + 3 |1) yields outcomes with
probabilities:

P(0) = lal?,  P(11)) = 8P (7.5)

In our study, measurement is used in the classification decision process of quantum
high-dimensional computation. The data features of hyperdimensional representation
are extracted by measurement, and the final pattern recognition task is performed using
the classical computational framework. In summary, quantum computing provides the
most new information representation and computation framework; through the super-
position of quantum states, entanglement, statistical representation of density matrices,
operation of quantum circuits, and measurement mechanisms, it can enhance the feature
representation of hyper-dimensional computing. Based on these quantum properties, a
novel Quantum-enhanced Hyperdimensional Computing (QeHDC) method is proposed

to encode, bind, and classify high-dimensional data more efficiently.

7.3 Quantum-enhanced Hyperdimensional Computing

In this chapter, we propose a Quantum-enhanced Hyperdimensional Computing (Qe-
HDC) system that leverages quantum computational properties to enhance the efficiency
and expressiveness of classical HDC. The system comprises four core modules. First, a
2-step classical-quantum hybrid encoder transforms classical data into quantum states.
Then, a Quantum HD Operator performs HDC operations like binding and construc-
tion using quantum circuits. Superclass construction builds a density matrix over bound

states and extracts features via eigen-decomposition. Finally, classification is achieved
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Figure 7.2: The overall structure of QeHDC Framework

by comparing input states with learned superclasses using quantum state fidelity. We
will introduce each of these parts in detail below. Before that, we define a system input
sample as:

D = (Xi,yi)i (7.6)

where X; € R? is the feature vector of dimension d and y; is the class label, typically

encoded as a categorical variable.

7.3.1 2-step Hybrid Encoder

The core of the coding process is to efficiently map classical eigenvectors to quantum
states while preserving the structural information of the input data. The first step is a
classical transformation. Given a classical input vector X € R%, we perform a random
projection using a randomly initialized weight matrix W € R™¢, where n = 2Naubits

represents the target quantum dimension. The transformation is computed as:
Z=WX (7.7)

To introduce nonlinearity and phase variation in the coding process, we introduce a bias
term B € R™ whose values are uniformly sampled from the interval [0,27] forming a
transformed projection:

Z'=7+B (7.8)

To convert the projected values into quantum-compatible complex-valued presen-
tations, we Then, the real part and imaginary part are mapped separately using the

sinusoidal transformations:
Do = cos(Z")sin(Z), Pim = sin(Z')cos(2) (7.9)

This formulation which we called Cross-Multiplicative achieves the same uniform

phase angle distribution while using only single weight matrix, making it the most effi-
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cient approach (See Appendix A for explanation) The final quantum state representation

is given by:
(I)re + 7:(I)im

 [[®re + iPim|

Compared to other encoding schemes, this approach ensures a well-distributed represen-

(7.10)

tation in the complex space, enhancing separability and stability in quantum computa-
tion. Further theoretical analysis, including its impact on data distribution, is provided

in Appendix 9.1.

7.3.2 QeHDC Operation

Quantum operations form the core of our method by enabling transformations and inter-
actions between encoded quantum states. Once classical data is converted into quantum
representations via Cross-Multiplicative Encoding, a set of quantum operations is ap-
plied to enhance, bind, and extract relevant information. The goal of these operations
is to exploit quantum properties such as superposition and entanglement to improve
computational efficiency and feature representation. We focus on the binding oper-
ation, which is critical in representing relationships between encoded quantum states.
Unlike classical models that rely on matrix multiplications or convolutional operations,
our approach leverages quantum state interactions to achieve a compact and efficient
representation of information.

In the Quantum hyperdimensional system, direct implementation of classical HDC
binding operation causes an exponential increase in the required qubits (See Appendix
9.2). To address this, we propose a specifically compressed binding method, employing a
quantum circuit for efficient information binding and compression. Consider the encoded

quantum state for a single input sample as :

2N 1
Din) = > aili), >l =1 (7.11)
=0 7

Also define a predefined reference quantum state as:

2N 1
Pret) = > Bild), DB =1 (7.12)
j=0 j

We initialize these two states into two separate quantum registers, each containing
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n qubits, resulting in the initial state:
|\Ilinit> = ‘@in> ® ‘q)ref> (713)

Next, we apply Controlled-RX (CRX) gates between each pair of corresponding qubits
(@i, @i+n) with rotation angle m/4:

CRX(7/4) = |0) (0| @ I +[1) (1] @ e7'5¥ (7.14)

At this point, the state evolves into:

n—1
) = T] ORX (w/4) [Wini) (7.15)
i=0
Subsequently, apply single-qubit RY rotations on each qubit in the reference register for

additional nonlinear compression:

RY (7/4) = e7'sY (7.16)

The state then becomes: .
") = [ RYi(x/4) | (7.17)

i=0

To further enhance the binding and compression effect, we add chain entanglement
operations (CX gates) within the reference register. The final highly entangled and

compressed quantum representation is:

Peomp) = [ CXgoq 197) (7.18)
{qa, 0 }€Q

Where @ = {n,n +1,...,2n — 1}. For all samples within the same class ¢ (assuming a
total of m samples), we perform the above binding and compression process individually,
obtaining:

1 2 m
{10 ) s U ohp) s [T} (7.19)

The binding circuit described above is a fully entangled structure, meaning any two
qubits in the latter half are directly entangled. The circuit for the example with 4
qubits is shown in Fig. 3.

We also employed some structures with lower complexity. Please refer to Appendix

9.3. Through these detailed steps, we achieve quantum state binding and compression
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Figure 7.3: Quantum Bind Circuit

at both sample and class level, significantly avoiding the exponential qubit resource in-
crease caused by the traditional classical HDC method. This approach holds substantial
potential and expansion possibilities in future practical applications. In our proposed
compressed binding method, we implement quantum state binding compression using
specifically designed quantum circuits. In our practical study, we employ two approaches

for realizing and verifying our quantum bound states:

e Ideal Quantum State simulation via the Qiskit Aer Simulator (no measurement

required)

e Physical experiments on IBM’s Quantum Processing Unit (QPU), requiring mea-

surement and quantum state tomography for reconstruction.

It should be noted that using the ideal state vector from the Aer simulator applies
only to theoretical analysis and algorithm validation. On real quantum devices (e.g.,
IBM QPU), measurement and quantum state tomography reconstruction are essential
steps. Our research encompasses both ideal simulations and real-device experiments
to comprehensively demonstrate both the theoretical performance and the practical

feasibility of our quantum binding algorithm.

7.3.3 SuperClass Template Generate

In our method, using the previously introduced compressed binding method, each class
contains numerous samples represented by bound quantum states. Therefore, from
multiple sample states with the same class, we must extract a representative and stable
quantum state, termed the SuperClass Template State. Suppose a class ¢ has m
data samples, after obtaining a holistic representation for the class, we need to com-

prehensively capture the statistical characteristics of these sample states. The quantum
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density matrix provides the ideal mathematical tool for this purpose:

m

1 7 A
Pc = E E ’\Ilcomp> <\I/c0mp’ (720)
=1

The density matrix p. is essentially a statistical representation of all bound states in class
c. It reflects information from all states and reveals intrinsic correlations among them.

221 % 22" To address the computational challenge

The density matrix has dimensions
due to dimensionality, we employ two strategies based on matrix dimension. Directly

construct the density matrix using standard methods and perform eigen-decomposition:

pe|dj) = Aldj) (7.21)

We choose the eigenvector corresponding to the largest eigenvalue Ay ax as the represen-

tative state for the class:

|q)'éemplate> = |¢max> 9 Pc |¢max> = >\ ’(bmaX) (722)

Through the described SuperClass template state generation approach, we effectively ex-
tract representative and stable class-level quantum representations from multiple bound

states.

7.3.4 Single-Pass Training

In our method, we use one-pass training. Thanks to the characteristics of the high-
dimensional computing framework, the model can be constructed with only one data
traversal, avoiding the computational cost and parameter tuning complexity caused by
multiple iterative optimizations in traditional machine learning methods. This approach
not only significantly reduces the occupation of quantum resources, but is more suitable
for the current environment with limited quantum hardware resources, and effectively
improves the actual deployment capability and generalization performance of the algo-

rithm.

7.3.5 Classification

In the classification phase, for each unseen classical data sample Xieqt, we first encode
it into a quantum state |®x, ) using the Cross-Multiplicative Encoding approach de-
scribed previously. Subsequently, the encoded state is bound to the same predefined

reference quantum state |®.f) via the compressed Binding process, obtaining a quan-
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tum bound state:
‘\I’test> = Z/{bind (|(I)xtest>a |(I)ref>) .

Classification is then performed by calculating the quantum state fidelity between the
(template)>
¢

bound test state |Wiesr) and each pre-computed SuperClass template state |¥
2
P (B 979) = (i

The class prediction for the test sample is obtained by selecting the SuperClass template
that yields the highest fidelity value:

¢ = argmax F (W), (W09 )
J

On ideal quantum simulators (e.g., Qiskit Aer), the fidelity is directly computed using
state vectors, whereas on real quantum hardware (e.g., IBM QPUs), quantum state
tomography is first performed to reconstruct the density matrix pgest. Subsequently,
fidelity is calculated as:
templat templat templat
F(Ptest7 |\I](ijp a e)>) _ <\I}(C:mp a e)’PtestN’(cjmp a e)>'

This quantum fidelity-based classification approach naturally leverages quantum co-
herence and quantum state similarity, providing robust, noise-resistant classification
performance that is particularly suitable for resource-constrained quantum computing

environments.

7.4 Experiments

In this section, we evaluate the performance and effectiveness of our proposed QeHDC
framework. We provide details on the datasets, quantum simulation, and hardware
environments, as well as the parameter settings shared across all experiments.

7.4.1 Dataset

We evaluate our method on three widely used datasets: ISOLET [118], MNIST [117],
and UCI HAR [119]. The quantitative details of the datasets are shown in Table 7.1.

The ISOLET dataset consists of spoken letter recordings, where each sample cor-

responds to one of the 26 English alphabet letters spoken by different speakers. Each
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Table 7.1: Quantitative details of the datasets

Dataset ‘# Features‘# Classes‘# Traing Samples‘# Test Samples

MNIST | 784 | 10 | 60000 | 10000
ISOLET | 617 | 26 | 6238 | 1559
UCIHAR| 561 | 6 | 7352 | 2947

instance is represented by 617 acoustic features. Due to its high-dimensional input and

large class space, ISOLET presents a challenging scenario for scalable classification. The

Table 7.2: Binary Classification Results (2 Classes) for Three Datasets by Method and
Dimension

ISOLET-2Classes MNIST-2Classes UCI HAR-2Classes

|
16D 32D 64D \ 16D 32D 64D
\

Method

16D 32D 64D
Vanilla 72.78+8.12 76.11£5.11 76.39+4.37 78.50+8.90 90.12+2.04 94.4740.92 60.15+1.64 67.63+2.12 70.70+2.79
AdaptHD | 67.50+£13.96  68.33+6.49 79.72+8.20 77.37£8.20 90.10+2.82 96.71+0.83 57.15+1.96 62.50+8.14 70.29+1.45
OnlineHD | 88.89+4.53  95.28+0.39 98.89+1.04 95.19+1.76 99.16+0.34  99.67+0.12 87.80+4.17  88.38+4.15 90.90£1.03

94.444:1.03 98.4940.38 99.0140.32 83.5242.98 87.5642.56 91.9741.35

NeuralHD | 86.3942.58 95.834+1.80 96.3940.79

CompHD 55.83+5.14 68.89+1.57 75.83+4.76 72.37+£12.39 87.42+7.31 90.76+2.61 57.05+5.21 68.05+2.05 64.84+4.27
SparseHD 66.9441.42 61.94+4.43 70.83+4.25 68.31+17.31 72.58+2.37 66.49+9.15 57.33+2.83 62.8446.95 68.39+4.71
QuantHD 55.00£3.60 75.56£6.85 74.17£1.36 70.50£19.59 83.04+0.60 82.81+6.94 55.33£5.70 61.67+12.14 67.56+6.21
LeHDC 59.44+5.15 56.39+1.04 65.00£5.31 51.06+5.21 61.61+1.58 67.30+11.97 52.36+2.04 55.05+0.83 53.43+£2.39
4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer 86.35+1.11 96.05+0.57 98.97+0.49 89.99+0.62 95.61+1.34  99.97+0.83 ‘ 87.59+1.36  89.72+1.43 92.04+0.26

MNIST dataset is a benchmark image classification task composed of handwritten digits
from 0 to 9. Each image is 28 x 28 pixels, flattened into a 784-dimensional vector. MNIST
is widely used for evaluating pattern recognition and machine learning algorithms.
The UCI HAR (Human Activity Recognition) dataset contains 561-dimensional fea-
ture vectors extracted from smartphone sensor signals. The data represents six human
activities (e.g., walking, standing, lying down) collected from multiple subjects. It is
a compact but structured dataset that tests the model’s ability to distinguish between
temporal movement patterns. These datasets vary in feature dimension, number of
categories, and sample complexity, providing different assessment environments. To in-
vestigate the extensibility of our model, we performed a classification task ranging from
2 classes to 10 classes, rather than using a complete set of classes (for example, all
26 letters in ISOLET or all 10 numbers in MNIST). We observed that the full class
classification task led to a significant decline in performance, so we adopted a progres-
sive evaluation strategy that better reflects the actual capabilities of current quantum

systems.
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7.4.2 Low-Dimensional HDC and Quantum Encoding

While our approach is inspired by traditional HDC, we intentionally work in a signif-
icantly lower dimension([16,32,64]) to reflect the limitations of current quantum hard-
ware. In the classical HDC literature, extremely high sizes (up to 10,000) are often
used to ensure robustness and orthogonality. In contrast, our QeHDC performs well
in low dimensions using the expressiveness of quantum states. For fair comparison, all
HDC baselines are also constrained to the same vector dimension. This highlights a key
difference in the design. While traditional techniques rely on the force dimension, our

approach seeks to preserve a quantum-efficient representation of core HDC principles.

7.4.3 Implementation Details

Experiments are conducted in the following environments:

e Qiskit Aer Simulator: [121] An ideal, noiseless quantum simulation environ-
ment used for baseline accuracy and fidelity evaluation. The majority of our ex-
periments are conducted using the Aer simulator, as it allows scalable, noise-free

validation of our method across different datasets and class counts.

e IBM QPU: [137]A small scale of experiments is deployed on real IBM QPU
backends to assess the practical feasibility of our framework under hardware con-
straints. Quantum state tomography is used to reconstruct output states due to
the non-availability of state vectors on real hardware. Basic error mitigation tech-
niques are applied where applicable. For comparison, the same scale and data
samples used on IBM devices are also evaluated using the Aer simulator to estab-

lish a controlled benchmark.

e Classical Baselines: For traditional HDC and classical parts of our methods,
we use TorchHD [138] implementations. All classical experiments are run on
a workstation equipped with a NVIDIA RTX A6000, GPU acceleration is used
for efficient batching in TorchHD. Dimensionality (16, 32, 64) is matched with the
quantum model, and all baselines are evaluated on the same training/testing splits

as the quantum system.

All quantum operations, including encoding, binding, and fidelity computation, are
implemented using Qiskit. State preparation and circuit compilation are optimized for
each backend. In real-device executions, we use 8192 shots and transpile circuits to

the native gate set of the selected backend. Fidelity measurements are obtained by
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reconstructing the output density matrices via tomography. Hyperparameters, such as
the number of qubits ({4,5,6}), repeats (5), and choice of reference state, are fixed across

experiments unless specified in dedicated analysis sections.

7.5 Results and Analysis

In this section, we present the key findings from our experiments. We focus on evaluat-
ing classification accuracy and the contribution of each core component in the QeHDC
framework. All results are organized by task complexity and dataset, followed by com-

parative studies to highlight the advantages and limitations of our approach.

7.5.1 Overall Performance

Table 7.2 provides a comprehensive comparison of our QeHDC framework against various
classical hyperdimensional computing (HDC) baselines, such as VanillaHD, AdaptHD,
OnlineHD, NeuralHD, CompHD, SparseHD, QuantHD, and LeHDC—across three bench-
mark datasets (ISOLET, MNIST, and UCI HAR) under different dimensional con-
straints (16D, 32D, and 64D). The dimensions in the classical methods correspond
respectively to quantum states encoded by 4, 5, and 6 qubits in our approach.

From these results, our QeHDC consistently achieves robust and superior classi-
fication accuracy. Specifically, on the ISOLET binary classification task, our model
demonstrates accuracy that increases significantly with the dimension, reaching 98.97%
at 6 qubits (64D), clearly outperforming all classical baselines except OnlineHD, with
which it achieves comparable performance. In the MNIST binary classification scenario,
our approach further excels, reaching an accuracy of 99.97% at 6 qubits—surpassing or
matching the best classical results. Likewise, for the UCI HAR dataset, which presents
complex temporal feature patterns, our QeHDC method attains an accuracy of 92.04%
at 6 qubits, which notably exceeds most classical baselines.

Importantly, even at lower-dimensional settings , our method maintains competitive
performance. This highlights the effective expressive capacity of our quantum-inspired
encoding and compression-based binding mechanisms. Such robust performance un-
der dimensional constraints is particularly relevant for near-term quantum computing
applications, where resource availability (e.g., number of qubits) is significantly limited.

Beyond binary classification tasks, our method also demonstrates promising results
in more complex multi-class classification settings, systematically evaluated from 3-class
up to 10-class problems. These additional experiments confirm that the QeHDC frame-

work consistently retains strong classification capability across increasing classification
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complexity and various datasets. Detailed multi-class classification results and further
analysis can be found in the Appendix 9.4.

Overall, these extensive experimental evaluations indicate that our quantum-based
HDC approach not only competes favorably against classical HDC methods but also

shows distinct advantages regarding efficiency, scalability, and robustness across different

classification scenarios.

7.5.2 Limitation Analysis

ISOLET (4 Qubits/16D): Classification Results for AdaptHD, Onlii UCI HAR (4 Qubits/16D): Classification Results for AdaptHD, OnlineHD, NeuralHD
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Figure 7.4: Mean classification accuracy of AdaptHD, OnlineHD, NeuralHD, and
QeHDC-Aer on (a) ISOLET and (b) UCI HAR datasets with varying numbers of classes.

From the figures Fig. 7.4a and Fig. 7.4b, it is evident that our proposed Quantum
Hyperdimensional Computing framework (QeHDC-Aer) consistently demonstrates sta-
ble and superior classification accuracy, around 90%, across varying classification com-
plexities (from 2-class up to 10-class scenarios) on both ISOLET and UCI HAR datasets.
In contrast, classical methods such as AdaptHD experience significant accuracy degra-
dation and instability as the number of classes increases, highlighting the robustness of
our approach under more complex classification tasks. Moreover, our method achieves
performance comparable to, or better than, top-performing classical methods like On-
lineHD and NeuralHD, especially notable on the UCI HAR dataset. Other classical
baselines (e.g., VanillaHD, CompHD, SparseHD) fail to maintain satisfactory perfor-
mance at such low-dimensional settings, indicating difficulty in handling complex tasks
under limited dimensional constraints. These results clearly demonstrate the strong gen-
eralization capability and scalability of our QeHDC framework, emphasizing its advan-
tage over classical HDC approaches in low-dimensional, resource-constrained quantum

environments.

7.5.3 Aer Simulation and IBM QPU

To evaluate both the ideal performance and practical feasibility of our proposed QeHDC

framework, we conduct experiments using the Qiskit Aer simulator and IBM Quantum
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Table 7.3: Small-batch Classification on UCI HAR (4 Qubits)

Method ‘# Qubits‘# Train‘# Test‘Accuracy‘Fidelity (to Aer Ideal)
QeHDC-Aer | 4 | 50 | 20 | 0.80 | 0.98
QeHDC-QPU| 4 | 50 | 20 | 075 | 0.87

Processing Units (QPUs). The Aer simulator provides a noise-free quantum environ-
ment with access to full quantum statevectors, allowing us to assess the expressiveness
and fidelity of our model under ideal conditions, free from decoherence and gate im-
perfections. In contrast, IBM QPUs introduce realistic limitations such as noise, qubit
connectivity constraints, and readout errors, offering a platform to validate the frame-
work under physical quantum computing constraints.

On the Aer simulator, we observed high fidelity and classification accuracy for the
quantum states generated after binding and template construction. These results vali-
date the theoretical soundness of our encoding, binding, and template generation pro-
cedures. Specifically, the fidelity between the ideal post-binding statevector and the
density matrix reconstructed via simulated tomography consistently exceeded 0.98, con-
firming the accuracy and stability of our tomography pipeline in a noise-free setting.

Quantum State Tomography (QST) plays a critical role in real-device testing where
full access to quantum states is unavailable. By preparing and measuring the same quan-
tum state across multiple bases and statistically reconstructing its density matrix, QST
enables us to recover the output state from QPU measurements and perform fidelity-
based classification. In our workflow, the test state is first encoded and the binding
circuit is executed on the QPU. The resulting measurement data is then used to recon-
struct a density matrix via QST, from which we extract a quantum representation that
is compared with the stored SuperClass template to perform final classification.

Due to the significant cost and scaling complexity of QST and QPU, where the
number of measurement circuits increases exponentially with the number of qubits. We
adopted a small-batch testing strategy. Combined with device runtime constraints, this
makes full-scale experiments infeasible on current hardware. As a representative case,
we selected a small batch from the UCI HAR dataset (4-qubit setting), training on 50
samples and testing on 20. We redo this experiment for 5 times and get the average
results in Table 7.3.

These results indicate that even under real noise, the quantum states reconstructed

from the QPU retain sufficient structure to support meaningful classification, with fi-
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delity and accuracy close to ideal conditions. Notably, the difference in fidelity between
the QPU and simulator also quantifies the impact of hardware noise on the final inference
performance.

The examples of our binding circuits, representative tomography circuits, and visual
comparisons of ideal and reconstructed states are included in the Appendix 9.5.

Overall, this experiment validates the expressiveness of our method under ideal con-
ditions and its deployability on current meso-scale noisy quantum devices (NISQs), pro-
viding a practical basis and experimental experience for further expanding the QeHDC

model on more powerful quantum hardware platforms in the future.

7.5.4 Ablation Study

In order to evaluate the effect of the coding mechanism on the overall performance of
QeHDC systems, we conduct an ablation on the Quantum encoder. The objective of
this study is to analyze the effects of different coding strategies on the quality of class

templates and the final classification accuracy.

7.6 Conclusion and Future Work

In this chapter, a new framework Quantum-enhanced hyperdimensional computing (Qe-
HDC) is proposed, which combines the basic idea of traditional hyperdimensional com-
puting (HDC) with the ability to express quantum states. We design a classic-quantum
two-step hybrid coding mechanism and introduce a reference state-based compression
binding method to efficiently generate a compact high-dimensional quantum represen-
tation that can be used for classification tasks. At the same time, we construct a Su-
perClass template by means of density matrix decomposition, so that class abstraction
can be realized in quantum representation space.

Unlike traditional HDC models, which typically rely on tens of thousands of dimen-
sional vectors, our quantum scheme is able to operate in significantly low-dimensional
(e.g. 64-dimensional) spaces, and achieves competitive and even superior results on
multiple classification tasks. Experiments on ISOLET, MNIST, and UCI HAR datasets
demonstrate the effectiveness and robustness of the proposed method in simulated en-
vironments (Aer) and real devices (IBM QPU). Especially in the small batch test of
QPU, the model can still obtain high quantum state fidelity and classification accuracy
even if there is hardware noise, which indicates that the method has good usability and

deployment potential.
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In the future, we will promote our work from the following directions: On the one
hand, we will expand this method to more complex task scenarios (such as sequence
modeling, online learning), and explore the combination of quantum binding and class
incremental update mechanisms. On the other hand, to further optimize the compu-
tational cost of quantum state chromatography, or to design a more suitable reasoning
mechanism for the hardware structure to adapt to larger-scale quantum systems. In
addition, the introduction of learnable quantum encoders and differentiable template
generation processes is also expected to further enhance the integration of QeHDC with
deep architectures such as neural networks. With the continuous development of quan-
tum hardware, we believe that the framework proposed in this work will show its broad
application prospects in larger-scale scenarios and provide a solid foundation for building

the next generation of quantum cognitive computing systems.
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Chapter 8

Summary and Future Directions

Contents
8.1 Summary of Achievements . . . . . . . ... .. ... ... ... ..., 116
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8.1 Summary of Achievements

This dissertation systematically studies the integration mechanism of quantum com-
puting and machine learning, and applies it to key tasks such as remote sensing data

classification and high-dimensional computing, achieving the following main results:

e The theoretical basis of quantum machine learning has been established, covering
quantum feature mapping, variable component sub-circuit design, and a hybrid

modeling framework combined with classical tasks.

e The VSQL is utilized, which solved the problems of small samples and category
imbalance in remote sensing cropland classification and yield prediction. This
model combines the quantum shadow mechanism with the variational optimiza-
tion method and is significantly superior to the classical model in terms of gener-

alization ability.

e A hyperdimensional computing framework based on quantum mechanisms is con-
structed. For the first time, the mapping of core operations such as binding,
superposition, and superclass representation in classical HDC on the quantum
state space was achieved, and experimental verification was completed on a real

quantum platform.
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e The end-to-end experiments were completed on the IBM simulator and the real
QPU platform, and the system performance was evaluated on the real farmland
remote sensing dataset, verifying the advantages of the proposed model in terms

of accuracy, robustness, and data utilization efficiency.

8.2 Research Limitations

Research limitations Although this research has achieved positive results, the following

deficiencies still exist:

e The scalability of quantum hardware is limited: Current real quantum devices still
have limitations in terms of bit count, coherence time, and noise control, making

it difficult to support large-scale model deployment.

e The problem of circuit depth and vanishing gradients: The variable component
sub-circuits used may encounter the ”plain phenomenon” in deep structures, re-

sulting in low training efficiency.

e Theoretical understanding is still insufficient: Although the empirical results are
good, the strict theoretical proof of achieving quantum advantage in all learning

scenarios still needs further research.

8.3 Future Directions

Based on the achievements of this research, the subsequent work can be carried out

around the following directions:

e Enhance the scalability and noise resistance of quantum circuits to adapt to more

complex real quantum hardware in the future.

e Explore automated Quantum structure search methods, such as AutoQML or

Quantum NAS, for the optimal quantum circuit design of different tasks.

e Construct the generalization theoretical system of the quantum model, with a
focus on studying its performance mechanism under noisy environments and small

sample conditions.

e Expand to multimodal and cross-disciplinary remote sensing tasks (such as crop
prediction and pest and disease monitoring), as well as other fields like medical

imaging, bioinformatics and scientific computing.
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Conduct in-depth research on the interpretability and fusion intelligence mecha-
nism of the quantum-classical model to provide theoretical and technical support

for constructing trusted and interpretable hybrid intelligent systems.
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Chapter 9

Appendix

9.1 Parameter Usage Comparison

In QeHDC, the choice of encoding strategy significantly affects the phase angle dis-
tribution in the complex plane. It directly impacts the separability and expressiveness
of quantum states. This section compares and analyzes three sinusoidal transforma-
tion strategies: Single-Weight Cross-Multiplicative (our method), Dual-Weight Same-
Product, and Single-Weight Same-Product. We compare these methods with respect to

parameter efficiency, phase angle distribution, and normalization properties.

9.1.1 Phase Angle Concentration in Single-Weight Same-Product

In Single-Weight Same-Product Encoding, both the real and imaginary compo-

nents share the same weight matrix, defined as:
Re(¥') = cos(WX + B) - sin(WX), (9.1)

Im(¥') = cos(WX + B) - sin(WX) (9.2)
Since the transformation for both components is identical, their ratio remains constant:

Im(P")
Re(9")

=1 (9.3)
This results in all encoded data points having the same phase angle. Consequently, the

data distribution in the complex plane becomes highly concentrated, reducing the

effectiveness of encoding.
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9.1.2 Parameter Efficiency in Cross-Multiplicative Transformation

Single-Weight Cross-Multiplicative Encoding solves this issue by using a single weight

matrix while applying different transformations to the real and imaginary components:
Re(®) = cos(WX + B) - sin(WX), (9.4)

Im(®) =sin(WX + B) - cos(WX) (9.5)

This ensures a uniform phase angle distribution while minimizing parameter usage.
In contrast, Dual-Weight Single-Product Encoding requires two independent weight

matrices to achieve the same effect:
Re(¥") = cos(Wye X + B) - sin(Wy X), (9.6)

Im(¥") = cos(Winm X + B) - sin(Wi, X) (9.7)

While this method also maintains a uniform phase angle distribution, it doubles the

parameter count, increasing computational overhead.

9.2 Compressed Binding

This appendix provides a detailed analysis demonstrating that traditional binding meth-
ods used in classical HDC, such as element-wise multiplication or circular convolution,
lead to an exponential explosion in the number of required qubits when directly applied
to quantum systems. Although theoretically feasible to use quantum state amplitude
as classical high-dimensional vectors for binding, such an approach is practically infea-
sible in quantum hardware. Additionally, this approach has been explored in previous
studies, but predominantly through classical binding in classical HDC, which is usu-
ally defined via element-wise multiplication or XOR operation simulations rather than

quantum implementation. Consider 2 D-dimensional vectors:
A =lay,as,..,apl, B = [b1, by, ...,bp] (9.8)
Their binding result (element-wise multiplication) is expressed as:

C=A0oB= [albl,azbg,...,anD] (9.9)
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Consider 2 D-dimensional vectors:
A =[ay,19,..,ap], B = [b1,ba,...,bp] (9.10)
Their binding result (element-wise multiplication) is expressed as:
C = Ao B = [a1by,az2bs,...,apbp] (9.11)

This type of binding operation is efficient and easy to perform in a classical system, but
if it is implemented directly in a quantum system, it faces huge resource challenges.
In quantum system, a quantum state of n qubits represents a 2"-dimensional complex

vector:
2m—1

W)=Y al), Y laf=1 (9.12)

i=0
If we want to bind two quantum states using the traditional HDC binding method, we
first need to simultaneously represent two full D = 2"-dimensional quantum states in
the quantum computer. Each stare requires n qubits and the joint representation of two
states thus requires 2n qubits. If we bind £ quantum states, the toatal number of qubits

required scales as:
Qtotal =k-n

This implies that if we directly adopt traditional binding methods, adding each addi-
tional state linearly increases the required qubits. Given that each quantum state’s
dimensionality grows exponentially, total computational resources effectively explode
exponentially. Theoretically, we could directly use quantum state amplitudes as clas-
sical high-dimensional vectors for binding. However, this approach does not genuinely
leverage quantum computing advantages, as it simply treats quantum amplitudes as
classical data. Hence, it deviates from our quantum algorithmic context, failing to har-
ness quantum parallelism or the computational benefits of quantum superposition. It
is worth noting that previous studies have explored this ”amplitude-as-vector” binding
approach. Nevertheless, these studies typically relied on classical simulations rather

than actual implementations on real quantum hardware.

9.3 Bind Circuits Alternatives

Below, we describe two alternative entanglement structures of bind Circuits with lower

complexity than the fully-connected entanglement structure.

121



9.3.1 Linear (Chain) Entanglement

The circuit for the example with four qubits is shown in the figure.

q
q1

q2

a3

44 — Ry (m/4) Ry(m/4)

s Ry (m/4) Ry(m/4) —®

46 Ry (m/4) Ry(m/4) b

q7 Ry (m/4) H Ry (m/4) S,

Figure 9.1: Linear Entanglement Binding Circuit with 4 qubits.

In this structure which, qubits in the second half (indexed from n to 2n — 1) are
entangled sequentially in a linear (chain-like) configuration. Each qubit is entangled
directly with its immediate neighbor, resulting in a simpler, lower-complexity structure.

The unitary operator representing this structure is expressed as follows:

Ulinear = Uchain : Uparam (913)

where
2n—2

Uchain = H CXi,i—i—h (914)
and

n—1 -

pram = Y(—) CCRX(0:)i nsi - 1
U, g[R )0 CRX (0:)in+ (9.15)

9.3.2 Ring (Circular) Entanglement

The circuit for the example with four qubits is shown in the figure.

In this entanglement structure, the qubits in the latter half form a closed loop. Each
qubit is entangled directly with its neighbor, including an additional connection between
the first and last qubits to complete the ring. This structure is slightly more complex

than linear entanglement but simpler than the fully connected entanglement.
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q0
a1
q2
a3
44 — Re(7/4) Ry(m/4) D
] R, (m/4) Ry(m/4) &
7 Ry(m/4) Ry(m/4) S2
& Ry(m/4) — Ry(m/4) <>
Figure 9.2: Ring Entanglement Binding Circuit with 4 qubits.
The unitary operator for ring entanglement is expressed as:
Uring = Ucircle * Uparam (916>
where
2n—1
Ucircle = H CXi,((i—n—H) mod n)+mn> (917)
=n

and Uparam is as defined above.
Here, qubits indexed n to 2n — 1 form a circular chain, ensuring each qubit is entan-

gled with exactly two neighbors.

9.4 Complete Results for Classification

In addition to the two-class evaluations presented in the main text, we extend our exper-
iments to multi-class classification tasks with increasing numbers of classes. Specifically,
we conduct classification from 3 to 10 classes on the ISOLET and MNIST datasets, and
from 3 to 6 classes on the UCI HAR dataset.

These experiments follow the same QeHDC framework, using one pass training and
fidelity-based inference under fixed qubit and dimension configurations. Class-balanced
subsets are selected for each setting.

The goal is to evaluate the scalability and stability of our method under increasing
classification complexity. The results, summarized in the Table 9.1 to 9.8, show that
although accuracy naturally decreases as the number of classes increases, our method
maintains strong relative performance compared to classical HDC baselines, especially

under low-dimensional constraints.
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9.5 Tomography Circuits and Resconstructed State Com-

parison

This appendix illustrates the tomography process used in our quantum classification
framework, including representative tomography circuits and a comparison between the
ideal post-binding state and the reconstructed density matrix.

Figure 9.3, Figure 9.4, and Figure 9.5 show three example circuits generated by the
tomography module. These circuits correspond to different measurement bases required
for full quantum state reconstruction. To emphasize the core structure, all circuits are
presented in a cleaned form with the initialization components removed.

After executing all tomography circuits, we reconstruct the output density matrix
and compare it with the ideal quantum statevector obtained from the Aer simulator.
Figure 9.6 and 9.7 show the 3D cityscape visualizations of the complex amplitudes. The
real and imaginary parts of both the ideal and reconstructed states are shown side by
side for comparison.

As seen in the figures, the overall structure and amplitude distribution between the
ideal and reconstructed states are highly consistent, validating the effectiveness of our
QST pipeline even under limited measurement noise. These results demonstrate that
the reconstructed quantum states retain sufficient fidelity for classification, as further

supported by the numerical fidelity scores in the main text.

Table 9.1: 3-Class Results (ISOLET, MNIST, UCI HAR)

, | ISOLET-3Classes | MNIST-3Classes | UCI HAR-3Classes
Method
16D 32D 64D | 16D 32D 64D | 16D 32D 64D
Vanilla 56.85+6.04  65.37+2.73  TL.6T+5.90 | 54.90+7.66 76.18+4.68 83.34+2.26 | 47.85+2.16 54.20+129 54.63+1.98

AdaptHD | 54.81+10.82 63.89+7.26  75.37+4.48 | 55.36+11.27 71.804+6.06  83.53+1.92 | 45.93+5.30 46.84+4.49 55.06+4.18
OnlineHD | 86.854+5.45 94.814+1.89 97.414+1.39 | 74.96+8.72  83.15+2.88  94.534+0.41 | 65.66+7.46 77.34£5.70  83.75+2.21
NeuralHD | 86.48+2.28  93.89+0.79 97.5940.94 | 79.84+3.33  88.204+2.15  93.37+£1.14 | 68.42+3.57 77.72£0.51 84.67£1.83
CompHD | 52.78+7.74  63.334+2.36  68.15+4.12 | 49.66+3.36  59.93+1.56  75.29+1.62 | 45.06+1.18 46.07+£1.85 53.06+3.37
SparseHD | 51.48+5.00 61.484+7.61 73.33+7.86 | 44.46+£12.26 43.00£4.77 64.654+17.43 | 41.14£3.05 46.43+£3.78  51.43+3.60
QuantHD | 52.96+8.95 58.894+3.63 71.30+2.14 | 64.07+£5.01  67.10£5.01  67.92+1.87 | 38.02+8.45 44.974+3.41  50.54+5.82
LeHDC 46.67+7.07  48.15£2.73  53.89+9.50 | 44.554+5.35  53.21£5.02 57.91£11.07 | 37.66+0.65 38.624+2.94  42.78+2.03

4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer | 86.95+1.43 95.01+0.84 97.224+0.67 | 75.06+2.98 87.27+1.41 95.23+2.35 | 81.34+0.63 84.43+0.35 89.26+1.32

statevector

Go — 10) 0 x

q1 — 10) 1 isometry_to_uncompute_dg >

q2 — 10) 2 lzd

- -
—M—G—W A
o o3 -

0

qs = 10)

qs — 10)

1 isometry_to_uncompute_dg

2

Gs — 10)

5
c_tomo

Figure 9.3: Quantum State Tomography Circuit (Z bias)
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Table 9.2: 4-Class Results (ISOLET, MNIST, UCI HAR)

ISOLET-4Classes

MNIST-4Classes

UCI HAR-4Classes

Method
‘ 16D 32D 64D 16D 32D 64D 16D 32D 64D
Vanilla 43.75+6.49  59.03+6.33  65.83+0.59 | 47.17+2.89  62.33+3.42  75.81%£2.35 | 55.75+£4.70  62.74%£2.83  69.36+1.56
AdaptHD | 33.61+6.13  45.14+6.58  58.06+1.37 | 34.86+7.01 62.61+6.05 71.77£5.90 | 46.96+£9.54 51.244+8.91  65.87+5.50
OnlineHD | 79.44+2.60 84.17+1.89 94.58+0.68 | 61.32+3.67 78.00+2.44  87.53%+2.04 72.10£2.94  81.82+2.17  89.24+1.55
NeuralHD | 80.69+1.87 89.17+2.91  95.284+1.04 | 73.07+4.01 80.76+2.49  87.824+0.62 77.53+3.43  83.284+1.20 86.88+1.54
CompHD | 39.4440.71  46.534+2.60 59.72+5.40 | 37.90+£2.92 52.08+1.22  64.29+1.58 | 42.554+11.07 56.59+1.59  61.87+5.04
SparseHD | 42.08+3.25 41.944+4.82 61.67+5.31 | 35.54+4.85 37.40+4.10 38.354+10.15 | 39.94+3.58  50.66+2.50  56.37+4.04
QuantHD | 34.17+5.62  52.50+3.25  55.00+2.91 | 43.78+0.69 43.47+1.50  50.8547.99 32.144+6.62  52.48+2.35 60.21+£6.60
LeHDC 32.64+3.99  40.83+£2.57  38.33+£7.27 | 32.79£5.02 38.92+8.12  50.01+5.80 43.9145.97  40.47+£3.11  47.46+£1.29
4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer 80.14+1.28 90.98+1.32 96.34+1.82 | 68.87+1.69 81.48+1.82 88.87+0.64 | 78.32+1.61 84.91+1.71 89.47+0.73
Table 9.3: 5-Class Results (ISOLET, MNIST, UCI HAR)
, | ISOLET-5Classes MNIST-5Classes | UCI HAR-5Classes
Method
| 16D 32D 64D 16D 32D 64D | 16D 32D 64D
Vanilla 34.33+2.13  54.89+4.12  56.11+5.65 | 44.54+4.14  58.66+£3.18  71.174+3.59 | 47.2543.31 51.81£2.70  59.97+3.75
AdaptHD | 32.56+4.73 42.56+10.02 48.11+4.94 | 34.43+5.58  46.27+5.24  62.39+£11.57 | 32.45+4.27 49.07+£2.78  54.23+4.15
OnlineHD | 62.2243.45  78.44+0.79  87.00+1.25 | 53.30£10.33 76.50+£2.72  86.98+0.93 | 62.14+4.12  75.1943.11  84.67+1.73
NeuralHD | 70.78+4.36  80.33+1.96  88.78+0.87 | 69.59+0.80 79.67+3.36 86.95+1.38 | 71.44+3.02 79.52+1.56  82.85+0.54
CompHD | 31.224+4.01  36.89+4.31  46.67+0.72 | 38.79+6.67 48.76+£3.28  57.24+0.80 | 41.96+4.42 45.39+0.50 54.54+2.33
SparseHD | 23.78+3.50  38.78+0.57  44.78+2.78 28.71+2.32  30.85+3.36  35.12+3.32 33.87+£9.18  38.87+4.20  47.40+0.76
QuantHD | 24.2245.97  34.67+£4.23  50.11+5.12 29.78+£8.10  36.56+6.67  53.29+1.56 | 34.34+£1.32  43.62+5.63  44.48+3.34
LeHDC 25.674+2.42  31.33+£2.33  32.56+4.24 | 32.5443.07 30.31£3.60  30.73+5.82 27.62+£5.46  33.89+4.39  38.38+1.14
4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer | 72.39+2.73 85.49+1.28 91.37+0.64 | 65.734+2.34  75.26+2.49 87.04+1.30 | 74.944+0.87 81.92+0.85 88.15+0.29
Table 9.4: 6-Class Results (ISOLET, MNIST, UCI HAR)
. ‘ ISOLET-6Classes MNIST-6Classes UCI HAR-6Classes
Method
‘ 16D 32D 64D 16D 32D 64D 16D 32D 64D
Vanilla 38.70+3.46  53.06+£3.15  55.46+£2.93 | 44.58+3.79  47.49+5.53 57.42+2.79 | 36.91+4.12  46.08%+5.89  57.26+0.48
AdaptHD | 30.56+1.64  39.17+7.20 54.26+0.13 | 27.00£9.06  32.54+8.22  55.82+6.17 | 38.91+10.41 42.114£2.05 51.89+4.34
OnlineHD | 63.52+3.10  80.93+3.67 88.24+1.82 | 51.21+3.14  67.494+1.42 80.39+1.85 | 68.47+2.94 76.96+3.53 85.11+0.67
NeuralHD | 75.09£0.92  82.69+2.16 87.59+1.33 | 63.05+1.87 71.76+0.66 82.70+0.98 | 73.56+1.65 80.244+0.98  84.11+0.99
CompHD 29.4444.47  41.67£3.20 52.50£2.40 | 30.46£1.68  40.80+5.94 51.21+4.03 | 32.47+4.98 41.4247.17 51.95+3.16
SparseHD | 23.98+4.81 36.76+2.92 50.74+1.98 | 23.76+4.26  24.994+5.00 27.754+5.64 | 30.84+1.15 35.69+£3.96 41.78+4.06
QuantHD | 29.81+3.19  40.194+2.87  46.39+4.74 | 31.76£10.03 36.68+3.68  39.924+6.45 | 28.06+2.35 40.48+3.19  38.89+0.99
LeHDC 23.61£3.60  28.15+4.93  34.35+£4.67 | 25.86+£4.28 30.90£2.35 32.76+4.65 | 21.67+2.43 31.21+3.91 34.02+6.37
4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer | 76.43+3.59 84.944+2.46 90.53+1.35 | 62.45+1.84 73.18+2.47 84.41+1.28 | 73.85+0.66 81.05+0.60 86.22+1.75
Table 9.5: 7-Class Results (ISOLET and MNIST)
ISOLET-7Classes ‘ MNIST-7Classes
Method
16D 32D 64D | 16D 32D 64D
Vanilla 36.75+£7.88  47.9442.59  54.21+3.77 | 34.69+7.28 43.944+1.91 53.18+1.64
AdaptHD | 26.434+3.03 30.324+2.35 40.484+6.62 | 32.2846.47 30.57+4.43  54.224+2.76
OnlineHD | 67.144+1.47 80.71+1.85 88.73+1.63 | 50.60+3.36  63.90+1.21  80.04+1.12
NeuralHD | 71.514+0.59 81.754+3.34 87.704+1.81 | 52.95+2.54 71.00+1.94 80.43+1.30
CompHD 28.49+4.89  30.324+0.74  45.95+2.21 | 26.21+2.02 36.59+0.51  45.29+2.88
SparseHD | 24.9242.65 31.35+3.57 41.59+2.63 | 22.16+2.90 19.8442.22  25.70+4.52
QuantHD | 30.164+5.63 37.544+5.35 44.05+£4.60 | 25.844+4.11 31.9146.93  39.2946.00
LeHDC 20.48+3.41  22.1442.44  29.44+1.29 | 22.17+4.49 24.204+2.38  34.02+6.17
4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer | 72.57+1.43 87.45+1.49 90.19+1.49 | 57.62+2.39 72.88+1.98 82.07+2.03
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Table 9.6: 8-Class Results (ISOLET and MNIST)

ISOLET-8Classes

MNIST-8Classes

Method
| 16D 32D 64D | 16D 32D 64D
Vanilla 33.33+£3.96  40.4943.45 57.85+3.47 | 30.77+£1.49 43.19£3.33 58.51+1.72
AdaptHD | 27.504+1.53 37.71+6.78  46.67+7.04 | 24.16+1.67 33.92+5.43  47.44+7.57
OnlineHD | 65.4245.35 80.90+1.37 88.4740.39 | 42.0143.21 60.49+1.76  77.444+1.54
NeuralHD | 70.90+1.87 85.764+2.06 91.39+1.43 | 56.90+2.44 69.394+2.67 80.10+0.66
CompHD 25.354+0.55  32.85+0.94  42.57+4.53 | 24.5443.71 32.65+2.69  42.71+0.97
SparseHD | 17.504+4.36  30.00+4.34  35.1443.09 | 22.644+5.33 19.76+4.34  26.02+1.65
QuantHD | 18.614+4.03  30.624+2.86 39.79+1.84 | 16.57+6.14 37.694+0.89  39.404+2.17
LeHDC 16.32+£1.90 19.93+£1.82  28.1942.77 | 16.70+£4.37 23.32+1.14  29.05+3.52
4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer | 71.62+1.38 86.42+1.36 88.72+3.13 | 56.314+2.83 71.94+2.29 81.46+0.34
Table 9.7: 9-Class Results (ISOLET and MNIST)
Moethod ‘ ISOLET-9Classes ‘ MNIST-9Classes
| 16D 32D 64D | 16D 32D 64D
Vanilla 29.444+4.92  41.9841.83 57.16+£2.60 | 27.874+0.53 39.084+4.12  52.22+2.58
AdaptHD | 25.434+2.57 24.01+6.12  47.044+6.91 | 21.74+3.17  23.52+7.59  47.90+3.54
OnlineHD | 62.784+4.74 84.51+0.76 88.154+1.46 | 37.524+4.24 54.04+2.83 71.56%1.28
NeuralHD | 70.62+3.33 83.214+2.06 90.49+1.01 | 53.65+1.53 68.81+1.62 77.13+0.85
CompHD 26.91+1.44  30.43£1.57 41.54+5.18 | 23.36+£1.98  29.93+2.70  38.34+1.48
SparseHD | 17.354+4.61 24.26+0.69 37.41+4.45 | 15.7942.40 18.574+2.11 21.5743.18
QuantHD | 20.3742.72  26.42+3.29 38.024+3.97 | 20.804+2.57 29.95+0.28  36.524+4.86
LeHDC 20.06+4.52  22.654+4.83 31.60+1.29 | 19.33+0.34 18.30£0.39  25.10%+4.19
4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer 69.324+1.74 85.8842.67 89.71+2.49 | 54.87+2.82 69.04+1.73 79.244+2.49
Table 9.8: 10-Class Results (ISOLET and MNIST)
Method ISOLET-10Classes ‘ MNIST-10Classes
16D 32D 64D ‘ 16D 32D 64D
Vanilla 27.7242.73  39.78+3.68 54.11+£2.70 | 23.4943.11  30.961+4.59  46.61+4.41
AdaptHD | 16.2841.95 25.114+2.91 47.33+1.78 | 16.42+4.03 21.82+4.04 36.27+4.52
OnlineHD | 62.894+4.83 81.89+1.47 90.67£1.30 | 34.03+1.42  53.2444.90 69.7940.30
NeuralHD | 68.67+3.42 85.61+1.80 90.83+0.49 | 47.04+1.52 63.92+1.89  75.73+0.36
DistHD 75.67+3.31 86.004+2.12 92.9440.63 | 50.84+2.48 67.90+2.13 78.97+1.54
CompHD 21.39+4.47  32.4443.85 35.22+1.61 | 20.25+0.67 26.88+1.51 36.88+2.37
SparseHD | 13.9441.59 22.06+2.79 36.11+£3.94 | 14.07+1.66 14.534+0.92  23.5043.23
QuantHD | 21.614£2.09 28.33+4.90 39.39+6.28 | 21.174+2.65 25.27+1.64 30.93+2.74
LeHDC 14.7845.18  17.17£4.25  22.33+£1.91 | 15.434+3.16  17.43+£4.05 26.5042.60
4 Qubits 5 Qubits 6 Qubits 4 Qubits 5 Qubits 6 Qubits
Ours-Aer 70.73+1.16 86.834+2.02 89.254+0.93 | 53.27+2.34 66.794+2.51 80.27+1.63
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Figure 9.4: Quantum State Tomography Circuit (X bias)
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Figure 9.5: Quantum State Tomography Circuit (Y bias)
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Figure 9.6: Ideal Statevector (Real and Imaginary Components)
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Figure 9.7: Reconstructed Density Matrix (Real and Imaginary Components)
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