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I. INTRODUCTION 
 

Machine learning is a branch of computer science in 

which algorithms infer patterns from data with the 

aim of understanding previously unseen inputs. 

Situated at the intersection of artificial intelligence 

and statistics, these algorithms process vast amounts 

of information to carry out tasks that humans 

perform effortlessly—such as recognizing images or 

speech, detecting patterns, or optimizing strategies. 

The relevance of these techniques has grown 

enormously in the digital era.  

 

A prominent example is Google’s PageRank 

algorithm, patented by Larry Page in 1997, which 

played a central role in transforming Google into one 

of the world’s largest technology companies. Other 

major applications include spam filtering, iris-based 

security systems, consumer-behavior analysis, 

financial risk assessment, and automated strategy 

development for computer games. In essence, 

machine learning is used whenever computers must 

interpret data based on past experience. This 

typically requires very large collections of input–

output examples, and the algorithms must operate 

efficiently to handle what is commonly referred to as 

“big data.”As the amount of stored digital 

information increases by roughly 20% each year—

now totaling several  

 

hundred Exabyte’s—the demand for innovative 

machine-learning methods continues to rise. One 

promising avenue currently being explored by both 

academic researchers and major technology 

companies is the use of quantum computing to 

enhance classical machine-learning techniques. 

 

Over the past decades, physicists have demonstrated 

the extraordinary potential of quantum systems for 

information processing. Unlike traditional 

computers, which rely on physical realizations of the 

binary states 0 and 1, quantum computers encode 

information in qubits that can exist in superposition’s 

of these states.  

 

This allows quantum machines to explore many 

computational pathways in parallel. However, the 

laws of quantum mechanics also limit how much 

information can be extracted from a quantum 

system, making it challenging to design algorithms 

that unambiguously outperform their classical 

counterparts. Still, the field now offers a well-

developed toolbox of quantum algorithms, including 

several that yield notable speedups over the best 

known classical methods. Experimental quantum-

computing technologies are rapidly progressing as 

well, leading many to believe that real-world 

implementations of these theoretical ideas may soon 

become feasible. Against this backdrop, the 

emerging discipline of quantum machine learning 
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has the potential to reshape how intelligent data 

processing is carried out in the future.A fully 

developed, unified theory of quantum learning—

describing how quantum information could, in 

principle, be harnessed for intelligent computation—

is still in its infancy. 

 

This work provides a structured overview of the 

emerging field of quantum machine learning, with 

an emphasis on pattern-classification techniques. 

Following a short introduction to the foundations of 

classical and quantum learning in Section 2, the 

paper is organized into seven sections. Each section 

discusses a major class of machine-learning 

methods—k-nearest neighbors, support vector 

machines, k-means clustering, neural networks, 

decision trees, Bayesian inference, and hidden 

Markov models—and surveys the different ways 

researchers have attempted to connect each method 

to quantum physics. This organization reflects the 

still highly fragmented nature of the field and 

enables readers to focus on topics most relevant to 

their interests. 

 

Work on k-nearest neighbors’, support vector 

machines, and k-means clustering has largely 

centered on devising quantum-enhanced 

procedures for efficiently computing classical 

distance measures. Probabilistic frameworks such as 

Bayesian inference and hidden Markov models, by 

contrast, map naturally onto the formalism of open 

quantum systems. Quantum analogues of neural 

networks and decision trees remain under 

development, although neural-network-based 

approaches have seen notable activity over the past 

decade. Finally, Section 4 outlines the need for future 

research aimed at understanding how the learning 

process itself—rather than only subroutines—might 

be fundamentally improved through quantum 

information processing. 

 

II. CLASSICAL AND QUANTUM 

COMPUTING 

 
Quantum Machine Learning 

Quantum computing involves controlling and 

exploiting quantum-mechanical systems for the 

purpose of performing computational tasks. Because 

quantum states can exist in superposition’s, a 

quantum processor can, in principle, evaluate many 

computational paths simultaneously, potentially 

yielding significant reductions in runtime and 

complexity compared to classical methods. The 

fundamental carrier of information in a quantum 

computer is the qubit, which can be written as ψ = 

α|0⟩ + β|1⟩, where α and β are complex coefficients 

and |0⟩, |1⟩ form the basis of a two-dimensional 

Hilbert space.  

 

The squared magnitudes of these coefficients give 

the probabilities of detecting the qubit in either basis 

state, and the evolution of a quantum system must 

preserve the total probability, expressed by the 

normalization condition |α|² + |β|² = 1. 

Mathematically, this requirement implies that the 

operations transforming one quantum state into 

another—quantum gates—must be unitary. Using 

single-qubit gates, one can adjust the state, 

amplitude, or phase of a qubit. Examples include the 

X gate, Z gate, and Y gate, which perform bit flips 

and phase shifts. Such gates can also place a qubit 

initially in |0⟩ (or |1⟩) into an equal superposition of 

the two basis states. Setting α = β = 1/√2 (or 

equivalently α = 1/√2, β = –1/√2) produces an equal 

superposition state, typically generated by the 

Hadamard (H) gate. Gates acting on multiple qubits 

frequently rely on conditional operations, where a 

single-qubit transformation is applied only when a 

designated control (or ancilla) qubit occupies a 

specific state. Among the most significant examples 

is the two-qubit XOR, or controlled-NOT (CNOT) 

gate, which inverts the state of the target qubit 

whenever the control qubit is in the |1⟩ state. Another 

two-qubit operation relevant later is the SWAP gate, 

which simply interchanges the quantum states of the 

two qubits involved. Quantum gates are typically 

represented as unitary matrices, as illustrated in 

Figure 1.  

 

These matrices act on 2ⁿ-dimensional vectors, whose 

components correspond to the amplitudes of the 2ⁿ 

computational basis states of an n-qubit quantum 

register. Fig:1 Illustrate relationship between 

Quantum computing and Machine Learning.A 

quantum computer leverages these elementary 

gates to construct a quantum state in which the basis 
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states corresponding to valid solutions carry 

enhanced amplitudes. 

 

 
When the system is subsequently measured in the 

computational basis, it is therefore more likely to 

collapse to one of the desired outcomes. Because 

quantum outputs are inherently probabilistic, 

algorithms are typically executed multiple times to 

obtain reliable results. For a detailed and 

authoritative overview of quantum computation, 

consult the standard reference by Nielsen and 

Chuang [2].If you want the phrasing to be more 

formal, more concise, or more distinct stylistically, I 

can adjust it further. 

 

Here is a revised version with alternative phrasing, 

suitable for academic writing while maintaining the 

original meaning: 

As noted earlier, a unified framework for quantum 

learning has not yet been fully established. Partial 

treatments of its prospective components can be 

found in [12, 13, 14]. In line with the previous 

discussion, a prospective theory of quantum learning 

would encompass  quantum information–processing 

techniques that acquire input–output relationships 

from training data, either by optimizing system 

parameters (such as unitary transformations, cf. [25]) 

or by determining a form of quantum decision rule 

or quantum strategy Numerous questions remain 

regarding what constitutes an efficient quantum 

learning protocol.  

For instance, one may ask how an optimization 

task—typically addressed through iterative or 

dissipative procedures in the classical setting—could 

be implemented effectively on a quantum device. 

 

 

Quantum versions of machine learning 

algorithms 

Before proceeding to the discussion of classical 

machine learning algorithms and their quantum 

counterparts, we have to take a look on the actual 

problems these methods intend to solve, as well as 

introduce the formalism used throughout this article. 

Probably the most important application is the task 

of pattern classification, and there are many different 

classical algorithms tackling this problem. Based on 

a set of training examples consisting of feature 

vectors4 and their respective class attributes, the 

computer has to correctly classify an unknown 

feature vector.  

  

The dataset may include preprocessed information 

about patients and their confirmed diagnoses, with 

the machine learning algorithm tasked with 

predicting the correct disease for a new patient.  

 

consisting of (N) n-dimensional feature vectors 

(\vec{v}_p) and their corresponding class labels (c_p), 

as well as a new n-dimensional input vector (\vec{x}), 

the objective is to determine the class (c_x) for 

(\vec{x}).Tasks closely related to pattern classification 

include pattern completion(filling in missing 

components of an incomplete input), associative 

memory (retrieving one of several stored memory 

vectors in response to an input), and pattern 

recognition (identifying and analyzing patterns; this 

term is often used interchangeably with pattern 

classification).In unsupervised learning, the primary 

challenge is data clustering. Given a set of feature 

vectors (\vec{v}_p), the goal is to assign each vector 

to one of (k) clusters so that similar inputs are 

grouped together. Other machine learning problems 

involve identifying optimal strategies based on an 

unknown reward function, using sequences of 

observed actions and outcomes. As mentioned 

earlier, we will not focus on strategy learning in this 

work. 

 

Quantum versions of K-Nearest neighbor 

algorithm  

A widely used and straightforward method for 

pattern classification is the k-nearest neighbors (k-

NN) algorithm. Given a training set of feature vectors 

with their associated class labels and an unclassified 

input vector (\vec{x}), the algorithm assigns to 

(\vec{x}) the class (c_x) that is most frequent among 
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its k closest neighbors(see Figure 4). This approach 

relies on the assumption that feature vectors in close 

proximity represent similar instances, which holds for 

many practical applications. Typical measures of 

closeness include the inner product, Euclidean 

distance, or Hamming distance. Selecting an 

appropriate value of (k) can be challenging, as it has 

a substantial impact on classification performance. If 

(k) is set too large, the algorithm may lose local 

sensitivity, potentially reducing accuracy. 

 

 
Fig:2 shows [18] propose using the overlap, or 

fidelity, 

 

This fidelity can be calculated using a straightforward 

quantum procedure, often referred to as a swap 

test[39] .In this protocol, given a quantum register 

containing the two states ( \alpha ) and ( \beta ) 

along with an ancilla qubit initialized to |0⟩, a 

Hadamard operation is applied. 

 

Quantum versions for Support Vector Machine 

A support vector machine (SVM) is a method for 

linear discrimination, a specific branch of pattern 

classification. The goal in linear discrimination is to 

identify a hyperplane that optimally separates two 

class regions, which then serves as a decision 

boundary for classifying new data points. In a simple 

one-dimensional example with two classes, this 

corresponds to finding the point (x) that lies exactly 

between the members of class 1 and class 2, so that 

all values to the left of (x) belong to one class and all 

values to the right belong to the other.In higher-

dimensional spaces, this boundary becomes a 

hyperplane  

At first glance, it may appear limiting that linear 

discrimination techniques require linearly separable 

data, meaning there exists a hyperplane that 

completely separates the vectors of each class (i.e., 

the class regions do not overlap). However, a non-

separable problem can often be transformed into a 

linearly separable one by increasing the 

dimensionality of the feature space [12]. 

 

The SVM seeks the optimal separating hyperplane, 

defined as the one with the maximum margin to the 

nearest data points, known as the support vectors. 

Formally, this is framed as a mathematical 

optimization problem: maximizing the distance 

between the hyperplane and the support vectors 

[19]  

 

A support vector machine identifies a hyperplane 

(illustrated here as a line) that maximizes the margin 

to the nearest data points. This figure depicts the 

geometry underlying the optimization problem, 

adapted from [19]. 

 

The problem can be formulated using the 

Lagrangian method [12] or in dual space [13]. 

Without delving into the full mathematical details of 

support vector machines, it is important to note that 

the optimization formulation involves a kernel.(K), a 

matrix containing the inner products of the feature 

vectors, SVMs are part of the broader class of kernel 

methods [19] (see also [2]), which can become 

computationally expensive due to the cost of 

calculating these kernels. Specifically, quadratic 

programming problems of this type have a 

complexity of (O((Nn)^3)) [19], where (Nn) 

represents the number of variables, causing 

computational demands to increase sharply with the 

size of the training set. Consequently, it is critical for 

support vector machines to employ methods that 

evaluate inner products efficiently. This is precisely 

where quantum computing offers potential 

advantages. 

 

Quantum versions for Clustering 

Clustering refers to the process of partitioning a set 

of unlabeled feature vectors into (k) distinct groups, 

or clusters. It represents the central problem in 

unsupervised learning, which operates without 

training data or prior examples, instead focusing on 

identifying inherent structural patterns within the 

dataset. Clustering methods are typically based on a 
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measure of distance or similarity between data 

points. 

 

In addition to approaches to quantum clustering that 

are merely inspired by quantum mechanics [17] or 

that employ the quantum fidelity as a distance metric 

for an otherwise classical algorithm [18], several fully 

quantum clustering routines have been developed. 

For instance, Aïmeur, Brassard, Gilles, and Gambs 

[18] propose a quantum k-median algorithm that 

relies on two subroutines.  

 

First, using an oracle that computes the distance 

between two quantum states, the algorithm 

evaluates the total distance of each state to all other 

states within a given cluster. Then, leveraging the 

find-minimum subroutine described in [11], the 

procedure identifies the state with the smallest total 

distance and designates it as the new cluster median. 

 

Towards a quantum decision tree 

Decision trees, like all classifiers in machine learning, 

are built from a training dataset consisting of feature 

vectors. The key to designing an effective decision 

tree lies in choosing the decision function at each 

node. The most common approach is to select the 

function that divides the dataset into subsets that are 

as homogeneous or well-structured as possible. 

 

They provide a clear explanation of how the dataset 

is divided at each node, yet this crucial aspect of the 

classification algorithm often remains somewhat 

opaque. They introduce the intriguing idea of 

employing von Neumann entropy  to guide the 

graph partitioning. While this represents an 

important initial step, the full potential of quantum 

decision trees has yet to be realized. 

 

Searching Quantum for a Neural Network  

An artificial neural network (ANN) can be described 

as an n-dimensional graph in which the nodes (x_m) 

represent neurons, and the connections between 

them are assigned weights that correspond to 

synaptic strengths (for (m, l = 1, \dots, n)). Each 

neuron’s value is determined by an activation 

function, which depends on the weighted 

contributions from all connected neurons.  

 

The network evolves dynamically by iteratively 

updating neuron values according to this activation 

function. 

 

In this sense, an ANN functions as a computational 

device where the input is given by the initial neuron 

states, and the output may be either the network’s 

stable state or the state of a selected subset of 

neurons. Programming a neural network involves 

choosing the weight parameters  and the activation 

function to encode a desired input–output mapping. 

The strength of artificial neural networks lies in their 

ability to learn appropriate weights from training 

data, a principle that neuroscientists consider central 

to how the brain processes information [19]. 

 

 
Figure 3: Illustration of a feed-forward neural net- 

work with a sigmoid activation function for each 

neu- ron. 

 

It defined With a suitable choice of weight 

parameters, feed-forward neural networks can 

achieve highly accurate classification of input 

patterns. To achieve the desired generalization, the 

network is trained using a set of training vectors: the 

network output is compared to the target output, 

and the weights are updated using gradient descent 

to minimize the classification error. This process is 

known as backpropagation [10]. A significant 

challenge in pattern classification with neural 

networks is the computational expense of 

backpropagation, even when employing advanced 

training methods such as deep learning [20]. 

 

Several proposals have been made for quantum 

versions of neural networks. However, most focus on 

a different type of network, namely Hopfield 
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networks, which are particularly suited to associative 

memory tasks inspired by neuroscience rather than 

traditional machine learning. Much of the research 

on quantum neural networks aims to design specific 

quantum circuits that incorporate aspects of neural 

network mechanisms, with the goal of harnessing 

the computational power of neural models in a 

quantum context [6, 11, 12, 13]. 

 

Quantum based Bayesian Method 

Probabilistic approaches, such as Bayesian decision 

theory, are fundamental in the field of machine 

learning. These methods can also be applied to 

pattern classification.  

 

 

The core idea is to examine existing information 

(represented by the training dataset) to estimate the 

likelihood that a new input belongs to a specific 

class. A practical example is assessing the risk 

category of a new bank customer. Essentially, this 

involves computing a conditional probability, which 

can be determined using the well-known Bayes’ 

theorem. 

 

In contrast to efforts focused on enhancing machine 

learning algorithms via quantum computing, 

Bayesian methods can be applied to a crucial task in 

quantum information known as quantum state 

classification. This challenge originates from 

quantum information theory, and the objective is to 

leverage Bayesian-based machine learning to 

distinguish between two quantum states generated 

by an unknown or partially characterized source. 

 

III. CONCLUSION 

 
This survey of quantum machine learning highlights 

current ideas and approaches, focusing on 

supervised and unsupervised methods for 

classification and clustering. Two main approaches 

are evident: developing quantum versions of 

classical algorithms, often improving computational 

complexity—as seen in nearest-neighbor, kernel, 

and clustering methods—and exploiting quantum 

probabilistic structures to model stochastic 

processes, such as in hidden quantum Markov 

models or Bayesian quantum state discrimination. 

Much research is still exploratory, particularly in 

integrating quantum formalism with machine 

learning methods, exemplified by quantum neural 

networks and quantum decision trees. 

 

Simulating the core adaptive process of learning 

within quantum systems remains largely unexplored. 

In particular, methods for parameter optimization 

have not yet been fully developed from a quantum 

perspective. Several quantum computing paradigms 

could be considered for this purpose.  

 

In gate-based quantum computing, the challenge 

lies in parameterizing and iteratively adjusting the 

unitary transformations that define the algorithm. 

Various strategies in this direction have already been 

proposed [16, 17, 15], with tools such as quantum 

feedback control [18] and quantum Hamiltonian 

learning [19] showing potential.  

 

As noted earlier, adiabatic quantum computing may 

offer a natural framework for treating learning as an 

optimization problem [15]. Other approaches, 

including dissipative [10] and measurement-based 

quantum computing [11], could also provide 

promising platforms for quantum learning. Overall, 

while substantial work remains, quantum machine 

learning continues to be a highly promising and 

versatile field, with a broad range of theoretical 

developments and potential applications.” 
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