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Abstract. The Neural Network is a well-known computational model that widely applied in
machine learning (ML) inspired by human brains, which can perform the ML tasks including
classification and feature extraction. Contemporarily it has been succeeded in all areas
functioning as a powerful tool. Quantum computing is an emerging field based on quantum
computers, which is a different calculation logic in the context of quantum dynamic theory
providing an exponential computation power edge over traditional computers. Quantum Neural
Network (QNN) is an intersection of the two areas, leveraging the advantage of quantum
computing in the neural network, providing a strikingly powerful algorithm with promising
potential. On this basis, this paper will demonstrate the state-of-art of QNN, which briefly
explains the basic principle of QNN and an introduction of several typical QNN models. In
addition, the current defects and drawbacks will also be discussed simultaneously. Overall, these
results serve as a preliminary introduction to the topic, which shed light on guiding further
exploration of quantum computing algorithms.
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1. Introduction

Neural Network is a subset of machine learning technology developed in 20th century. The neuron
system of human brain inspired its basic principle design to achieve the function of adjusting the relation
parameters between inputs and outputs. Nowadays, the applications of traditional Neural Network can
be witnessed in all aspects, including research areas and our daily life technology, like the identification
of visual images, voices, and some predictions and analysis in financial and medical areas. The algorithm
is modelled based on the dendritic structure of the brain, where the neurons are interconnected and able
to receive, process, and transmit data. The basic principle is that each neuron receives the sum of the
multiplications of inputs and their corresponding weights. After processing by a nonlinear function, an
output is generated, and passed down to the neurons of the next layer and so on. These layers of neurons
create a system carrying the nonlinear correlations of high complexity data showing much stronger
power than basic linear regression methods [1].

In supervised learning, to find the accurate weights mentioned above to fix the correlation, the Neural
Network uses ‘back propagation’ to adapt the weights and bias. The principle of ‘back propagation’ is
using given training datasets, calculating the cost function for each neuron, and iteratively adjusting the
weights to lower the cost functions and reach the best pattern. For the case of unsupervised learning, it
is more complicated as there is no training set, and the classification process depends completely on the
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features of the data [1]. Nevertheless, the traditional Neural Network has already shown its limitations
when extending its application. For example, it is vulnerable to over-fitting, which means the Neural
Network is too specialized to the training set that it performs poorly in the training set. In addition, the
traditional Neural Network demands a considerable number of computational resources in training and
running processes. The low efficiency limits the algorithm’s applications in many aspects.

However, in the 21st century, the introduction of the quantum computing field has started a new topic
called ‘Quantum Neural Networks (QNN)’. In the context of quantum computing, the Quantum Neural
Network can break through plenty of limitations used to exist in traditional computing, mainly
limitations involving its computational power [2]. While classical computers process information using
binary bits (0 or 1), quantum computers apply qubits as their foundation by preparing quantum particles.
A particle representing a qubit can exist in either 0 or 1 with specific probabilities. This superposition
property gives vital advantages over traditional computing, e.g., quantum parallelism and quantum
entanglement, so that quantum computers can store and process exponentially more information than
traditional computers do [3].

Making full use of the characteristics of quantum computing, QNN can realize a much more
enhanced processing power; the quantum entanglement property can lead to new intrinsic links between
neurons. Besides, QNN will have a very high potential for new algorithms to be explored. Here are some
essential researches during its development. In 2019, Havlicek and his team proposed a quantum kernel-
based method to realize some classical supervised learning tasks, showing the possibility of combining
quantum computing and neural network [4]. In 2018, Farhi and Neven introduced a QNN that was
applicable to some near-term quantum processors. By comparing its accuracy with the outcomes of the
classical Neural Network, the paper showed the QNN’s feasibility and potential [5]. In 2020, Beer and
his team proposes and designs a quantum neural network that performs tasks similarly to classical
neurons. The quantum feedforward neural networks can be applied in universal quantum computation
[6]. The motivation of this review paper is to conclude and study the latest research process on QNN so
far, its applications, and future development. In the following content of the paper, the article consists
of five sections, the principle of QNN, the algorithms, the applications, the limitations and future
outlooks, and the conclusion.

2. Principle

As the computing unit of the computing is transferred from bits to qubits, the basic principle of the
algorithms is completely altered. | > and < { are called Dirac notations which are commonly used in
guantum computing, introduced by Paul Dirac. They are also called bracket notations, which are column
vectors and row vectors, respectively; <x|y> denotes the inner product, which gives out a scalar quantity.
|x><y| denotes the outer product, which represents a matrix operator. Here, [x> stands for a linear
combination of the basis states. In quantum computing, the basis set is {|0>, |1>}:

[x> = a|0> + b|1> @
The parameters are complex and should be normalized:
la]® + |b* = 1 )

Therefore, a qubit can be represented by a two-times-one column vector. a and b carry the information
of the probabilities of the state of the qubit after collapsing (one of the basis states), so they are also
called probability amplitude, and the probabilities are |a]*> and |b[%. In addition, qubits can be represented
using real parameters: _ _

|x>= €Y cos®|0>+ e sind|1> (3)
where y, 0, @ are real quantities [2].
3. Properties
After introducing the basic logic of quantum computing, there are some intrinsic unique properties that

make quantum computing in some way superior to classical computing that should be fully explored.
Quantum entanglement is a phenomenon that occurs in multi-qubit occasions. When there are multiple
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particles in a system, there are cases where instead of regarding the system as a linear combination of
multiple particles, the particles interact and entangle, leading to counterintuitive outcomes [2]. In Dirac
notation, one considers two quantum states [x>; and [x>2. [X>12 is the combination of the two states. If
|X>12 cannot be expressed as the tensor product of two individual vectors, the state is an entangled state
[2]. As in guantum mechanics, particles are expressed in wave form. Interference is a common
phenomenon and should be considered in a microcosmic view. Interference happens when two coherent
waves are combined constructively or destructively depending on their phase difference [2]. As a qubit
has the superposition property mentioned before, instead of carrying one 0-1 information, one qubit can
simultaneously exit in both 0 and 1 states. This fundamental logical difference gives quantum computing
an exponential advantage over traditional computing, as in theory, quantum computers can conduct
multiple calculations in parallel at the same time [3]. For example, suppose a problem needs the
computer to try all possible outcomes of the inputs. Instead of sequentially try the inputs one by one, a
guantum computer can explore all possibilities simultaneously. However, as the outcome of quantum
computing will finally collapse to a particular result, additional measurements are required to extract
information from the superposition. Therefore, the advantage of quantum parallelism only exists in some
algorithms. It is a great challenge to explore algorithms that can fully realize the theoretical edges lying
in quantum parallelism and interference to solve specific problems efficiently [2].

4. Quantum gate

A guantum gate is a component of a quantum computing circuit that has the ability to unitarily transform
guantum state vectors. There are single-qubit or two-qubit gate and so on, depending on the number of
qubits involved. One of the most basic gates is the single-qubit rotational gate, which performs basic
rotation on one qubit’s phase. It can be represented as:

__[cos® —sin®
k©) = [sinO COS@] “)
For a quantum state |©>= [Z?jg))]
_[cos(® + ©)
R(©) |9>= [sin(d) + 0)] ®)

Another essential kind of gates is the Pauli gates. They perform the same function as Pauli matrixes
(X, Y, Z). One notable but commonly used gate should be emphasized, the Hadamard gate. Hadamard
gate is a single qubit gate, and the unitary matrix representation is shown a

=% H 2 1] ©)

The function of the gate is that it can turn a certain state of 0 or 1 into uncertain states:
H |0>=1//2 0>+ [1>) (7)
H [1>=11/2 (j0> - |1>) (8)

There are also a lot of multiple qubit gates like Controlled-NOT gates, Swap gates, and controlled-
U gates. CNOT gate (Controlled-NOT gate), as a typical example, can be represented as:

1 0 0 O
—10
CNOT—0

0

If the first qubit is in state 1, the second qubit will be complemented. Otherwise, the second qubit

will remain the same. All kinds of quantum gates and qubits compose the significant compositions of a

complete quantum circuit. All algorithms are developed and realized through these essential elements
from the ground, so are Quantum Neural Networks [2].
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5. QNN models
Till now, many algorithms have been developed for QNN of different principles. The following section
will pick and introduce several typical and essential models.

5.1. Quantum M-P neural network

Zhou and Ding proposed the quantum M-P neural network in 2007 [7], which is a preliminary practice
of transferring the classical M-P neural network to a quantum neural network. The algorithm’s basic
principle and weight updating methods for both orthogonal and non-orthogonal bases are discussed in
detail. In a classical M-P neural network, the activation of a neuron is the sum of the inputs (y) multiplied
by weights (w). A threshold @ is set to compare with the sum and decide whether to activate the neuron.
If the neuron is activated, the sum will go through a nonlinear function (f), generate the output and pass
on to the next layer [7]. To describe the process mathematically:

O =f(y —6) (11)
where yy is the input, and Ok is the output of a neuron. To transfer the algorithm from classical computing
to quantum computing context, the values should be replaced by the superposition of quantum states.
The output is expressed as:

Ok :ijkjd)]'] = 1,2,...,2n (12)

Here, @ stands for the quantum state. n is the number of qubits. If the states are orthogonal to each
other:

Ok :Zj(l)kjla],az,...,an >,] = 1,2, ...,Zn (13)

where a is the input qubit. To determine the weights of the neural network, the algorithm first initializes

a weight matrix. Prepare a training-sample set with input qubits and expected outputs. Calculate the
outputs with the inputs through the weight matrix. Update the weights with the formula:

wit! = wij+1(jo >=y >K)l¢ > (14)

where k and j are the row and column numbers, and t is the learning rate. Do the processes iteratively
until the error is small enough [7]. However, the Quantum M-P Neural Network proved to be primitive
and problematic. In 2015, Silva et al. showed that this model did not follow the unitary evolution, and
the algorithm showed no advantage over the classical algorithms by a simple two-qubit example [8].

5.2. Quantum Hopfield network

In 2018, Patrick and his team proposed the Quantum Hopfield Network, a transfer from the classical
Hopfield Network into quantum computing [9]. The model creates an associate memory network in the
context of quantum computing. The Hopfield network is an unsupervised-learning neural network
consists of one layer as shown in Fig. 1. The updating method adopts an algorithm called the Hebbian
learning rule. The basic principle of the rule is that the link between a presynaptic neuron and a
postsynaptic neuron is more vital when the occasions that they simultaneously fires are more frequent
[9]. If there is a training set of M patterns, the weighting matrix is given as:

W = [ZM_ x™x™"/Md —11,/d (15)
wherem=1,2,3, ... , M. In a Quantum Neural Network, the classical expression need to be encoded
into a Quantum Nural Network expression. In Quantum Hopfield Network, a quantum state needs to be
prepared. Furthermore, this can be achieved either through quantum random access memory (qQRAM)

or efficient quantum state preparation. In this context, Quantum Hebbian learning is developed through
classical-to-quantum read-in and the unitary operations performed on the state [9].
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Figure 1. The classical and quantum Hopfield networks [9]. (a) The training process of classical and
matrix inversion approaches. (b) The read-in process of classical and matrix inversion approaches. (c)
The operation process of classical and matrix inversion approaches. (d) The read-out process of classical
and matrix inversion approaches. (e) The whole process of quantum approach.

U'=Uj U, U]

Input layer Hidden layers Output layer

Figure 2. A general quantum feedforward neural network [6].

5.3. Quantum perceptron

In 2020, Kerstin Beer et al. proposed a perceptron-based QNN [6]. Perceptron is the simplest form of
neuron, which usually forms the basis of the neural networks of single-layered type (as sketched in Fig.
2). The model is constructed with a quantum perceptron as its analogous classical perceptron. A guantum
perceptron has certain numbers of inputs and outputs and exists in the form of a unitary matrix operator.
A QNN is a circuit of several hidden quantum perceptron layers, rotating the initial state of input qubits
and generating the final state of output qubits. This QNN can conduct universal quantum computation,
and it is also observed that a QNN of 4-level qubits, which commute within their layers, can still conduct
universal quantum computation [6].

There are two ways of classical-to-quantum encoding. One is that the distribution is transferred into
the distribution of the probabilities of the quantum states. The other is that each sample corresponds to
one quantum state. Usually, the training set needs repeatable access [6]. The edge of this model over the
classical prototype is evident as the number of qubits compared to bits is decreased exponentially. After
trying the model on unknown unitary, the model proved to have great robustness to noise in the training
set [6].

5.4. Quantum convolutional neural networks

Quantum Convolutional Neural Networks (QCNN), a quantum version of convolutional neural network,
were introduced in 2019 by Iris Cong et al. [10]. The Convolutional Neural Network is a neural network
designed for processing grid-like data, typically like image and many-body physics problems. The
network consists of convolutional layers, pooling layers, and fully connected layers. The filter layers
convolve through the whole grid to extract the local feature information from the data. The pooling

98



Proceedings of the 2023 International Conference on Mathematical Physics and Computational Simulation
DOI: 10.54254/2753-8818/12/20230440

layers select over the map extracted through the convolutional layers to filter out useless data
information. The fully connected layers are similar to the traditional neural networks, which are layers
of fully connected neurons, to realize the classifications and the extractions of features [10]. A sketch is
illustrated in Fig. 3. The QCNN leverages the computing power of quantum computing into CNN. The
grid-like data is transferred into a quantum state. The convolutional layers apply a unitary (Ui) on the
data, and similarly, the pooling layers and the fully connected layers are translated into unitary rotation
of the matrix (Vj and F). F is updated in the learning process like classical networks [10]. CNN has
already been very frequently used, especially in image identification. However, one significant problem
of the process has always been the computation resources consumed. The QCNN has a great potential
of exponentially reducing the calculation consumption, and greatly extending the application [10].

Figure 3. The concept of QCNNs [10]. (a)
Basic principle of classical CNNs. (b) The
layered structure of QCNNs consisting of
unitary transformations. (c) The similar
circuit of MERA (in reverse directions).
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6. Applications

Many works, some have been introduced before, have been done to realize the transfer from classical
machine learning algorithms to quantum computing algorithms and have shown promising potential.
The advantages of quantum parallelism, quantum entangling, and great computing power broaden the
application area and potential of traditional machine learning. Some typical applications of QNN are
image compression, pattern recognition, classifications of data, curve fitting and temperature control.
Some vital researches on the application of QNN are also given. Franken and Georgiev explored several
guantum circuits in some basic image recognition in 2020 [11]. Although the problem is fundamental,
the QCNN showed its noise reduction ability and computation power edge potential. In Liu et al.’s
research in 2020, a quantum Hopfield neural network is designed and used in image recognition [12].
The simulation showed its feasibility. In 2018, Farhi, Edward, and Hartmut designed a practical QNN
and trained it with a training set of strings and their binary classifications [5]. The feasibility and
potential are proven in the area of classification.

7. Limitations and prospects

The Quantum Computing, including Quantum Neural Networks as its branch field, is still in its early
stage of development. More and more models from classical algorithms are transferred to the quantum
computing context after some adaption. New exclusive quantum algorithms are also proposed. In the
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next several years, the unique properties of quantum computing will be further explored to realize the
theoretical exponential advantage. However, the development in theoretical areas and algorithms is far
beyond the hardware development. As the fragility of quantum computers to noise, every increase in
qubit number is a revolutionary progress. Due to quantum computers' physical limitations, the majority
of the algorithms’ advantages over classical computing remain at the theoretical level. Moreover, the
applications of quantum computing lack competitiveness from the economical and practical perspectives
due to the high resource of quantum computers. Hence, the world is looking forward to the development
of quantum computer facilities.

8. Conclusion

In summary, this paper has introduced the Quantum Neural Network from the basic principle. The basic
properties and advantages of quantum neural networks, including the basic quantum computational logic,
are introduced. Then, this paper lists a series of typical QNN models to illustrate the algorithm and
briefly introduce some current applications of QNN. Finally, the limitations and future development of
QNN are stated to provide a big picture. This paper provides a summary of QNN, but many newly
developed QNN algorithms are not included and introduced. The algorithms are also in the progress of
rapid development currently. The article can only serve as a brief preliminary overview of the topic. In
the future, with the research progress of QNN updated, more algorithms and more powerful and striking
applications and experiments are expected. The QNN will benefit all human beings in research
development and daily life usage.
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