
Abstract — This study surveys the current status of 
Quantum Deep Learning Neural Networks, which are at 
this moment, theoretical, but our research reveals are 
about to become practical. Exciting breakthroughs leading 
to the intersection of related research ideas will soon bring 
real quantum neural networks, specifically, deep learning 
neural networks.  In the past, three main obstacles were 
limiting quantum growth in the deep learning area, that 
kept research in the theoretical space, and in all three 
obstacle areas, this study has found that new discoveries 
have changed these obstacles.  The first obstacle to 
quantum neural networks was the lack of a real quantum 
computer to experiment with, instead of using simulators. 
Recently several companies have delivered quantum 
computers in the last year, including IBM, who has made 
theirs available to researchers for free over the Internet.  
The second obstacle was the impossibility of training 
quantum networks – a new algorithm now solves that.  The 
third problem, that the classic neuron/perceptron has 
nonlinear functions, putting it in conflict with the quantum 
qubits that operate only with unity and linearity – has 
been solved with a new quantum perceptron.  This study 
explains the historical background briefly for context and 
understanding and then describes these three major 
accomplishments that will lead to real quantum deep 
learning neural networks. 

Index Terms— Computer Mind, Deep Learning, Quantum 
Computing, Neural Networks,  Neurocomputing, Perceptron 

I. INTRODUCTION 
Our study first explains the necessary information about 

how neural networks and the deep learning types of neural 
networks function.  This is to understand the significance of the 
recent discoveries and place them in context of the larger whole. 
This is followed by enough detail about quantum computing 
that one can see how the quantum computing forces will 
enhance in the quantum version of the neural network.  The 
second part of our study brings attention to the algorithm that 
enables the quantum neural network to accomplish training. 
Training is a key component of a neural network.   The third 
part of our study describes the quantum perceptron which is 
vital to achieving a true quantum neural network and is superior 
to other ideas that would have most of the perceptron action 
happening in classical, instead of quantum, computing 
processes.   
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Most important in the future of quantum neural networks, 
especially deep learning ones, is their use to create artificial 
minds that are human-like in the way they learn and process 
information [1].  These computers will have great capacity for 
good.  There is already a large field of researchers with 
algorithms, models, designs and hopes that wait now, 
researching and planning, who seek to work with these artificial 
minds [2]. 

A neural network is an information processing model that 
mimics the design of mammalian brains in nature, which are 
comprised of neurons, that are connected to each other with 
many connections [3].  In nature these neurons form special 
associations, transformations and mappings as a part of learning 
in the brain [4]. In computer science, these neurons are 
artificially created, may be called units, nodes, perceptrons [5] 
or neurons and they also perform learning, through their many 
connections to each other and their organization in layers. In a 
standard neural network model, input neurons are activated 
through sensors that represent in nature the senses that connect 
to the brain, sensors such as microphones or cameras.  The 
activation signals from the sensors become data inputs that pass 
along through multiple layers for analysis and adjustments, 
based on the parameters set by the architecture. When the model 
outputs its findings, the results are used to enforce or deter as a 
teaching method to improve quality in the learning system. In 
the memory enhanced models [6], such as the Long Short-Term 
Memory (LSTM) [7], which is a neural network that includes 
memory-based learning, the data is recorded and used during 
the processing phase to enhance the next analysis stage. 
Bringing the possibilities of quantum computing into the 
equation will allow for additional variables to be applied to 
specific decisions made by the analysis engine. 

Quantum computing applies the knowledge of quantum 
physics and quantum mechanics to manipulate elemental 
particles such as electrons, photons or ions, to create processing 
power [8]. Most important are entanglement and superposition, 
which are used to develop special circuits that offer options 
beyond the classical computers’ binary options of one and zero 
[9]. Binary computers are based on transistors, whereas 
quantum computing uses quantum bits, qubits, to perform 
calculations.  Qubits are objects that can exist in two exclusive 
states in the same instance. 

Some research findings into quantum artificial neural 
networks support the idea that a completely quantum neural 
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network will not perform effectively [10]. The term, “fully 
quantum” is not meaning totally quantum, as all quantum 
computers have a classical component.  What is meant by fully 
quantum is that the neural network computations would take 
place in the quantum computer.  This idea is based on a popular 
model which creates a network that has quantum computing 
processing components interfacing with classical computing 
components in a blended network designed specifically for 
neural network processing [11].  In that system, only small 
processing steps that are optimal for quantum are delegated to 
the quantum component, and most of the neural network non-
linear processing is done on the classical side. 

There is another way to accomplish a quantum neural 
network that is not yet modeled, but the first step has been 
designed, which is to create a quantum perceptron with a circuit 
[12].   Future research is sure to work on building a new model 
that is built with the quantum perceptron as the building blocks. 

A deep learning neural network is the neural network 
system design that is most often used to analyze images. Deep 
learning neural networks utilize a type of multilayer perceptron, 
which consists of an input, output, and at least one hidden layer, 
that learns with little to no preloading [13]. The system 
translates pixels and features derived from an image to classify 
the object using provided training. The classification of the 
output is assigned a probability based on the numeric translation 
that has been compared to the data in the training set.  Many 
research papers on deep learning neural networks mention the 
Modified National Institutes of Technology (MNIST) database 
of images of handwritten digits to test ideas [14].  This is 
because MNIST has become a benchmark by which new deep 
learning neural network designs are compared.  The challenge, 
with a quantum computer based design, is teaching the system 
on the training data [15].  Research on a proposed quantum 
multi-layer neural network with self-organizing design 
promises to identify the handwritten digits, but it is completely 
theoretical [16]. 

A typical deep learning network completes its task over 
several phases. First, the system will take an input from an 
image, such as one from the MNIST, as a sample for analysis. 
Next, the system will compare pieces, known as characteristic 
features, to determine if the compared images are similar in 
structure. The convolutional neural network, a type of deep 
learning network, will attempt these comparisons wherever 
possible, in order to calculate the highest accuracy. Afterwards, 
this process is repeated, on other identified subsamples. This 
process can include pooling, which is a technique to alter large 
images and downsize them while preserving the most important 
features. 

II. LITERATURE REVIEW

Ricks [15] realized that the gradient descent algorithm that 
had been suggested for Quantum Neural Networks was too 
fatiguing for the qubits, and created a unique algorithm, that is 
executed in two steps.  The first step is called the Simple QNN, 
that is a complex quantum circuit that uses qubits in a pattern 
of gates to compute the XOR function.  The second step, called 

QNN Training, is a macro view of the Simple QNN design that 
shows how it can accomplish training in a quantum neural 
network [15].  In that unique algorithm, an assumption was 
made, about the existence of quantum perceptrons, which at the 
time of their paper, did not yet exist. The perceptrons operate 
just as they do in a classical neural network system, however 
these perceptrons are doing quantum processing.   

Figure 1 - Quantum Neuron Receiving Input Training [17] 

Figure 2: Trained Neuron sending Output [17] 

From that unique algorithm, a system can be developed using 
convolutional neural network to demonstrate the effectiveness 
in quantum computing through the process of analyzing a 
dataset of characters in images and its resulting output [9]. The 
proposed methodology and experiment will use quantum 
mechanics to accurately identify text with an image dataset. 

Kim [13], at NYU, set out to determine the effectiveness 
of convolutional neural network  for sentence classification. 
Kim proposed using word vectors that were pre-trained to 
effectively process information through a single layer of 
convolution. Kim’s experiments assigned text to its correct 
category based on the sentence structure. In his experiment, 
several model variants were implemented, however the variants 
were not well differentiated as for comparison each model had 
the same data source and same training algorithm was applied 
to identify the data category. 

 Yoon discovered that at its rudimentary level, with a 
single layer of convolution, the system performed as expected 
with the given hyper parameters. From this, it follows that 
supervised pre-training of word vectors is beneficial for neuro-
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linguistic programming. This may transfer over into the design 
of researchers’ future systems, if it can appropriately identify 
first the text in the image and then follow that with determining 
the tone of the sentence and its meaning. 

In the convolutional neural network , which is a type of 
neural network [18], there are multiple models that are in two 
basic groups: (1) scene labelling and (2) graphical interpretation 
approaches. In scene labelling, each individual pixel of an 
image is identified with a calculated value, whereas in graphic 
interpretation a field (class or feature area) may be comprised 
of a pixel array. The scene labelling method uses a feed-forward 
system, using a mechanism that recalls labels over processing 
layers.  This method of supervised learning has proven to be 
both feasible and effective.  

 The acceptance of convolutional neural network s and 
the development of the enhancement of results by adding elastic 
distortions for image analysis were not always so popular. In 
[18], the author approaches this issue, in the early 21st century. 
Elastic distortion is the alteration of an image through simple 
geometric changes, such as rotations, translations or skewing. 
In the convolutional neural network  system, the usage of elastic 
distortion, as the author describes, is used to recognize similar 
characters that have been slightly altered. In this case, we can 
also use elastic distortion to vary the training set of data to 
improve system performance. 

Quantum neural networks are the culmination of physics, 
mathematics, and computer science [19]. Much research on 
them have relied upon simulations done on classical neural 
networks. These simulations are reliant on universal ideas of 
quantum computing, which use the setup of multi-layer 
perceptrons to act as qubits. 

III. QUANTUM NEURAL NETWORKS
As the development of computers, including their 

underlying systems, grows at a faster pace, the design phase has 
begun to mirror that of our human brain model. Although how 
our human cognitive processes are designed has yet to be 
completely solved, the foundations of this has allowed 
engineers to propose methods that in simulations create neural 
networks that emulate human brain functions. The potential of 
brains and quantum computation seamlessly processing thought 
engages the imagination, although at this current moment, there 
is minimal practical reality of these thoughts [20]. This area of 
research is alive with quantum computing ideas, bringing out 
that quantum computing is using nature to do its work, as the 
quantum particles are found in nature, and seeking where this 
natural order could reveal more in neuro-computing and brain 
function [21].  

Neural network systems retrieve input data, process the 
information, and provide an output outlined by the set 
parameters. This has much in common with the design of brain 
learning systems.  Neurons in the human brain communicate via 
synapses to create consciousness and process information.  The 
current approach in research is to model that the mass of living 
synapses need to be replicated in the digital environment in 

order to create a comparable model. Nayak is one of many 
researchers who believe that the achievement of quantum 
neural network computing will deliver a digital brain model that 
is very close in capability to the brain [22]. 

The proposed architectures for a quantum neural network 
vary by design, some that are similar to classical neural 
networks, while other exhibit their own unique qualities. In the 
proposed model by Ricks [17], a simple quantum neural 
network will continue to utilize layered perceptrons. The 
perceptrons would include an input layer, at least one (if not 
more) hidden layers, and an output layer. Layers are connected 
fully, in a method that provides a link between every perceptron 
in a layer to everyone in the subsequent layer. Quantum 
networks would require two inputs to generate weight that the 
system will classify [17]. 

The possibility that the field of classical artificial neural 
networks can be generalized to the quantum domain by eclectic 
combination of that field with the promising new field of 
quantum computing. Each factor suggests a new interpretation 
of brain and cognitive function. Furthermore, new abilities in 
information processing that may yet to be acknowledged or 
discovered. As a whole, we may consider quantum neural 
networks as the next step in the evolution of computing system, 
as we shift our focus of our attention on artificial instead of 
organic systems 

QNN Background: 

QNN is an Artificial Neural Network(ANN) included in a 
system with Quantum Computation.   The reason researchers 
are attempting this is to develop more efficient algorithms in 
pattern classification or machine learning than what is available 
now in the capabilities of ANN. Quantum computation expands 
the computational behavior of machines to exponential 
capacity, using quantum parallelism and the effects of 
interference and entanglement [17]. Quantum computation 
promises to expedite the training of classical neural networks 
and the computation of big data applications, generating faster 
results. 

Quantum computing and quantum information ideas that 
are most powerfully driving research today originated with 
Richard Feynman, a physicist who realized that the 
development of future hardware would have to require quantum 
effects [23]. Feynman’s observation was that the limitation of 
the capacity of classical hardware, gates and wires would be 
overcome by demand, and those classical systems would need 
to be replaced by computers that would consist of only a few 
atoms using quantum forces to do their information processing. 

Some of the quantum concepts that help with 
understanding quantum neural networks are introduced below: 

Linear superposition is analogous to the mathematical 
standard of linear combination of vectors. Quantum computing 
recognized through a wave function exists in a Hilbert space 
[24]. 
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Coherence and decoherence has similarity with linear 
superposition. A quantum computer is coherent when linear 
superposition is in basis states and if there is no coherence a 
quantum computer is in decoherence [25]. 

Operators work on transformation of states on the wave 
functions on a Hilbert space [26]. 

Interference works on wave occurrence and it is measured 
in amplitude. Phase interfere constructively are in phase while 
wave peaks amplifying each other's amplitude. Phase interfere 
destructively will decrease or eliminate each other's amplitude 
[27]. 

Entanglement is a special quantum state that does not exist 
in classical computers. This reveals correlations [28]. 

In quantum computing, quantum information processing 
is completed by going beyond the classical binary system for 
computers. In traditional computing, systems use binary 
numbers, ones and zeroes, to indicate an on or off state; 
quantum computing utilizes superposition and entanglement to 
enable a system to expand beyond the classical binary. 

Superposition:  An object can exist in both forms of a 
binary, in the case of computing, it is a zero and one. 
Superposition can be illustrated in computing by two states 
occurring over the variable amount of occurrences. 

N cubes = 2N  states. 

Entanglement: An object that occurs in one state becomes 
paired with another state. 

QNN advantages include the following [15]: 

• memory capacity is in exponential
• lower number of hidden neurons provide higher

performance
• learns fast
• eliminates catastrophic forgetting for not having

pattern interference
• linearly inseparable problems for single layer

network solutions
• wires not required
• processing speed (1010 bits/s)
• small scale (1011 neurons/mm3)
• higher stability and consistency

Figure 3: Classical NN vs QNN [11] 

Quantum Neural Computing (QNN) is the joining of a 
classical neural network, which could be of a type such as a 
convolutional neural network(CNN), a deep learning neural 
network or an artificial neural network (ANN), with some 
aspect of quantum computing.  A previous obstacle to putting a 
quantum feature into a classical neural network system has been 
that quantum computation is a linear and unitary action, but all 
of the designs of the classical neural network depend upon 
nonlinear methods.  

Hu [12] has designed a way to solve this.  He found a way 
to have the nonlinear activation function needed for QNN to 
work inside the quantum neuron, even though it is the law that 
quantum computing operations must be both unitary and linear. 
He accomplished this by using a special quantum circuit, the 
Repeat-Until-Success(RUS) circuit.  

Lewenstein [29] twenty-two years before Hu, published 
research in which he proposed quantum perceptrons that would 
use linear algebra to receive input states, do a unitary 
transformation operation on them, and then deliver an output 
state.  What is different about Hu is that he tested it on a 
simulator (which was not available to Lewenstein) and he used 
a series of common gates to make his unique circuit. 

Hu then followed up his success on the simulator by 
testing his idea on the IBM’s quantum simulator [30] for a 5 
qubit machine.  In the RUS the action is repeated until a 0 is 
measured, which is found when a rotation with an angle is found 
in the quantum bit (qubit).  When he tested his quantum 
perceptron creating circuit on the IBM real 5 qubit machine.  It 
worked.  This work on an actual quantum computer, instead of 
a simulator, is very exciting.  At this point in time, Hu’s 
experiments work for “input in the range of [0, n/2]” so the 
capacity is very  limited [12].  One challenge is how much RUS 
will the qubits bear before they fall into quantum decoherence? 
Qubit states of coherence are perishable, and these quantum 
neurons must hold their states long enough to complete the 
neural network calculations.  However, this RUS design holds 
great promise for the future of Quantum Neural Networks. 
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Figure 4: RUS Quantum Circuit[12] 

The field of ANN contains multiple important ideas [31]: 

• the concept of a neuron or processing element
• the transformation which is performed by this

processing element (in general, input summation
and nonlinear mapping of the result in to an
output value),

• the interconnection construction between
neurons,

• the network dynamics and the learning rule
responsible for governing the modification of
interaction strengths.

The main concepts of quantum mechanics are [32] 
• wave function,
• superposition (coherence),
• measurement (Decoherence),
• entanglement, and
• unitary transformations.

It is a is a major challenge to establish communication in 
the development of a model of QNN with ANN.  

Lewestein [29] stated that in quantum perceptrons, the 
classical weights perceptrons are replaced as unitary operators 
to map input to output.  

Chrisly [33] proposed a design for feed forward artificial 
neural network using double-slit experiment. Menneer and 
Narayanan [10]  have extended Chrisly’s proposal for a single 
pattern quantum neural network. 

• Multiple universes or superposition principle of
quantum theory applied to neural computing. 

• The architecture of double-slit experiment provides the
basis for quantum artificial neural network. 

In the extended model a quantum neural network can be 
modelled on the basis of double-slit experiment and it includes 
the following [33]: 

• the photon gun is equivalent to the input pattern,
• the slit is equivalent to input neurons,
• the waves between the slits and the screen is equivalent

to the connections between the input and output neurons and 
the screen is equivalent to the output neurons 

ANN 
DOUBLESLIT 
experimental 

setup 
QNN 

Pattern Photon gun 
Quantum 

register holds 
input Pattern 

Input Neuron Slits 

Entanglement 
unitary 

evolution of 
input pattern 

Connection Waves 

Superposition 
of waves 

created by 
input pattern 

Output neuron Detector screen Pattern 
interference 

Weight Link Phase shift 
Table 1 ANN vs QNN 

IV QNN ADVANTAGE OVER ANN 
In QNN, N-set of training patterns forms a set of N-

homogeneous components and each training pattern is 
channeled to one component part and the set of weights 
connected to this component is changed to learn this training 
pattern. Due to the independent components for each training 
pattern, interference does not take place in the learning patterns. 
However, in a classical convolutional neural network, there is 
the possibility of pattern interference and the result is that the 
network unlearns, a form of catastrophic forgetting. 
Using different components in QNN separates the pattern and 
prevents this catastrophe.. It is required in a classical 
convolutional neural network, but in a quantum neural network 
there is no necessity of a decision plane to separate the patterns 
into classes. The components are trained as a superposition of 
networks.  It is also possible to first train classical networks and 
then combine them into a superposition of classes [22]. 
With a quantum neural network, training time is minimal as 
compared to classical neural network.  

V.  QNN OBSTACLES TO IMPLEMENTATION 

• Quantum Coherence – The system needs to maintain
coherence until the computation is complete. However, the 
Quantum system interacts with the environment; it is not 
possible to maintain the coherence. 

• Connections – The connections is measured by
entanglement of qubits. The measurement is the the main 
obstacle for entanglement. 

• The qubits need to form quantum perceptrons in order to
achieve an optimal quantum neural network. 

• A training algorithm specifically for a quantum neural
network needs to be utilized, instead of using training 
algorithms designed for classical computers. 
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VI. CONCLUSION AND FUTURE WORK

The Quantum Neural Network is still only theoretical. Since 
the three major obstacles to making it real have each had recent 
research breakthroughs, this powerful deep learning method 
will be possible very soon. There are lots of areas for growth 
and change as these breakthroughs become translated into 
practical experiments on real quantum computers. Once we are 
able to build and configure the neural network machines with 
optimal learning behavior, we can revolutionize the execution 
of computing behavior in exponential time. This will 
completely change deep learning and all of the ways we use it 
to improve the lives of mankind. There is the promise that 
researchers using quantum deep learning will soon solve 
previously unsolvable problems. In our future research, our 
goal is to build and train a quantum computing deep learning 
neural network program utilizing the circuit design of the new 
quantum perceptron, which we must test and improve, using the 
design of the quantum network training algorithm, and then run 
our neural network program on a real quantum computer, now 
available to researchers. 
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