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Abstract

Tremendous progress has been witnessed in artificial intelligence within the domain of neural
network backed deep learning systems and its applications. As we approach the post Moore’s
Law era, the limit of semiconductor fabrication technology along with a rapid increase in data
generation rates have lead to an impending growing challenge of tackling newer and more modern
machine learning problems. In parallel, quantum computing has exhibited rapid development in
recent years. Due to the potential of a quantum speedup, quantum based learning applications
have become an area of significant interest, in hopes that we can leverage quantum systems
to solve classical problems. In this work, we propose a quantum deep learning architecture;
we demonstrate our quantum neural network architecture on tasks ranging from binary and
multi-class classification to generative modelling. Powered by a modified quantum differentiation
function along with a hybrid quantum-classic design, our architecture encodes the data with a
reduced number of qubits and generates a quantum circuit, loading it onto a quantum platform
where the model learns the optimal states iteratively. We conduct intensive experiments on
both the local computing environment and IBM-Q quantum platform. The evaluation results
demonstrate that our architecture is able to outperform Tensorflow-Quantum by up to 12.51%
and 11.71% for a comparable classic deep neural network on the task of classification trained
with the same network settings. Furthermore, our GAN architecture runs the discriminator and
the generator purely on quantum hardware and utilizes the swap test on qubits to calculate
the values of loss functions. In comparing our quantum GAN, we note our architecture is able
to achieve similar performance with 98.5% reduction on the parameter set when compared to
classical GANs. With the same number of parameters, additionally, QuGAN outperforms other
quantum based GANs in the literature for up to 125.0% in terms of similarity between generated
distributions and original data sets.

Keywords— Quantum Machine Learning; Quantum Deep Learning; Quantum Generative Adversarial Net-
works; Quantum State Fidelity
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1 Introduction

In recent years Machine Learning has seen astronomical growth, with large strides being made in algorithms
and computational power, ubiquitous Machine Learning use cases and an explosion in rate of global data
generation. The learning system has been deployed in various applications, such as edge computing [28, 16,
1, 2, 41], cloud computing [40, 51, 39, 38]. Our daily interactions with machine learning have become so wide
spread that we barely pay attention to it anymore, with auto-edits on our photos to music recommendations
generated a rate that exceeds what we could ever consume. With this said, the motivation for the search
of improvements in the field of Machine Learning is very easily motivated. Machine learning continues to
provide prodigious utility to an ever growing multitude of industries, from life saving applications of detecting
lung diseases [7] to autonomous driving [42].
One branch of Machine Learning that has seen phenomenal success is Deep Learning [26, 34, 56, 55, 24], a
neurological inspired machine learning architecture. Deep learning has drawn tremendous interest in recent
decades from industry and academia, with the architecture being extremely successful in a multitude of fields
from scientific data processing [43, 53], to image and speech recognition [33, 29]. With every machine learning
architecture however, there comes a plethora of cons to its pros. With deep learning, these lie mostly with
the computational complexity of the models as well as the inability to interpret models efficiently. As we
stride towards more complex deep learning and improved deep learning models, we quickly find that the
computational complexity of proposed models becomes infeasible. This is not necessarily a Deep Learning
problem, but a common machine learning model problem, where the algorithms are plagued by this compu-
tational complexity issue, with training times growing out of reach as data sets and parameter counts grow.
Therefore, there is significant motivation to find solutions to improve the efficiency of deep learning models
and machine learning models in general.

Many approaches look at improving the classical algorithms, however one field of machine learning that is
taking a fundamentally different approach to solving machine learning algorithms, and has gained significant
interest over the recent years is Quantum Machine Learning. This sub field of machine learning is relatively
unexplored as it proves to be a very challenging discipline, requiring the marriage of Quantum Physics,
Statistics, Mathematics and Computer Science. Research within this field is challenging, hence leading to
this research field being relatively new and niche. Although it is a niche sub field, there is still significant
interest in what progress can be made in Machine Learning through the assistance of Quantum Computers.
Quantum Computing needs little introduction to its eye-catching name, and Sci-Fi associations, however
most readers most likely will not actually know how a quantum computer works and why it is not in fact
science fiction. Quantum computers can complete specific tasks that might be deemed infeasible on classical
computers. This was completed for the first time recently by Google, in a landmark paper demonstrating
Quantum Supremacy [5] where a computational task took 200 seconds on a quantum computer, but by
equivalent benchmarks would take 10,000 years on a classical computer. Previous to this, there was a large
amount of anxiety in the Quantum Computing community around if a quantum speed up could actually be
attained. However, with this demonstration, we know that certain algorithms can be sped up on quantum
computers, thus highly motivating the Quantum Computing community and its associated research. This
allure of quantum supremacy is a significant driver behind the motivation to search for Quantum Machine
Learning algorithms. Quantum Machine Learning’s broad aim is to use Quantum Computers to drastically
improve classical machine learning algorithms, or to find machine learning algorithms specific to quantum
computers, through the translation of classical algorithms mathematics to a quantum applicable algorithm.
These translations can be shifts of a classical algorithm to a quantum algorithm, or a completely novel algo-
rithm that only runs on quantum computers.

4

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2021                   doi:10.20944/preprints202103.0583.v1

https://doi.org/10.20944/preprints202103.0583.v1


Samuel A. Stein 5

2 Background

2.1 Quantum Computing Basics and Concepts

In the following section, we aim to give a basic introduction to quantum computing and its fundamentals.
Quantum computers operate on a fundamentally different architecture than classical computers. Classical
computers operate through binary digits (bits), representing data through combinations of 1’s and 0’s. Ev-
erything we see, consume or interact with in the classical computing world is some combination of 1’s and
0’s, representing the most complex of data structures, playing audio, changing pixel colors and every task a
computer accomplishes. Quantum computers, however, operate through a fundamentally different style of
data - namely quantum bits (qubits). Qubits can be in a state of either 1 or 0, similar to bits in classical
computers, but can also be placed in a probabilistic state of both 1 and 0 at the same time, namely superposi-
tion. Superposition is one of the core fundamental ideas to quantum computing, and is one of the significant
differentiates between classical mechanics and quantum physics. An extension on the Schrodinger’s cat ex-
periment can be a good preamble to understanding superposition.
Schrödingers cat says that if you put a cat in a box with food and poison, then seal the box up, you do not
know if the cat is alive. The only way to determine if the cat is alive is by opening the box. We might be
able to gain some intuition to the chance of the cat being dead or alive by the amounts of food and poison we
put in the box. If we put in 1% poison and 99% food, we could make an educated guess saying that the cat
is probably alive. However, if we did the experiment 10,000 times, we might observe that sometimes the cat
is indeed dead. More often than not though, we would find the cat to be alive as it would have most likely
eaten the non-poisonous food. What we can do though to change our cats chances is shift the ratio of cat
food to poison. As we increase the amount of poison in the box, the chance of the cat being alive shrinks.If
we have a system of equal parts poison and cat food, we would expect to observe that half of the time the
cat would be alive, and the other half dead. If we added more poison to say 99% poison and 1% food, we
would expect the cat to be dead more often than not. One notable observation of our experiment is that if
we took a system of our cat, observed it was dead, then closed the box and waited an hour, and re-observed
it, it would remain dead. As morbid of a thought experiment Schrödingers cat is, it serves as a great analogy
to qubits. Quantum systems are the exact same. We prepare them in these probabilistic state of between
”dead” (1) and ”alive” (0).
With the slight detour of Schrödingers cat described, we hope that the analogy might make the following
section marginally easier to understand. Although a qubit can be both in a simultaneous state of 1 and 0,
we can never directly observe this. When a qubit is measured, the qubit will fall out of superposition and
collapse into one of two possible states (i.e 1 or 0). Although we cannot directly measure and describe a
qubit’s state with one observational collapse, if we keep repeating this process, the qubit will measure 1 or 0
in a proportion correlated to the superposition it was prepared in. To indicate quantum mechanical states, a
specific notation is used, namely the 〈bra| and |ket〉 notation, where 〈bra| indicates a horizontal state vector
(1×n vector) and |ket〉 a vertical state vector (n× 1 vector). The chance of collapsing into 1 or 0 is directly
related to how said qubit was placed in superposition. The measuring of the states 1 or 0 is by choice, and
measurements are in fact up to how one interprets measuring a qubit. This is best understood through the
Bloch sphere visualization, visualized in Figure 1. As visualized in Figure 1, the quantum state of |φ〉 is
some quantum state in between |0〉 and |1〉. However, this state is also in between the x-axis, and the y-axis.
When measuring a qubit, one can measure in any direction. The most common being the Z-axis, i.e. the
|0〉 and |1〉 states, however one can also measure across the x-axis, y-axis, or any axis parameterized by a
horizontal angle and a vertical angle.
We briefly relate this thought process to how the Schrödingers cat thought experiment, where we are asking
the question ”is the cat dead or alive”. However, there are many questions that can be asked, such as ”is the
poison gone or not”, or ”is the food eaten”. These are all correlated, however they all imply different results.
This is mentioned as it highlights how quantum systems give answers based on the ”question” they are being
asked. In the case of qubits, this ”question” is the direction we are measuring in; be it left, right or any
other direction. The sole constraint one must abide by is that the resulting measurement will always be one
of two orthogonal unit eigen vectors on the axis we are observing on. For example, in the case of the x-axis,
one could measure either the x-axis pointing inward or outward. For this paper, we only consider the case

5
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Figure 1: Bloch Sphere Representation

where possible measurement results are 1 or 0, however understanding how qubits are measured is included
for completeness and better quantum computing understanding. As mentioned prior, the quantum state of
|φ〉 is some arbitrary qubits superposition. The vector, namely the state vector, describes the probability
distribution of measuring certain outcomes from the quantum state it describes relative to the axis we are
measuring. Using this notation, we introduce a common representation describing a single qubit state relative
to the states |0〉 and |1〉 using |ket〉 notation, as shown in Equation 1.

|Ψ〉 = α|0〉+ β|1〉 (1)

The |Ψ〉 indicates the state vector describing a single qubits superposition. The α and β indicate the square
root probabilities of the qubit measuring in said coefficient’s state. The probability of measuring |0〉 is equal
to α2, and |1〉 is equal to β2. Therefore, when performing operations on these quantum states, we can describe
how much it will affect our observation probabilities by looking at how the operations affect the overall state
vector. Examples of the state vector representation of quantum states are presented in Equation 2.

|0〉 =

[
1
0

]
, |1〉 =

[
0
1

]
, |Ψ〉 =

[
α
β

]
(2)

It is of little use to only be able to describe one qubit. Most systems comprise of more than 1 qubit, and
with quantum entanglement,which we cover later, there is a requirement of holistic state views instead of
single qubit state vector descriptions. Therefore we introduce how one describes the state of two qubits, we
take the tensor product (⊗) between two quantum states of a qubit.

|φ〉 = γ|0〉+ ω|1〉 (3)

Taking the tensor product of single qubit states, described in Equation 2 and 3, we can describe a quantum
state vector of multiple qubits. The quantum system can be represented by a probability distribution of
attaining 00,01,10, and 11, shown in Equation 4

|Ψφ〉 = |Ψ〉 ⊗ |φ〉 = γα|00〉+ ωα|01〉+ γβ|10〉+ ωβ|11〉 (4)

This tensor product procedure is the same for all quantum states of varying qubit counts, however as is
noted this space is exponential. The number of possible measurable is equal to 2n, where n is the number

6
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of qubits. This exponential state space is part of the power of quantum computers, however simulating
the states rapidly becomes computationally challenging. This is easily understood when realizing that the
number of possible outcomes of n qubits, where each qubit has 2 outcomes, is similar to that of flipping
a coin. n coin flips has 2n possible outcomes, similar to a quantum system of n qubits. As we grow our
parameter count space, we still must abide by the laws of probability. Therefore, all quantum state vector
coefficients squared-sum must equal to 1, due to the laws of probabilities.
Having established how quantum systems work and how data flows, we now bring light to quantum data
manipulation. Similar to classical systems, we make use of quantum gates. To manipulate a quantum state,
quantum computers make use of quantum gates. These quantum gates are operations that manipulate the
probability amplitudes over the quantum state space. Quantum gates can operate on 1 or multiple qubits.
One of the most important and commonly recognized single-qubit gates is the Hadamard gate – mapping a
qubit from the basis state |0〉 or |1〉 to an equal superposition of |0〉 and |1〉. Gates are described by a 2n×2n

matrix, where n is the qubit count involved over the gate. Arguably one of the most important and iconic
gates in Quantum Computing is the Hadamard Gate. The Hadamard Gate takes in a qubit in the state of
|0〉 or |1〉 and will transform the state into an equal superposition of both |0〉 and |1〉; In this state relating
to Equation 2, α = β = 1√

2
.The matrix representation of a Hadamard gate is described in Equation 5

H =

[
1√
2

1√
2

1√
2
− 1√

2

]
(5)

To describe the state change of a qubit after being passed through a quantum gate, the transformation of
|Φnew〉 = GATE|Φold〉 is performed, with |Phinew being the qubits state leaving the gate. This state change
through quantum gate operations is illustrated in Equations 6 through 8, where a qubit in the state of |0〉 is
passed through a Hadamard gate.

|φin〉 =

[
1
0

]
(6)

|φout〉 =

[
1√
2

1√
2

1√
2
− 1√

2

] [
1
0

]
(7)

|φout〉 =

[
1√
2
1√
2

]
=

1√
2
|0〉+

1√
2
|1〉 (8)

As seen in Equations 6 through 8, the transformation of quantum states through gates is described through
unit unitary linear matrix operations. Equations 9 through 15 introduce the specific quantum gates that
are pertinent to this paper.. As an aside for the avid reader, all quantum gates must be unitary hermitian
matrices:

RY (θ) =

[
cos
(
θ
2

)
− sin

(
θ
2

)
sin
(
θ
2

)
cos
(
θ
2

) ]
(9)

RZ(θ) =

 e−i
θ
2 0

0 e−i
θ
2

 (10)

CRY (θ) =


1 0 0 0
0 1 0 0

0 0 cos θ2 − sin θ
2

0 0 sin θ
2 cos θ2

 (11)

CRZ(θ) =


1 0 0 0
0 1 0 0

0 0 e−i
θ
2 0

0 0 0 e−i
θ
2

 (12)

7
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RY Y (θ) =


cos θ2 0 0 i sin θ

2

0 cos θ2 −i sin θ
2 0

0 −i sin θ
2 cos θ2 0

i sin θ
2 0 0 cos θ2

 (13)

RZZ(θ) =


e−i

θ
2 0 0 0

0 e−i
θ
2 0 0

0 0 e−i
θ
2 0

0 0 0 e−i
θ
2

 (14)

CSWAP =



1 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 1 0 0 0
0 0 0 1 0 0 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1


(15)

The gates described in equations 9 through 14 allow us to completely manipulate a quantum state, both
when measuring for a |1〉 or 0〉 and when measuring against some arbitrary axis described by a horizontal and
vertical angle. The gate described in 15 will swap two quantum states, |φ〉 and |ψ〉, if a qubit it is controlled
on measures as a 1〉. This is tied to quantum entanglement, which is covered in the proceeding section. These
gates form the foundation of quantum data processing within our work: taking in some quantum data and
performing parameterized operations to produce new manipulated quantum data. Combining these gates
with a set of qubits into a sequence of quantum gates operating on qubits at different time steps all in some
state forms the foundation of a quantum circuit. Designing quantum circuits with quantum gates and qubits
allows for quantum state manipulation, however to attain a classical result from a quantum circuit one needs
to add classical bit streams in parallel. In order to observe a result, a measure gate is introduced to map a
qubit onto a classical bit, thereby measuring the aforementioned collapse of a 1 or 0. Measuring one quantum
state would be of little use, as a classical computer could simply do the calculation instead. Rather, quantum
computing’s utility comes from the fact that we can sample a distribution of the qubits measuring 1 and 0
over a large number of iterations, generating a probability distribution.

2.2 Quantum Entanglement and SWAP Test

Another fundamental topic of quantum computing is entanglement. Quantum entanglement is a phenomena
where by measuring one qubit, one immediately knows information about the state another entangled qubit
will measure as. Quantum Entanglement can broadly be thought of as the premise that when qubits become
entangled, their states can no longer be described independently of each other and they must be described
in one holistic state, and their dependence and interaction with each other persists no matter the distance
between them. Two qubits that are entangled and that are on opposite ends of the universe will exhibit
their entanglement properties faster than the speed of light could travel between them. This is another
key distinguishing topics of quantum systems over classical mechanics. Entanglement can get exceptionally
confusing, and is best understood through the math behind Bell’s experiment, where the measurement of one
qubit tells you what another qubit will measure as. A saying that comes up continually in quantum physics
is to not obsess over finer details and just follow the math, for it will all make sense.
Bell’s experiment consists of two qubits, namely qubits |φ〉 and |ψ〉. Both of these qubits are initialized in
the state of |0〉. We pass the |φ〉 qubit through a Hadamard gate, resulting in the following system transition:

|φ〉 = H|0〉 =

[
1√
2
1√
2

]
|ψ〉 = |0〉 =

[
1
0

]
(16)

8
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We now can describe our entire system by taking the tensor product between the qubits |ψ〉 and |φ〉:

|φ〉 ⊗ |ψ〉 = |φ〉 =


1√
2

[
1
0

]
1√
2

[
1
0

]
 =


1√
2

0
1√
2

0

 (17)

|φψ〉 =
1√
2
|00〉+ 0|01〉+

1√
2
|10〉+ 0|11〉 (18)

What we observe in Equation 18 is that the possible states that could be observed is either a |00〉 or |10〉.
Therefore, the second qubit will measure 0 no matter what, but the first qubit will measure 1 or 0 with equal
probabilities. We proceed by applying a CNOT gate to this quantum state:

CNOT =


1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 (19)

|φψ〉out = CNOT |φψ〉in (20)

|φψ〉out =


1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0




1√
2

0
1√
2

0

 (21)

|φψ〉out =


1√
2

0
0
1√
2

 (22)

|φψ〉 =
1√
2
|00〉+ 0|01〉+ 0|10〉+

1√
2
|11〉 (23)

Qubits can become entangled by being operated on by certain gates, such as the CSWAP gate described in
11. This phenomenon is very powerful, as in the case of machine learning, we can create entangled states
where information from a certain dimension affects the information in other dimensions. The parameterized
gate used in this paper which leads to entanglement, known as the CRy(θ) and CRz(θ)gate, is described in
Equations 11 and 12. These gates is how we accomplish trainable entanglement within our paper.
One extremely useful use of entanglement is the SWAP test. Measuring quantum state fidelity can be done
through the use of the SWAP test. The SWAP test is a quantum algorithm that measures the fidelity between
two quantum states through the use of a CSWAP gate, and two Hadamard gates and two quantum states
one wants to measure the fidelity of. The SWAP test algorithm requires two quantum states, |ψ〉 and |φ〉,
whose similarity is to be measured, and a qubit in state |ξ〉 = 1√

2
|0〉+ 1√

2
|1〉. The two states of |ψ〉 and |φ〉 are

Control-SWAPped with the control qubit being |ξ〉, where the states are swapped if |ξ〉 qubit measures |1〉.
This leads to the state of |ξ〉 being entangled with the other states, and having its probability of measuring
|1〉 being dependent on the fidelity between |φ〉 and |ψ〉. If |φ〉 and |ψ〉 are orthogonal (i.e as different as can
be), |Φ〉 will measure 1 with a probability of 0.5. As the states become more similar, the probability increases
towards 1, where 1 indicates the states are the same. This is visualized in Figure 2, where the anicilla qubit
starting in state |0〉 is the aforementioned |ξ〉 qubit.

9
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Figure 2: SWAP Test
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Figure 3: Quantum Deep Learning Layers

2.3 Quantum Deep Learning

Quantum Deep Learning is a relatively new approach to Quantum Machine Learning that takes quantum
circuits and applies similar training techniques and learning methods of how classical neural networks work
[15, 25, 6]. In traditional deep learning layers are often used, where a layer is some large transformation
function that takes in a set of inputs, and outputs a set of outputs, where the number of inputs does not
necessarily equal the output. These functions are connected in series, sometimes in parallel, and typically
trained through the use of back propagation [26, 15]. Deep learning can be characterized as some function
taking in variables [x1, x2, ..., xn] parameterized by [θ1, θ2, ..., θn], applying a transformation, outputting some
variables [y1, y2, ..., yn]. This can broadly be thought as Y = f(X, θ) This data flow through layers to
some output is similar to how quantum circuits operate. Similar to how classical deep learning models are
designed, the way this data flows through time is up to the practitioner, who chooses and designs their
network according to their needs.
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3 Related Work

3.1 Quantum Deep Learning

With the recent advances in this field, quantum computing introduces exciting possibilities to enhance the
existing learning algorithms and architectures through qubits, the basic unit in quantum information theory.
Great efforts have been made to develop a quantum based learning algorithms. In [25], authors conduct a
comparative study of classic deep learning architectures with various Quantum-based learning architecture
from a different perspective. The first challenge researchers encountered is how to represent classical data
(binary states) with quantum states. Different methods have been proposed to address it [18, 57, 36]. Cortese
et al. [18] discusses a set quantum circuits and associated techniques that are capable to efficiently transfer
binary bits from the classical domain into the quantum world. However, the proposed methods require
Log2(N ) qubits and O(Log(N )) depth to load N bits classical data. Aiming to reduce the complexity,
qGANs [57] utilizes quantum Generative Adversarial Networks to facilitate efficient learning and loading of
generic probability distributions, which implicitly given by data samples, into quantum computers. With the
data loaded into quantum states, authors in [3, 45, 8, 10, 46, 14, 13] constructed quantum versions of classical
machine learning algorithms, such as K-means and support-vector machine, to address classical learning
problems, e.g. pattern recognition. Many of these works utilize various quantum states and operations are
studied to measure the relative distance between classical data points. For instance, with a basic quantum
interference circuit that consists of a Hadamard gate and two single-qubit measurements, [46] is able to
evaluate the distance measure of two data points. As quantum computers quickly evolve, quantum neural
networks rapidly gained attention in the field. A neural network architecture for quantum data has been
proposed in [23], which utilizes the predefined threshold to build a binary classifier for bit strings. With
quantum deep learning however, a method of performing gradient descent needs to be developed. Focusing
on optimizing variational quantum circuits, Stokes et al. [49] introduces a quantum generalization of natural
gradients for general unitary and noise-free quantum circuits. Iterations on these base quantum deep learning
models continue to be proposed, such as a design of a quantum convolutional neural network proposed in
[17] with guaranteed O(Nlog(N)) variational parameters for input sizes of N qubits that enables efficient
training and implementation on realistic, incoming quantum computers. Based on a general unitary operator
that acts on the corresponding input and output qubits, authors in [6] propose a training algorithm for
this quantum neural network architecture that is efficient in the sense that it only depends on the width
of the individual layers and not on the depth of the network. More recently, QuantumFlow [31] proposes a
co-design framework that consists of a quantum-friendly neural network and an automatic tool to generate
the quantum circuit. The existing works primarily investigate binary classification, which is an important
problem. This problem setting, however, significantly limits the scope of the designs. Furthermore, many
solutions suffer from having low accuracy’s, missing a comprehensive quantum architecture, and requiring an
infeasible number of qubits. We introduce a quantum architecture that employs a quantum state based loss
function and a quantum-classic hybrid architecture that addresses the current limitations in classification.

3.2 Quantum Generative Adversarial Networks

GANs are a deep learning architectures where two networks compete against one and other, with each
network trying to fool the other [27]. The model is comprised of a real data set (x), a Discriminator (D) and
a Generator (G). The discriminator’s objective is to be able to correctly classify between real data and fake
data synthesized by G.The generator’s objective is to synthesize samples that the discriminator will classify
as real. Due to this architecture, GANs are agnostic of the type of data they are fed, however performance
is strongly dictated by the network architecture [52]. In traditional generative networks, some distribution
pz is sampled from where G uses this sample to synthesize a sample fed to D. D is fed with both real data
x and data synthesized by G. The discriminator’s output is a probability, and its goal is to maximize D(x)
and to minimize D(G(pz)). The generator’s goal is to maximize D(G(pz). If we label the real data as 1 and
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fake data as 0, this min-max optimization problem described in Equation 24.

minGmaxDV (D,G) = Ex pdata(x) [log(D(x)]+

Ez pz(z)[log(1−D(G(z))]
(24)

GANs show exceptional results in computer vision [52] and even in time-based domains such as music com-
position [21]. These results only get better, with significant strides being made on classical GANs every year
[4, 52]. One direction within GAN-related research is the potential of quantum GANs. The conceptual trans-
lation between a classical GAN and a quantum GAN is relatively intuitive, as the generator network’s task is
to learn the underlying probability distribution of a real data set and quantum computers produce probability
distributions instead of discrete values. Current works propose the use quantum GANs for uses ranging from
attempting to attain a quantum speed up, or for data loading onto quantum computers [36, 30, 57, 50, 6, 15].
For example, Zoufal et al. [57] presents qGAN to learn random distributions for financial applications. Their
work, however, is only extended to one dimensional data learning, and displays instability within their models
evaluation. Furthermore, they make use of a classical discriminator, and hence making their qGAN only a
partial quantum GAN that might not be fully accelerated by quantum systems (we use Qi-GAN to refer
to the results of qGAN in the evaluation section to better distinguish between our proposed QuGAN and
qGAN). Another example is [19]. In this project, authors present quantum GAN architecture. However, their
learning is sporadic and inconsistent, with random convergence and no clear trend. Based on the quantum
state based loss functions with modified quantum state based loss functions, the proposed QuGAN provides
a more stable version of quantum GANs.
Extending our work on quantum deep learning for multi-class classification, we theoretically study the quan-
tum inspired algorithms [12, 11] and employ our architecture on a Quantum GAN [48] and illustrate signifi-
cantly better learning stability and an extension on current literature’s Quantum GAN data set domain.
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4 Design: Quantum Deep Learning Architecture

4.1 System Design for Classification

Our proprietary quantum deep learning architecture operates through a feedback loop between the Classical
Computer and the Quantum Computer, illustrated in Fig. 4. Data is initially parsed through cleaning and
normalization, removing any significant outliers. We normalize our data as the expected value of a qubit
can only range from 0 to 1, as those are the measurable states. Data is parsed and qubitized through a
quantum data encoding algorithm transforming classical data into quantum data, and is now in the form of a
classical quantum data set. The data set is now comprised of classical parameters to prepare a quantum state
representing each data point. For each class in the dataset, a quantum state is initialized with the same qubit
count as the number of qubits in the classical quantum data set. The quantum states along with quantum
classical data are sent to a quantum computer, where the quantum circuit is created using the parameters
and gates that come from the classical computer. The quantum computer calculates a quantum-metric of
loss between the data, and sends the loss metric back to the classical computer. The classical computer
uses this information to update the learned state parameters to minimize the loss. This is iterated until the
desired convergence or sufficient iterations have been completed. This iterative quantum machine learning
architecture is similar to that in [47, 48].

Input
Dataset

Output
Dataset

Quantum
Data Loading

Quantum Learned
States Loading

Quantum
SWAP Test

Quantum Qubit
Measurement

Quantum
Computer

Data
Cleaning

Data
Transformation

Quantum Circuit
Initialization

Quantum Data
Preparation & Update

Classic
Computer CPU

Figure 4: Quantum-Classic Deep Learning

4.2 Quantum Layers

The design of a quantum neural network can be separated into layer architecture and layer count. The
abstraction of quantum layers is not new, broadly referenced to as a Variational Quantum Circuit [15],
however our direct layer architecture is proprietary to this research. Layer architecture involves designing a
layer based on the desired style of manipulation of the quantum state. These are broken down into single
qubit unitaries, dual qubit unitaries, and controlled qubit unitaries. Single qubit unitaries involve rotating a
single qubit by some parameters θd.
A qubit enters a single qubit unitary, drawn in Fig. 5, in a certain state, undergoes a rotation around the Y
and Z axis, leaving it in the final state. A rotation around the Z and Y axis allows for complete manipulation
of a single qubit.
With a dual qubit unitary, drawn in Fig.6, two qubits enter in their each respective gate, followed by an
equal Y and Z rotation on both qubits. The rotary vector performed on both qubits are equal.

13

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2021                   doi:10.20944/preprints202103.0583.v1

https://doi.org/10.20944/preprints202103.0583.v1


Samuel A. Stein 14

Figure 5: Single Qubit Unitary

Figure 6: Dual Qubit Unitary Figure 7: Entanglement Unitary

The final style of qubit operations we mention are entanglement operations, drawn in Fig.7. Entanglement
operations lead to ties between qubits, having other qubits be affected based on the measured result of prior
qubits. This layer exploits a powerful aspect of quantum computing, allowing for qubits to be manipulated
based on what the outcome of other qubits end up in. In the above layer design, two qubits are passed in
with one qubit being designated a control qubit. If the control qubit measures |1〉, the operation of RY (θ)
will have happened on the other qubit, similarly with the CRz(θ) operation.
We can combine these unitaries to form a quantum layer, parameterized by each independent θ in the layer,
where the layer is seen as a group of these operations, however the layered approach allows for a higher level
design.

Figure 8: Layered Quantum Deep Learning Architecture

The use of these, drawn in Fig. 8, layers allows for the abstraction to a layered design, similar to that of
traditional deep learning. Each layer is similarly parameterized by some set of values θd. These parameters
can be trained such that the final output of the quantum circuit minimizes some cost function. However,
in a quantum setting, minimizing some cost function is more abstract as quantum data is not necessarily
measurable, and to what extent we want to measure it. Therefore, this requires explicit and competent
system design targeted to accomplish the task at hand. In our case of multi class classification we make use
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of multi-class cross-entropy along with the SWAP test to train our network. For our GAN architecture, we
make use of a similar SWAP test architecture however with a Generator/Discriminator loss function instead
and an extra quantum deep learning model.

4.3 Data Qubitization

An often overlooked discussion in quantum machine learning papers is how to represent classical data in the
quantum setting. We propose the following approach, whilst acknowledging that there may be better ways
to accomplish data encoding on quantum systems. Some data x1, x2, ..., xn of dimension d can be translated
into a quantum setting by normalizing each dimension di to be bound between 0 and 1. This information is
now in the same domain as the possible expectation measurement of a qubit. Encoding a single dimension
data point only requires one qubit, unlike classical computing which requires a long string of bits to represent
it. To translate traditional value xi into some quantum state, we perform a RY gate parameterized by the
following function: RY (θxi) = 2sin−1(

√
xi). This results in the expectation of a qubit being measured against

the Z axis equating to the x value from the traditional data. We make use of two parameterized rotation on
one qubit initialized in state |0〉 to prepare classical data in the quantum setting. To encode a data point,
we prepare this rotation across d

2 qubits, each parameterized by each dimension normalized value of that
data point. It is worth noting that the 2-dimensional encoding onto one qubit can be problematic in extreme
values of x, however we explore the dual dimensional encoding as a possibility and evaluate the performance
if we encode each dimension of data into one respective qubit solely through a RY Gate. Furthermore, as we
are never actually going to measure the data qubits due to the use of the SWAP test, this is less of a problem.
Therefore, we encode the second dimension of data on the same qubit through the following rotation:

RZ(θxi+1) = 2sin−1(
√
xi) (25)

The use of a second dimension on one qubit when taking measurements would usually be problematic, as
well as the differentiation being used in this paper states that it is only viable for qubits being measured
along two orthogonal eigen vectors. However, we never actually measure our quantum states as we use the
SWAP test and hence the use of 2 dimensions per qubits with this differentiation formulation is acceptable.
When number of qubits is a concern or qubit counts are infeasible, methods that will reduce this number
are extremely valuable. Classical data encoding in quantum states has no method that is tried and tested,
therefore our approach can certainly be easily critiqued. However, when tested the approach seems to be a
viable approach to the problem.

4.4 Implementation of The Swap Test

When training a network to accomplish a task, an explicit description of a system improvement goal needs to
be established. In the quantum setting, we could be manipulating the expected values of each qubit in some
way, but even this is ambiguous - we haven’t defined which direction we would measure in or what our iteration
count would be for measuring expectation with lower iteration counts leading to more noise. Fortunately for
our system, due to the SWAP test we do not need to measure more than one qubit. The measurement of
the anicilla qubit, outlined in Fig.2, measures the quantum state fidelity between two quantum states. This
fidelity can be translated to the deep learning setting as an activation with a target. In the case of binary
classification, each data point is represented in a quantum state represented by |φ〉, which can be used to
train |ω〉 such that the SWAP test distance between the states is minimized. The approach is modelled as:

mind(Cost(θd, X) =
1

n

n∑
i=1

SWAP (|φX(i)〉, |ω〉) (26)

Where θd is a collection of parameters defining a circuit, x is the dataset, φx(i) is the quantum state repre-
sentation of data point i, and ω is the state being trained to minimize the function.
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4.5 Optimization of the Quantum Circuit

Optimization of parameters in iterative machine learning algorithms can be performed through gradient
descent of the cost function. For the case of classification, we want to maximize the similarity - quantum
fidelity - of a quantum state and labeled data of label λi, and minimize the similarity between the quantum
state and data that is not λi. This probabilistic distance between states seems to naturally lead us to believe
that the binary cross entropy function will be well suited to the problem.

Loss = −ylog(p)− (1− y)log(1− p) (27)

Where y is 1 if it is the targeted label λ, and 0 otherwise, and p is the value the SWAP test returned. In the
case of a GAN, the original formulation indicated under Equation 24 would be what we would optimizing
for. Therefore, we are maximizing fidelity of real data to a quantum state and reducing fidelity of fake data
to a quantum state. This training happens whilst we also try to allow a quantum state to generate samples
similar to that of the discriminator quantum state. However, when handling quantum fidelity, the swap test
returns probabilities between 0.5 and 1, therefore we scale these probabilities to be between 0 and 1, as well
as ensure that they are always positive to avoid invalid logs. Due to noise, similarities of less than 0.5 can
occur, hence the requirement of the absolute value function.

p = abs(
n1

n0+n1
− 0.5

0.5
) (28)

The use of the above loss function gives us an indication of the current “quality“ of our circuit, to which we
want to minimize the loss function. To differentiate our quantum circuit we use a modified version of the
parameterized difference; where our modification is to include a

√
epsilon to encourage smaller parameterized

differences at later epochs of training:

δCost

δθi
=

1

2
(f(θi +

π

2
√
ε
)− f(θi −

π

2
√
ε
)) (29)

Where θi is one theta value in the parameter matrix, Cost is how sensitive the overall cost of the circuit
is to that parameter, and ε is the current epoch training the circuit. Our differentiation method improves
the vanishing gradients problem. The introduction of ε in the parameter leads to initial large steps being
taken as the direction is clear as to which direction leads to better performance, however as the scope of the
function is π, a rotation of that magnitude can skip over the minima, or even lead to a gradient of 0 and
hence stall.

4.6 Binary and Multi Class Classification using Quantum Deep Learning

The p value returned from the measured and processed SWAP test gives a measure of similarity between a
data point and a state trained to discriminate between a class data point and non-class data points. In the
case of binary classification, if we were to take the traditional approach of taking the boundary line of p < 0.5
means it is most likely not the class, and p > 0.5 means it is most likely the class, we run into problematic
results. This is due to the distance between Class 0 data and Class 1 data possibly being less than the SWAP
tests equivalent distance of 0.5. Therefore, in the case for binary classification, a decision boundary needs to
be solved for such as to maximize the correct classifications. As a solid example, if Class 0 SWAPped with
state |φ〉 - which tries to correctly classify data points as 1 or not-1’s - averages a similarity of 60%, and Class
1 SWAPped with similarity of 90%, we would want our decision boundary to most likely lie between 60 and
90%, with the actual number being calculated such as to maximize the evaluation metric of the system.
Using a quantum discriminator state to discern between classes 0 and 1 is useful, however more often than
not data sets have significantly more than 2 classes. We propose the solution to this that is similar to that of
traditional neural networks. Instead of training one state, we train multiple states against different classes,
and soft-max the probabilities over the sum of all state’s probabilities. The largest probability is then the
classified state. This would lead to their being state |φ〉i where i is the class, and therefore the number of
states being k where k is the number of classes.
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Algorithm 1 Quantum Algorithms

1: Data set Loading
Dataset : (X|Class = mixed)

2: Distribute Dataset X By Class
3: Parameter Initialization:

Learning Rate : α = 0.01
Network Weights : θd = [Rand Num btwn 0 - 1× π]
epochs : ε = 25
Dataset : (X|Class = ω)
Qubit Channels : Q = nXdim × 2

4: for ζ ∈ ε do
5: for xk ∈ X do
6: for θ ∈ θd do
7: Perform Hadamard Gate on Q0

8: Load xk
Quantum−−−−−−−−→

Data Encoding
Q
Q1−→QCount

2
+1

9: Load θd
Quantum−−−−−−−−→

Learned State
QQCount

2
+1−→QCount

10: Add π
2
√
ζ
−→ θ

11: ∆fwd = (EQ0f(θd)
12: CSWAP(Control Qubit = Q0, Learned State Qubit, Data Qubit)
13: Measure Q0

14: Reset Q0 to |0〉
15: Perform Hadamard Gate on Q0

16: Subtract π√
ζ
−→ θ

17: CSWAP(Control Qubit = Q0, Learned State Qubit, Data Qubit)
18: Measure Q0

19: ∆bck = (EQ0f(θd)
20: θ = θ − (−log(1

2
∆fwd −∆bck))× α

21: end for
22: end for
23: end for

One natural critique of this architecture in the current quantum computing era is that it uses many qubits.
Classifying a data point of n dimensions would require k(2n + 1) qubits. This quickly becomes infeasible.
However, we propose the solution being distributed quantum computing. The states do not need to be trained
simultaneously, and do not know about each other‘s current state whatsoever. Therefore, we can separate
the training of k states, and train them one at a time or in parallel. This is an ideal task for distributed
computing, as each state can be trained independently of each other. Once the states are trained on their
respective classes, to classify a data point all we need to do is measure the similarity between each state and
a data point. This can be done using a distributed model, or we can measure probabilities of the class one
at a time. Thereby allowing us to only use 2n + 1 qubits at run time. Distributed models are preferred for
larger qubit counts, as mentioned prior the exponential memory usage of quantum states can lead to larger
wait times for classification.

4.7 Training our Quantum Network

We implement the Algorithm outlined as Algorithm 1 for the training of our Quantum Deep Learning
architecture. Our algorithm is implemented using the Qiskit python library. We also implement a proof-
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of-concept training on a real quantum computer in which we train a quantum neural network on a real
IBM Quantum Computer. Algorithm 1 introduces certain terms which are chosen by the practitioner. The
learning rate is a variable chosen at run time that determines by how much we want to update our learned
weights at each iteration. A larger learning rate can lead to taking too large steps that the algorithm will
not converge, however too small of a learning rate will lead to longer run times. Qubit Channels indicate
then number of qubits that will be involved in the quantum simulation. Epochs indicate how many times we
will train our quantum network on the data set. Within the nested for loops in Algorithm 1, lines 7-20, we
load our trained state alongside our data point with a forward difference applied to the respective θ (∆fwd),
perform the SWAP test, reset and perform the backward difference to aforementioned θ (∆bck).

4.7.1 An Example

Taking a data point, [x] with the label “A“, with one dimension that is bound by 0-1, and said data point is
0.5. Prior to beginning the algorithm we preprocess the data to a Quantum Setting. We translate the value
of 0.5 into a quantum rotation by parsing the following equation:

θ = 2sin−1(
√

0.5) (30)

θ = 1.57rads (31)

Stepping through the algorithm above, we start at step 3 as the data is only of class “A“. We begin by loading
in our default parameters for the algorithm. We load in α = 0.01,θd ←− [Random Initialization between 0 and Pi of Learned State],
ε = 25, Qubits = [Q0, Q1, Q2]. Arbitrarily we will say that the θd begins at [2rad]. From here, we move
into our algorithm where we will repeat the following code ε times over data points in [x], over the 1 gate.
Beginning the loops in steps 4 through 6. Over each epoch, we perform over each data point, over each gate -
looped in that order - we perform the following steps. We begin the process by preparing the Control Qubit
in superposition by passing it through the Hadamard gate.

|cqbit〉 = H|0〉 (32)

We load our data into the quantum state by rotating a |0〉 qubit transforming the qubit into a representation
of our data.

|Adata〉 = RY (1.57rads)|0〉 (33)

We now load our learned class identifying quantum state and make use of the parameterized gate differenti-
ation to optimize this state based on the data loaded previously.

|Alearned−fwd〉 = RY (2.00rads+
π

2
√
ε
)|0〉 (34)

We CSWAP the |Adata〉 quantum state with |Alearned−fwd〉 controlled on the |cqbit〉. We then perform a
Hadamard gate on the |cqbit〉, followed by measuring the Ecqbit. This encompasses the forward difference,
which we repeat by testing the system again with the backward difference.

|Alearned−bck〉 = RY (2.00rads− π

2
√
ε
)|0〉 (35)

Repeating the Ecqbit measurement, we calculate the loss based using each mathbfE

loss = 0.5(−log(Efwd)− (−log(Epbck))) (36)

The parameter of |Alearned〉, currently 2.0, is updated by −αloss. We repeat this over each gate in the
learning state, εtimes. This is repeated over every data point in the class of “A“, ε times.
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4.8 Quantum GANs using Quantum Deep Learning Architecture

Extending our Quantum deep learning architecture into the generative domain, we propose a modified ar-
chitecture and use for a Quantum GAN. In this section we introduce a modified system architecture for
generating fake samples from a classical dataset over a quantum circuit. One of the benefits of generating
samples from a quantum circuit is that all we need to do is generate some quantum state similar to the data
set, which then can be sampled from and generate new data points that have never been seen before. This
is the natural transition from a classical generator, producing samples in a probability space, to a quantum
generator producing the probability space.
In designing a GAN, the complexity of the Generator and Discriminator should be comparable. A primitive
discriminator pitted against a complex generator will accomplish very little, as the gradients for the generator
are passed from the discriminator. We introduce our adapted system architecture for QuGANs in Figure
9. The system begins by being fed classical data, which is converted into quantum data. This quantum
data alongside the Quantum Circuit is loaded onto a quantum computer. The quantum circuit is run, and
quantum state fidelity’s from the SWAP test are passed back to the classical computer. These fidelity’s
are used in the calculation of each gates gradient, which we use to update the Generator and Discriminator
parameters. This architecture is repeated n times, or until a certain goal has been reached.

Train QuD

Classic
Data

Load Quantum
Circuits

Quantum
Computer

Measure Loss
in Quantum State

Loss Analysis
in Classical State

Classic
Computer CPU

Quantum Circuits
Initialization Train QuG

Classic Data
Qubitization

Initial
Weights

Figure 9: System Architecture

4.8.1 Generator & Discriminator Architecture

In past Quantum generative research, models have looked at taking a traditional Discriminator but changing
the Generator to a quantum Generator [15], or even implementing a Quantum Wasserstein GAN. The problem
with the Quantum/Classical approach however is that a classical generator cannot tackle quantum data
efficiently, and requires the quantum data to be translated back to classical data. Furthermore, in the case
of the Quantum Wasserstein GAN, this makes use of EM distance over a density matrix, however in our
case measuring the EM distance of a single qubit is relatively equivalent to the original log loss function.
We make use of a Quantum Generator as well as a Quantum Discriminator, and accomplish communication
between the two through the SWAP test. The quantum circuits are simulated on a classical computer, with
a proof of concept illustration by running the circuits on actual quantum computers.
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Algorithm 2 Quantum Algorithms

1: Parameter Initialization:
Learning Rate : α = 0.01
Network Weights : θd = [Rand Num btwn 0 - 1× π]
epochs : ε = 25
Dataset : X
D-to-G Train Count : I
G-to-D Train Count : R
Qubit Channels : Q = 1 + (nXdim × 2)

2: for ζ ∈ ε do
3: Train The Discriminator On Real Data
4: for xk ∈ X do
5: Grad =

dCostxk
dθD

6: Update θD ←− θD − αGrad
7: end for
8: Train the discriminator on the generator
9: for i ∈ I do

10: Grad = dCostG
dθD

11: Update θD ←− θD − αGrad
12: end for
13: Train the Generator on Discriminator
14: for j ∈ R do
15: Grad = dCostD

dθG
16: Update θG ←− θD − αGrad
17: end for
18: end for

The Algorithm 2 illustrates the process we go through to implement our design. In Line 1 we initialize all of
our initial parameters. The network weights line indicates the initialization of the parameter vector. Each
entry is initialized as a random number between 0 and π. We set our epoch count, load our data set, and
indicate the number of times we will train the discriminator against training the generator. Proceeding this,
from Line 2, we begin training our model. We train the discriminator on the real data set once in Lines 4
through 6, followed by training the discriminator on fake samples from the generator in Lines 7 through 10,
and finally train the generator on the discriminator in a total of R times. To produce classical results from a
QuGAN, we sample from the Generator circuit n times and take the mean of those measurements per qubit.
In the following evaluation section, we set n = 30 to attain a data point (For example, we might sample on a

1 Qubit GAN |0〉 14 times, and |1〉 16 times, therefore giving us the measured value of (14(0)+16(1))
30 = 0.533.
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5 Quantum Deep Learning Results

5.1 Multi-class Classification

5.1.1 System implementation and Experiment settings

We implement our Quantum Deep Learning architecture with Python 3.8 and IBM Qiskit, a GPU-accelerated
Quantum Computing simulator package. The circuits were trained on a single-GPU machine (RTX 2070).
Furthermore, to compare our architecture to traditional network results we utilize Tensorflow – a neural net-
work programming package by Google. Additionally, we compare our architecture with Tensorflow Quantum,
a quantum framework of traditional Tensorflow based off of the quantum simulator Cirq. In the following
results, QuClassi and QuGAN refer to our architecture.
When analyzing our results, certain important architectural terms are used. We describe our quantum
neural networks by which qubit-manipulation layer, or what combination of layers were used. Discussed
under Section 4 with the three types of qubit manipulation, these types are a type of layer and have a
respective name that lists below.

• QuClassi-S: A layer that performs one single qubit unitary per qubit is namely a Single Qubit Unitary
Layer.

• QuClassi-D: A layer that performs a dual Qubit unitary per qubit combination is a Dual Qubit Unitary
Layer.

• QuClassi-E: A layer that entangles qubits through controlled rotations is an Entanglement Layer.

• QuClassi-DE: A QuClassi model that consists of a Dual Layer and an Entanglement layer

When comparing to traditional neural network methods, our primary interest when designing comparable
networks is a similar number of parameters. Therefore when referencing a traditional neural network we use
the term Deep Neural Network, or DNN. Furthermore, this is preceded by kP, where k is a number indicating
the total parameter count of the network. For example, 12P DNN means a deep neural network with 12
parameters.

5.1.2 Quantum Classification of The Iris Dataset

A common data set that machine learning approaches are tested on for proof of concept is the Iris Data
set. This data set comprises of 3 classes, namely Setosa, Versicolour and Virginica , and a mix of 150 data
points, each containing 4 numeric data points about one of the flowers. For this data set to be encoded in
quantum states, we perform the quantum data encoding algorithm described above. This data is encoded in
the quantum state by performing an RY gate followed by a RZ gate, encoding 2 dimensions on one qubit.
To classify all three classes, we have three target qubit states |Setosa〉 (Class 1),|V ersicolour〉 (Class 2) and
|V irginica〉 (Class 3). The data set is separated into its respective classes, and used to train its respective
quantum state.Taking the data values as x1, x2, x3 and x4 and trained parameters as θ1, θ2, θ3 and θ4 we
program our quantum circuit as shown in Fig. 10.

Where the discriminator state is loaded into the qubits 1 and 2, and the data loaded into qubit 3 and 4.
This circuit is a discriminator circuit of Class1, and has to be run with Class2 discriminator state loaded
into qubits 1 and 2, and then Class3 with the same methodology. These probabilities are softmaxed which
is then used to make a classification. We train our circuit iteratively with a learning rate of α = 0.01 and
over 25 epochs. We illustrate our gradients, loss function and accuracy as a measure of epoch, and illustrate
the significant improvement that we have attained in stability of quantum machine learning, in Fig. 11.

This initial Iris dataset that was used as a proof of concept and is not very complex, and hence having
complex layers can be unnecessary for the problem. This leads to no actual gain from deepening our circuit.
Fig. 12 covers the notable results of our experiments with a learning rate of α = 0.01 and epoch count of 25.
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Figure 11: Multi-Class Loss Plot

As can be seen in Figure 12, the quantum neural network architectures converge extremely quickly, and
with a relatively high accuracy of 94%. Similarly, parameterized classical neural networks perform below
that of their quantum counterparts. We analysed and compared our network to classical neural network
structures and show that the quantum neural network learns at a significantly faster rate than classical
networks. We test and compare our network design of 12 parameters compared to a varying range of classical
neural networks parameter counts, between 12 and 112. This is illustrated in Figure 13, where multiple
classical neural networks of varying parameter counts were compared with the our architecture. In Fig. 13,
kP indicates the number of parameters in said network.
Our network was able to learn to classify the three classes much quicker than any of the other neural network
designs, and attained higher accuracy’s at at almost all epoch iteration.
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Figure 12: Iris Accuracy (3 classes)
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Figure 13: Iris Accuracy of Multiple Parameter Settings

5.1.3 Quantum Classification of the MNIST data set

Although the Iris data set was able to provide proof of concept, and the potency of this architecture, a more
challenging task is classifying the MNIST dataset. The MNIST dataset is a large data set of hand writ-
ten digits of resolution 28× 28 - 784 dimensions. Unfortunately, it is impossible to simulate this number of
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Figure 14: Learning To Identify 0

qubits, and almost all images are too complex to simulate on quantum computers, and hence we need to scale
this dimensionality down. We make use of PCA, as this is an efficient down scaling algorithm that has the
potential to work on a quantum computer [35]. We downscale to 4 dimensions, leaving us with an explained
variance of 24%. It is worth noting that in our comparisons to other current leading quantum classification
methods, they might not use PCA, which could be thought to give us an advantage.However, with only an
explained variance of 24% being used, we are not attaining an overwhelming amount of information from
PCA that would make the process seem unfair. Our design allowed us to perform 10 class classification on
the MNIST data set, unlike many other papers which are binary classification problems such as “Is it a 3 or a
6“, or “3 or 8“. We can visualize the training process on learning to identify 0 by looking at our qubit system,
an initial qubit state with an unlearned state and how the state evolves through the epochs. As shown in
Fig. 14, we see the evolution of the identifying state through epochs. Green arrows indicate the learned state,
and blue points indicate data points. We see initial identifying states to be random, but learn very quickly.
The largest difference is in the first few epochs of learning, and as epoch numbers increase the differentiation
will assist in finding the absolute best position for the identifying state. In classifying a data point, we
would take all possible trained identifying states and attain the probability that said data point is of each
class. These probabilities are SoftMaxed and we classify the data point as the most probable identifying state.

5.1.4 Multi Class Classification Results

While training our system to classify the 10 class MNIST data set, we attain the accuracy as shown in Fig. 15
when using a learning rate of α = 0.01 and epochs = 25:
Where QNN indicates Quantum Neural Network, S is a single unitary, D is a dual qubit unitary, E is an
entanglement layer, kP indicates parameter count, and DNN is Deep Neural Network.
Through using more complex quantum layers, the quantum network was able to learn slightly better than
the previous less complex network. As can be seen by the 5% realized accuracy gain in Figure 15 comparing
the Single quantum layer against the entangled single and dual layered quantum network. When we compare
our models to classical networks, the classical neural network when trained on the same epochs and data
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Figure 15: MNIST Accuracy (10 Classes)
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Figure 16: Loss vs Epoch for different classes in MNIST.

set is significantly worse than our quantum neural network. Looking at the loss plot of our quantum neural
network we see that certain classes converged less successfully with the loss of the 1 class converging the
lowest, versus 0 class converging with the greatest loss.

25

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2021                   doi:10.20944/preprints202103.0583.v1

https://doi.org/10.20944/preprints202103.0583.v1


Samuel A. Stein 26

5.1.5 Binary Classification of the MNIST Dataset

Many quantum classification papers aim to perform binary or three class classification. Therefore, to evaluate
our architecture, it is of value to compare how our system performs compared to other papers. Comparing
our results to other leading quantum machine learning as well as classical machine learning models, we need
to ensure the problems are comparable. The results discussed tackle 3 and 10 multi-class classification using
deep quantum networks. The current state of QML is very under researched, leading to few comparable
results that are readily available. The comparable results are different such that making comparisons does
not necessarily make complete sense, however for the sake of completeness and a gauge of the quality of our
system we include comparisons with other systems with descriptions on how they differ. One paper discusses
using kNN and PCA to classify MNIST, and with comparable PCA dimensions attains an accuracy of around
35% [32]. Comparing our systems performance to Tensorflow Quantum (TF-Q), we are able to attain 12.51%
better results when distinguishing 0’s and 1’s, and 11.7% better results when distinguishing between numbers
3 and 8. This is visualized in Fig.17.
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Figure 17: Comparing Results with TF-Q

5.1.6 Comparison of Single vs Dual Dimensional Qubit Encoding

For all results attained, the Quantum Networks had each qubit within the network encoded with 2 dimensions
of data. Therefore, in the case where we performed PCA on the MNIST dataset down to 4 dimensions, we
only required 2 qubits per MNIST data point. As mentioned prior, it is of significant worth in evaluating
to what extent this affects the results. We compare our results by retraining the same network, except this
network trained and tested using a 1-to-1 qubit-to-dimension representation. These results are outlined in
Table 1 Representing 2 dimensions on a qubit lead to a 32% increase in performance. It is of significant use
that the system performed better by using less resources. We hypothesize that this can be attributed to the
difference in state space. N qubits can be represented by 2n probability amplitudes. This state space is what
we are trying to learn when we train a quantum state. Therefore, when we halve the number of qubits, we
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Qubit Design Qubits Parameters Accuracy
Encode in Z 2 4 38%

Encode in Z & Y 4 4 50%

Table 1: 1 vs 2 Qubit Data Encoding

reduce the solution space by 2(n/2) values. This method would be a lot more problematic if we were actually
measuring our qubits, as each qubits data is dependant on each other, however in our case the qubits surface
is populated with data replicating the data distribution.

5.1.7 IBM-Q Evaluation

As a proof of concept, we evaluate our result on actual quantum computers. Our experiments were ran with a
total of 5 qubits on different IBM-Q machines. Despite the fact IBM-Q quantum computer’s communication
channel has an extra overhead and since the users share a public interface channel leading to large backlogs
and queues, we attained a result of IBM-Q London site with an accuracy of 96% percent on IRIS data set.
The IRIS data set was used for this proof of concept while considering the limited number of physical qubits
and communication overhead between end users and the quantum machine. Similar to our experiment on
simulator we followed the same principle and architecture design we explained in QuClassi design and we
trained each epoch through IRIS data set with 8000 shots (number of repetitions of each circuit) to calculate
the loss of the circuit. Based on our observation and previous research in this area [54, 22] the integrity
of physical qubits and T1, T2 errors of IBM-Q machines could vary, however, our design managed to attain
an optimal solution after few iterations, comparable to the simulator results we attained. Since Machine
learning applications, unlike chemistry or other noise-sensitive applications, can tolerate more noise within
the system, running experiment on actual quantum machines generated stable results and accuracy similar
to the simulators. As seen in Fig 18, the loss of the quantum circuit converges similarly on a real quantum
circuit similarly to that of a simulator.

5.2 Quantum GAN (QuGAN) implementation

We implement our QuGAN using the same software packages and simulators as our Deep Learning model,
making use of Qiskit as our quantum simulator. For a comprehensive evaluation, we compare QuGAN with
the following solutions in the literature.

• C-GAN: a classical GAN, which is implemented and trained with different number of parameters as
well as epochs under TensorFlow framework.

• Qi-GAN: a quantum GAN [57] that is designed to learn random distributions. It is implemented with
Qiskit.

• TFQ-GAN: a quantum GAN [9] that utilizes the TensorFlow quantum architecture proposed in [19].

Moreover, to evaluate the models quality, we use Hellinger Distance [44] to compare the generated distribution
and original data sets. Hellinger distance is a popular metric to quantify the similarity between two probability
distributions.

5.2.1

Learning Bivariate Normal Distributions GANs can be thought to attempt to learn the underlying distribution
of data sets and produce never-before-seen outputs. As a low-level analysis of our GAN, we implement the
learning process on a bivariate normal distribution. We generate 2D data based on Equation 37, with the
1st dimension generated with parameters σ = 0.10 and µ = 0.65. The 2nd dimension is generated with
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Figure 18: Real Quantum Computer Training
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Figure 19: Bivariate QuGAN Circuit

parameters σ = 0.05 and µ = 0.45. All dimensions are capped at a value of 1, as a qubit’s expectation cannot
surpass 1.

f(x) =
1

σ
√

2π
e

(x−µ)2

2σ2 (37)

The Generator and Discriminator architecture makes use of one Single Qubit Unitary per qubit (Figure 2-
(A)), one Dual Qubit Unitary (Figure 2-(B)) per qubit pair, and one Entanglement Unitary (Figure 2-(C)).
The network is illustrated in Figure 4, with the Discriminator and Generator having 4 parameters each.
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Architecture Parameter Count Hellinger Distance
QuGAN 4 0.32

C-GAN 4 0.60
C-GAN 32 0.48
C-GAN 64 0.45
C-GAN 268 0.34

Table 2: Different GAN Architectures with 50 Epochs

Qubits 1 and 2 are the Discriminator, and qubits 3 and 4 are reserved for the Generator parameters or data
loading channels. Qubit 0 is the extra qubit for the SWAP test.
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Figure 20: Generator (QuGAN) Learned Bivariate Distribution Progression
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Figure 21: Generators (C-GANs) Bivariate Distribution Learning

In Figure 20 we observe the learning process of our algorithm. The red dots indicate the data being fed to
the system, and the blue Gaussian distributions indicate the generators’ output. As seen in the progressions,
our algorithm is able to accurately learn the bivariate Gaussian distribution that was passed to it. At epochs
1 through 10, the majority of the learning has been completed, with the finer alignment of distributions
happening in the later epochs. This learning process can also be seen in Figure 22 where we illustrate the
Hellinger distance between our GAN and the true bivariate distribution. This graph illustrates the stability of
our GAN, with no large swings in Hellinger distance between epochs, and a stable improvement in distance
per epoch. This stability is significantly better than many other current quantum GANs illustrate. On
implementation of other quantum deep learning techniques, we observe that our method converges 94.4%
better than the Qi-GAN, and 125.0% better than TFQ-GAN. One of the benefits of these quantum generators,
is that within the Gaussian area, all possible outputs will be produced as well as new never-before-seen
samples. This result is very attractive as a generator, as it tackles a problem discussed in past work of
loading large data sets to distributions, as well as mode collapse leading to constantly producing the same
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Figure 22: Hellinger distance (Bivariate distribution)

output, and is an improvement in the current quantum GAN architectures. Comparing with other quantum
GANs, our architecture demonstrates an improvement in stability and learning ability, as well as extends
the applications into newer domains. In comparison to Qi-GAN, we illustrate an extension of their work
with higher dimensional data, as well as an improved learning process that requires fewer epochs to learn.
Comparing with TFQ-GAN, we show a significant improvement in stability and learning, and the ability to
learn distributions substantially faster.
In comparing our architecture to a classical GAN, parameterized by the same parameter counts, we visualize
the result in Figure 21. As seen, the classical GAN with a parameter count of 4 in the Generator and 4 in the
Discriminator performs significantly worse than our QuGAN, attaining a 87.5% further Hellinger distance
when compared with our QuGAN. Furthermore, we confirm this is not due to under-training the network,
and illustrate in Figure 21b that even with 500 epochs the network does not learn the distribution well. We
increase the parameter count up until 268, where the Hellinger distance begins to approach similar values
to our GAN. These results are outlined in Table 2. We illustrate that to attain similar performance in a
classical GAN, we need to use 268 parameters versus the 4 in our QuGAN - a 98.5% reduction in parameters.

5.2.2 MNIST Dataset Processed by t-SNE

In addition to experimenting with generated bivariate data above, we implement our architecture on the
MNIST data set of handwritten digits. Observing performance on this data demonstrates our GAN’s ability
and function in real-world applications. In these experiments, we apply the same learning process we use for
learning from our generated bivariate normal distributions, defined under Algorithm 1.
Due to the exponential nature of simulating quantum states, it is impossible to fully simulate almost any
images on quantum computers. Therefore, we downsample the highly dimensional MNIST data set with the
t-SNE (T-distributed Stochastic Neighbor Embedding [37]) technique to project the original 784-dimensional
MNIST data set into 2D data, still preserving enough information to examine performance in a real-world
context. Figure 23 visualizes this MNIST data after reducing dimensionality with t-SNE. Our QuGAN ar-
chitecture is able to learn on this data set by testing its performance on a sub-sampled cluster of two of its
classes {5,3}, as well as testing it solely on learning class {3}. As we see in Figure 24, our QuGAN learns
the majority of the MNIST data cluster distribution by the 25th epoch, and improves on the 50th indicated
by the distance between the red plotted data points. The heat map shown in blue again represents the
Gaussian distributions of data outputted at the indicated epoch. Within the learning results on the classes
{3,8}, visualized in Figure 24-C&D, we can see how the learning covers areas in both the the 3 domain and

30

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2021                   doi:10.20944/preprints202103.0583.v1

https://doi.org/10.20944/preprints202103.0583.v1


Samuel A. Stein 31

the 5 domain, thereby producing samples from both sub-spaces. This convergence can also be visualized in
Figure 25, where we see the Hellinger distance between the learned distribution and the actual distribution
is reducing. Furthermore, in Figure 25, we confirm the strength of our QuGAN against other quantum based
GAN solutions. We implement their solutions on the same data set, and observe that we are able to attain
Hellinger distances 74.1% better than TFQ-GAN, and 66.2% better distances than Qi-GAN at the 25th epoch.

Figure 23: MNIST with t-SNE dimensionality reduction
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Figure 24: Generator Learned Distribution for MNIST
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6 Conclusions & Future Work

In this research, we propose QuClassi and QuGAN, two novel quantum-classical architectures for multi-class
classification and generative modelling.
With respect to QuClassi; the current accuracy attained by QuClassi performing binary classification on the
MNIST data set is competitive, beating out Tensorflow Qauntum by up to 13%. Furthermore, to the best
of our knowledge, QuClassi is the first solution that tackles a 10-class classification problem in the quantum
setting. Additionally, comparing QuClassi with similarly parameterized classical neural networks, QuClassi
outperforms them by learning significantly faster, and requiring drastically significantly less parameters by up
to 26%. When developing these quantum neural networks for multi classification, we observe a particularly
interesting phenomena where encoding our data onto lower qubit counts out performed the higher qubit
counterpart. This observation directly tackles one of the limiting factors in quantum computing, that is the
number of qubits involved.
Our work provides a general step forward in the quantum deep learning domain. There is, however, still
significant progress to be made. Performing the 10-class classification of MNIST lead to a 50% accuracy,
which is relatively poor when compared to its classical counterparts. Although using much more parameters,
classical counterparts are able to reach an accuracy of near 100%. Therefore, future work focusing on
improving the multi-class classification should aim to further improve the accuracy. Moreover, understanding
the lower qubit representation of quantum data should be investigated, and its implications within the
quantum based learning field. Furthermore, on our proposed QuGAN, a Quantum Generative Adversarial
Network. QuGAN utilizes quantum states to encode classic data and with SWAP Test on qubits, it develops
quantum based loss functions for the QuG and QuD. The proposed model is evaluated with a bivariate
normal distribution as well as the t-SNE downsampled MNIST data set. We conduct extensive experiments to
evaluate QuGAN and compare it with Tensorflow based classical GANs with different settings, a Qiskit based
quantum GAN and a Tensorflow quantum based GAN in the recent literature. The results demonstrate that
QuGAN is able to achieve similar performance at meanwhile, reduces 98.5% of the parameter set compared
with classical GANs. Furthermore, it records a performance boost of up to 125.0% when comparing with
other recent quantum based solutions. Due to the current limits on quantum computers, it is infeasible to
evaluate existing quantum based GANs with ImageNet [20] or other popular datasets. However, with the
rapid evolution of quantum computing, the dimensionality and applicability of QuGANs should be explored
as the future work. In addition, further investigation of the effect of deeper quantum neural networks should
be considered.
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