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Golden Age of Quantum Computing ? 1/3

• „Billion USD-race“ of funding quantum computing technologies between
nations, e.g.:
• more than 55 billion USD in state-sponsored research and development initiatives 

worldwide1 (Jan.’23)
• China: 20,0 billion USD
• EU: 7,2 billion USD
• Germany: 6,4 billion USD 
• USA: 3,7 billion USD
• UK: 2,5 billion USD
• France: 2,3 billion USD
• Japan: 1,8 billion USD
• Canada: 1,6 billion USD 
• India 1,1 billion USD

• Germany: recently announced additional 3 billion Euros2

1 https://www.forbes.com/sites/gilpress/2023/01/31/new-funding-for-quantum-computing-accelerates-worldwide/
2 https://thequantuminsider.com/2023/05/03/germany-announces-3-billion-euro-action-plan-for-a-universal-quantum-computer/

https://www.forbes.com/sites/gilpress/2023/01/31/new-funding-for-quantum-computing-accelerates-worldwide/
https://thequantuminsider.com/2023/05/03/germany-announces-3-billion-euro-action-plan-for-a-universal-quantum-computer/


Golden Age of Quantum Computing ? 2/3

• Exponential growth
in number of qubits



Golden Age of Quantum Computing ? 3/3

• Exponential growth
in number of papers

• Research contributions
dominated by natural
sciences community

• We encourage
computer scientists
(especially from the
database community) 
to consider quantum
computing for their
research!



Quantum mechanics from computational 
perspective

Nature isn't classical, dammit, 
and if you want to make a 
simulation of nature, you'd better 
make it quantum mechanical, and 
by golly it's a wonderful problem, 
because it doesn't look so easy.

– Richard Feynman



Quantum 
advantage 
and hype



Basics of Quantum 
Computing



What is 
quantum 
computing?

Quantum computing is a computing 
paradigm which utilizes quantum 
mechanical properties, such as 
entanglement, superposition and 
interference, to perform 
computations.



Outline of the basics

Gaining intuition about quantum computing 
through ML and probabilistic computing

Introduction to quantum circuit model

Practical approach to quantum computing



We are used to think probabilistically, 
especially when developing ML models

Unclassified 
picture of a 
cat or a dog

Machine learning 
model trained to 
identify cats and dogs

Classification output



Developing the previous probabilistic approach

cat dog

Initial system Probabilistic bit

andwhere

Probabilistic functions 
respect conditions

and

State of the system after 
classification



Quantum circuit model



From probabilistic bits to quantum bits

Required changes:
• Computations (excluding measurements) must be 

reversible
• Quantum bits comprise generalized probabilities over 

complex numbers
• Mappings between quantum bits follow the dynamics 

of quantum mechanics

Let’s define a computation model which satisfies the previous 
properties!



Quantum computing follows the dynamics of 
quantum mechanics

The postulates of quantum mechanics [Nielsen 
& Chuang]:

1.State space of a single quantum bit system
2.Evolution
3.State space of a composite system
4.Quantum measurement



Qubits form the basis for quantum computation

Classical computing is 
based on bits

Quantum computing is 
based on qubits



A state of a single qubit can be expressed as a 
linear combination of the basis states

where and

Superposition allows qubits to simultaneously exist in 
multiple states.



Bloch sphere visualizes a single qubit

We can find an angle so that (Pythagorean identity)

Thus, we can rewrite the state the following way

has no observable effects. Effectively,The factor



Bloch sphere visualizes a single qubit



Quantum computation evolves by applying 
quantum logic gates to the states 

Quantum logic gates are defined by complex-valued 
unitary matrices 

Matrix is unitary if its conjugate transpose is its inverse:

Conjugate transpose is the matrix which is obtained

and applying complex conjugate onby transposing

its each entry.



Quantum computation evolves by applying 
quantum logic gates to the states 

For example, the NOT gate’s unitary matrix is



Quantum computation evolves by applying 
quantum logic gates to the states 

For example, the Hadamard gate’s unitary matrix is



Example: Apply Hadamard-gate to the basis state



Parameterized gates are important in 
quantum machine learning



Bloch sphere can visualize how the rotation 
gates rotate the qubit on the sphere



The state space of a composite system is the tensor product 
of the state spaces of the component systems.

For example, the two-qubit quantum system has the 
basis states

State space of a composite system



Entanglement

Quantum entanglement means that the quantum state of 
each component system of the whole system cannot be 
described independently of the state of the others.

Controlled NOT i.e. CNOT-gate



Entanglement + superposition: Bell state



Parameterized gates have controlled versions 
which are important in quantum machine learning



Measurement collapses the state and produces a 
classical bit



Measurement formally

be the set of measurement outcomes thatLet

may occur in the experiment.

Quantum measurements are defined by a collection

of measurement operators.

The probability of measuring the outcome is given by



Measurement formally

The most important measurement is the measurement in 
the computational basis.

In the case of a single qubit, the collection of the 
measurement operators is given by



Measurement example

If then the probability to measure 0 is



Measurement from the Bloch sphere perspective



Summary on the quantum circuit model



Modern quantum computing in practice: Noisy 
Intermediate Scale Quantum (NISQ) hardware

METHOD Superconducting Ion traps Photonic Topological

Company 
support

Google, IBM, 
IQM, Rigetti

IonQ, 
Quantinuum

Xanadu Microsoft

METHOD Silicon Diamond Annealing Classical simulators

Company 
support

Intel Quantum
Brilliance

D-Wave IBM, Amazon,
NVIDIA, Fujitsu



Modern quantum computing in practice:
Software libraries and platforms for quantum computing 

IBM Quantum

Xanadu Cloud

Q#

Microsoft Azure Quantum



Introduction materials

• A practical introduction to quantum computing: from qubits to quantum 
machine learning and beyond by Elias Fernandez-Combarro Alvarez
(Universidad de Oviedo (ES))

• Quantum Computing by Prof. Dr. Sven Groppe
• Nielsen, M. A., Chuang, I. L. (2000). Quantum Computation and Quantum 

Information. India: Cambridge University Press.
• Quantum Algorithm Zoo: https://quantumalgorithmzoo.org/

Learn to code quantum algorithms:
• Xanadu’s Quantum Codebook. https://codebook.xanadu.ai/
• Qiskit Tutorials. https://qiskit.org/documentation/tutorials.html
• IQM Academy. https://www.iqmacademy.com/

https://codebook.xanadu.ai/
https://qiskit.org/documentation/tutorials.html
https://www.iqmacademy.com/


Quantum Machine Learning



Overview

1. Motivation

2. (Classical) Machine learning

3. Optimization

4. Hybrid algorithms

5. Variational quantum circuits
▶ Structure
▶ Encoding
▶ Decoding



Machine learning
Function approximation

Problem

x : Input data

y : Desired output

g : An unknown function mapping y = g(x)

Goal
A model f which approximates g

Solution
Use parameterized function f (x , θ) to approximate g(x)
Find θo for which f (x , θo) is best approximation of g(x)



Machine learning
Methods

Supervised learning

Learning from data:

▶ Input: x

▶ Desired Output: y

▶ Error function: E (f (x , θ), y)

Goal: argmin
θ

E (f (x , θ), y)

Training data
x0 y0
x1 y1
x2 y2
x3 y3

↓

Model f (x , θ)

↓

xnew f (xnew , θ)



Machine learning
Methods

Reinforcement Learning

Agent with environment:

▶ Initial state x0
▶ Policy f (xn)

▶ Reward R(xn, f (xn, θ))

▶ Next state
xn+1 = P(xn, f (xn))

Goal: argmax
θ

∑inf
n=0 P(f (xn, θ)) Agent

Enviroment

Action StateReward



Optimizer
Gradient descent

Use gradient of loss function to determine parameter change

▶ Loss function has to be differentiable

▶ Problem of barren plateau



Optimizer
Evolutionary algorithm

Inspired by natural evolution

▶ Parameter vectors are members of a population

▶ New members are created by mutation and crossover

▶ Best members are selected by a fitness function

▶ Any fitness function is possible

▶ Many variants



Hybrid Algorithm
Quantum machine learning

Problem
Limited number of qubits and circuit depth for NISQ and
simulators

Solution
Use QC as subroutine in a classical algorithm

▶ Utilization of quantum computers, without a full quantum
algorithms

▶ Circuits are smaller and shorter better suited for NISQ era

▶ Measurement required ⇒ Alters quantum state ⇒ No
continues interaction ⇒ QC as function

▶ Quantum model in machine learning



Hybrid Algorithm

QC

Quantum Circuit

Encoding

Decoding

Quantum state

Quantum state

Classical Algorithm

Classical data

Classical data

Parameters

Optimized



VQC
Variational quantum circuits

▶ Quantum circuit with parameters
▶ 3 Components:

▶ Encoding
▶ Processing
▶ Measurement

▶ Proven universal approximator

▶ Possible machine learning model

|0⟩

Encoding
Ue(x)

Processing
U(θ)

|0⟩

|0⟩

|0⟩



VQC
Processing Layer

Turns quantum state representing the input into quantum state
representing the output

Required:

▶ Parameterized operation e.g. Rotation gates

▶ Entanglement operation e.g. controlled Pauli gates

Common:

▶ Alternating entanglement and rotation layers

▶ Repetition of the same layer

Optional:

▶ Re-uploading



VQC
Processing Layer

|0⟩

Encoding
Ue(x)

Processing
U(θ)

|0⟩

|0⟩

|0⟩

U(θ0..11) U(θ12..23) U(θ24..35)

Rx(θ0) Ry(θ1) Rz(θ2)

X Rx(θ3) Ry(θ4) Rz(θ5)

X Rx(θ6) Ry(θ7) Rz(θ8)

X Rx(θ9) Ry(θ10) Rz(θ11)

Entanglement Rotation



Processing Layer
Entanglement

Entanglement effects depth of layer as rotation part is constant
length. Entanglement layout:

▶ Linear

▶ Circle

▶ Full

▶ Tree

▶ Pairwise

▶ Shifted-circular-alternating (SCA)



Processing Layer
Structures www.advancedsciencenews.com www.advquantumtech.com

Figure 2. A set of circuit templates considered in the study, each labeled with a circuit ID. The dashed box indicates a single circuit layer, denoted by L in
the text, that can be repeated. Gates RX, RY, and RZ are parameterized. Several circuit templates are from or inspired by past studies. Circuit diagrams
were generated using qpic.[43]

Adv. Quantum Technol. 2019, 2, 1900070 © 2019 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim1900070 (7 of 15)
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Processing layer
Reuploading

Reapply encoding layer

▶ Possible because encoding is unitary operation and not setting
values

▶ Increases effect of input

▶ Allows universality

U(θ0..11) Ue(x) U(θ12..23) Ue(x) U(θ24..35)



Encoding
Making our data quantum

Goal:
We require a quantum state |φ⟩ representing our classical data x

Solution:
Use a unitary Ue operator depending on x

|φ⟩ = Ue(x) |0⟩

Choice of Ue affects

▶ Possible data values

▶ Number of qubits

▶ Depth of encoding circuit



Encoding Methods
Basis encoding

Turn a classical bit into a qubit

Ue(0) |0⟩ = |0⟩ ,Ue(1) |0⟩ = |1⟩

▶ Only allows binary data

▶ One qubit per classical bit

▶ Depth: 1 gate

Encoding 0110 using X gate:

|0⟩ |0⟩

|0⟩ X |1⟩

|0⟩ X |1⟩

|0⟩ |0⟩



Encoding Methods
Angle encoding

Use rotation gates to encode one value into one bit

Ue(xi ) |0⟩ = cos(xi/2) |0⟩+ sin(xi/2) |1⟩

▶ Allows encoding of real value

▶ One qubit per classical value

▶ Depth: 1 gate

▶ Values in interval [0, 4π) for injective encoding

Encoding of 4 values using Rx gates:

|0⟩ Rx(x0)

|0⟩ Rx(x1)

|0⟩ Rx(x2)

|0⟩ Rx(x3)



Encoding Methods
Amplitude encoding

Encode values into amplitudes of quantum state

Ue(x) |0⟩ =
1

n

n−1∑
i=0

xi

▶ Allows encoding of real value with sum of 1

▶ log2(n) qubits for n values

▶ Depth: O(n)

▶ Requires a complex circuit to create

▶ Values encoded in total state not a single qubit



Encoding Methods
Comparison

▶ Amplitude encoding densest, but highest depth

▶ Angle and amplitude encoding require scaling of data

▶ Angle encoding often a good compromise

▶ Hybrid methods

Method Data Qubits Depth

Basis encoding String of n bits O(n) O(1)
Angle encoding n real values O(n) O(1)

Amplitude encoding n real values O(log(n)) O(n)



Output decoding
Receiving a classical result

Option 1 Use measurement as binary string
▶ Returns one basis state of the superposition
▶ Result is string of n bit
▶ Probabilistic

Option 2 Use probabilities
▶ 2n continues values in interval [0, 1] with sum of 1
▶ Probability easily acquired on simulator
▶ Require repeat execution to approximate on real quantum

computers



Optimizer

Parameters of a VQC are adjusted by a classical optimizer

▶ Gradient based (SGD, Adam)

▶ Evolutionary algorithms

Parameter shift rule
Calculation of gradients

▶ Run two copies with one parameter slightly shifted

▶ Requires 2n runs for n parameters
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Ready to Leap (by Co-Design)?
Join Order Optimisation on�antum Hardware

MANUEL SCHÖNBERGER, Technical University of Applied Sciences Regensburg, Germany
STEFANIE SCHERZINGER, University of Passau, Germany
WOLFGANG MAUERER, Technical University of Applied Sciences Regensburg and Siemens AG,
Corporate Research, Germany

The prospect of achieving computational speedups by exploiting quantum phenomena makes the use of
quantum processing units (QPUs) attractive for many algorithmic database problems. Query optimisation,
which concerns problems that typically need to explore large search spaces, seems like an ideal match for
quantum algorithms. We present the �rst quantum implementation of join ordering, one of the most in-
vestigated and fundamental query optimisation problems, based on a reformulation to quadratic binary
unconstrained optimisation problems. We empirically characterise our method on two state-of-the-art ap-
proaches (gate-based quantum computing and quantum annealing), and identify speed-ups compared to the
best know classical join ordering approaches for input sizes conforming to current quantum annealers. Yet,
we also con�rm that limits of early-stage technology are quickly reached.

Current QPUs are classi�ed as noisy, intermediate scale quantum computers (NISQ), and are restricted by a
variety of limitations that reduce their capabilities as compared to ideal future QPUs, which prevents us from
scaling up problem dimensions and reaching practical utility. To overcome these challenges, our formulation
accounts for speci�c QPU properties and limitations, and allows us to trade between achievable solution
quality and problem size.

In contrast to all prior work on quantum computing for query optimisation and database-related challenges,
we go beyond currently available QPUs, and explicitly target the scalability limitations: Using insights gained
from numerical simulations and our experimental analysis, we identify key criteria for co-designing QPUs
to improve their usefulness for join ordering, and show how even relatively minor physical architectural
improvements can result in substantial enhancements. Finally, we outline a path towards practical utility of
custom-designed QPUs.

CCS Concepts: • Hardware! Quantum computation; • Information systems! Join algorithms.

Additional Key Words and Phrases: quantum computing, query optimisation, join ordering

ACM Reference Format:
Manuel Schönberger, Stefanie Scherzinger, and Wolfgang Mauerer. 2023. Ready to Leap (by Co-Design)? Join
Order Optimisation on Quantum Hardware. Proc. ACM Manag. Data 1, 1, Article 92 (May 2023), 27 pages.
https://doi.org/10.1145/3588946

1 INTRODUCTION
In recent years, quantum computing has attracted substantial attention in many �elds of research,
driven by the desire to bene�t from quantum advantage in complex computations. While quantum
computing has been studied for decades, the increase in interest aligns with the accelerating
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SQL2Circuits: Estimating Metrics for SQL
Queries with A Quantum Natural Language

Processing Method

Valter Uotila

University of Helsinki

Abstract

Quantum computing has developed signiÞcantly in recent years.
Developing algorithms to estimate various metrics for SQL queries
has been an important research question in database research since
the estimations a!ect query optimization and database performance.
This work represents a quantum natural language processing (QNLP)
-inspired approach for constructing a quantum machine learning model
which can classify SQL queries with respect to their execution times
and cardinalities. From the quantum machine learning perspective,
we compare our model and results to the previous research in QNLP
and conclude that our model reaches similar accuracy as the QNLP
model in the classiÞcation tasks. This indicates that the QNLP model
is a promising method even when applied to problems that are not
in QNLP. We study the developed quantum machine learning model
by calculating its expressibility and entangling capability histograms.
The results show that the model has favorable properties to be express-
ible but also not too complex to be executed on quantum hardware.

1 Introduction

Predicting and estimating metrics for SQL queries has been a well-researched
and important problem in the database area. These estimations can be used
to optimize database performance and query processing. Admission con-
trol, query scheduling, progress monitoring, and system sizing are examples
of applications for execution time estimations. Cardinality estimations are
utilized, for example, in join order selection. Since strong correlations in a
database and complex queries make estimations hard to make [27], we study
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ABSTRACT
The D-Wave adiabatic quantum annealer solves hard combi-
natorial optimization problems leveraging quantum physics.
The newest version features over 1000 qubits and was re-
leased in August 2015. We were given access to such a ma-
chine, currently hosted at NASA Ames Research Center in
California, to explore the potential for hard optimization
problems that arise in the context of databases.

In this paper, we tackle the problem of multiple query
optimization (MQO). We show how an MQO problem in-
stance can be transformed into a mathematical formula that
complies with the restrictive input format accepted by the
quantum annealer. This formula is translated into weights
on and between qubits such that the conÞguration mini-
mizing the input formula can be found via a process called
adiabatic quantum annealing. We analyze the asymptotic
growth rate of the number of required qubits in the MQO
problem dimensions as the number of qubits is currently
the main factor restricting applicability. We experimentally
compare the performance of the quantum annealer against
other MQO algorithms executed on a traditional computer.
While the problem sizes that can be treated are currently
limited, we already Þnd a class of problem instances where
the quantum annealer is three orders of magnitude faster
than other approaches.

1. INTRODUCTION
The database area has motivated a multitude of hard op-

timization problems that probably cannot be solved in poly-
nomial time. Those optimization problems become harder
as data processing systems become more complex. This
makes it interesting to explore also unconventional opti-
mization approaches. In this paper, we explore the poten-
tial of quantum computing for a classical database-related
optimization problem, the problem of multiple query opti-
mization (MQO) [37]. We were granted a limited amount
of computation time on a D-Wave 2X adiabatic quantum
annealer, currently hosted at NASA Ames Research Center
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in California. This device is claimed to exploit the laws of
quantum physics [6] in the hope to solve NP-hard optimiza-
tion problems faster than traditional approaches. The ma-
chine supports a very restrictive class of optimization prob-
lems while it is for instance not capable of running ShorÕs
algorithm [40] for factoring large numbers 1. We will show
how instances of the multiple query optimization problem
can be brought into a representation that is suitable as in-
put to the quantum annealer. We also report results of an
experimental evaluation that compares the time it takes to
solve MQO problems on the quantum annealer to the time
taken by algorithms that run on a traditional computer. We
believe that this is the Þrst paper featuring an experimen-
tal evaluation on a quantum computer ever published in the
database community.

The quantum annealer, produced by the Canadian com-
pany D-Wave2, usesqubits instead of bits. While bits have
a deterministic value (either 0 or 1) at each point in time
during a computation, a qubit may be put into a superposi-
tion of states (0 and 1) that would be considered mutually
exclusive according to the laws of classical physics. Work-
ing with qubits instead of bits could in principle allow faster
optimization than on a classical computer [1]. Thinking of
qubit superposition as a speciÞc form of parallelization is
certainly simplifying but still gives a Þrst intuition for why
this is possible. We provide more explanations on quantum
computing and on the quantum annealer in Section 2.

The quantum annealer that we were experimenting with
has a net worth of around 15 million US dollars. This price
might make main stream adoption seem illusory in the near-
term future. However, the company D-Wave is currently
considering ßexible provisioning models allowing users to
buy computation time instead of the hardware 3. In this
scenario, users would use the machine remotely, in a similar
way as we did in our experiments. As near-optimal solutions
to hard problems can usually be found within milliseconds
(see Section 7), this provisioning model might allow opti-
mization at an a!ordable rate per instance. Those are some
of the factors that encourage us to explore the potential of
quantum computing already at this point in time.

The D-Wave adiabatic quantum annealer has been the
subject of controversial discussions in the scientiÞc com-
munity. Those discussions have focused on two questions:

1http://www.dwavesys.com/blog/2014/11/
response-worlds-Þrst-quantum-computer-buyers-guide
2http://www.dwavesys.com/
3http://spectrum.ieee.org/podcast/computing/hardware/
dwave-aims-to-bring-quantum-computing-to-the-cloud
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AbstractÑCloud infrastructures and data centers consume a
remarkable amount of natural resources. Previous research has
optimized virtual machine allocation to physical machines with
respect to power consumption and the number of migrations.
Still, power is just a single factor of the total carbon footprint that
the data centers produce. In this work, we extend the previous
approaches and represent a framework where allocations are
based on a sustainability metric. We formalize the task and
virtual machine allocation problem as a quadratic unconstrained
binary optimization problem that can be solved on D-waveÕs
quantum annealer.

I. I NTRODUCTION

Cloud infrastructures [1] have become increasingly popular.
Modern cloud computing environments offer a huge variety of
services which are usually divided into at least three classes:
Software as a Service (SaaS), Platform as a Service (PaaS),
and Infrastructure as a Service (IaaS). Depending on the
userÕs requirements, the services are developed so that the
user needs minimum effort to start using them. In reality, the
services consist of complex and interconnected computational
tasks. The services are often modeled as computational tasks
assigned to virtual machines allocated to physical machines
in cloud service providersÕ data centers. Virtualization and
servers are the responsibility of the cloud service provider.

Sustainability is becoming an increasingly important value
in the actions and decisions we make in our lives. We are
aware of the environmental impact on the planet that we
will leave for future generations. Moving the workloads and
operations to cloud infrastructures has led to a situation where
cloud environments consume a huge amount of energy, water
[2], and other natural resources [3], [4]. Thus we want to
emphasize that sustainability is a very important topic also in
cloud infrastructures and computing. Besides, we argue that
sustainability can be measured and task and virtual machine
allocation can be optimized with respect to sustainability
metrics. In this work, the sustainability metric is especially
inspired by GoogleÕs Carbon Footprint tool [5] although also
other cloud service providers calculate similar metrics.

The key problem of this work is to Þnd an optimal task
and virtual machine allocation to physical machines. The
optimality depends on the userÕs requirements. Conventionally
the users prefer to execute their workloads as fast as possible
and with minimum cost. Hopefully, an increasing number
of users also aim to minimize the carbon footprint of the

computations. Sustainability as an important value together
with the current technical possibilities of estimating carbon
footprint motivates us to integrate a sustainability metric into
the optimization process of the task and virtual machine
allocation.

This work represents the following contributions:
¥ Because it is technically possible to estimate the sustain-

ability of cloud computing, we develop a framework that,
besides conventional time and computational resource
metrics, optimizes task and virtual machine allocation
with respect to a sustainability metric.

¥ We formulate the task and virtual machine allocation
problems as quadratic binary optimization problems. In-
stead of relying on classical computing, we solve the opti-
mization problems on D-waveÕs quantum annealers which
have become feasible quantum computing frameworks for
solving binary optimization problems.

¥ We represent a demonstration of how quantum computing
and our optimization framework can be integrated into
a real-life cloud computing optimization workßow. The
demonstration of the workßow is based on the CloudSim
simulatorÕs PlanetLab workloads.

A. Related research

To demonstrate the framework we utilize CloudSim cloud
simulator [6] which is a framework for modeling and sim-
ulating cloud computing infrastructures and services. The
simulator implements multiple state-of-the-art optimization
algorithms [7], and it provides PlanetLab workloads that can
be used for simulations and benchmarking. CloudSim is able
to simulate various cloud infrastructure properties such as
power consumption [8] and parallel execution [9].

Virtual machine consolidation and task scheduling are com-
prehensively researched topics. Surveys to the topics are [10]Ð
[12]. Certain aspects of sustainability in cloud computing have
been researched previously in [13].

Quantum annealing is a promising and relatively scalable
quantum computing paradigm with many industry-level ap-
plications [14]Ð[21]. Considering applications on data engi-
neering, quantum annealing has been applied on scheduling
transactions [22], [23], multiple query optimization [24] and
join order optimization [25]. In this context, scalability means
that the quantum annealer is able to accept problems with a
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ABSTRACT
The join order is one of the most important factors that impact
the speed of query processing. Its optimization is known to be
NP-hard, such that it is worth investigating the bene!ts of utiliz-
ing quantum computers for optimizing join orders. Hence in this
paper, we propose to model the join order problem as quadratic
unconstrained binary optimization (QUBO) problem to be solved
with various quantum approaches like QAOA, VQE, simulated an-
nealing and quantum annealing. In this paper, we will show the
enhanced performance using our QUBO formulation to !nd valid
and optimal shots for real-world queries joining three, four and
!ve relations on D-Wave quantum annealer. The highlight of this
study will demonstrate that we were able to generate valid and
optimal join orders for !ve relations using the D-Wave quantum
annealer, with values of about12%and0.27%respectively and we
were able to !nd the optimal bushy join trees. Experiments for the
gate-based simulations were able to produce optimized join order
for three and four relations including bushy trees using QAOA and
VQE algorithms.
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1 INTRODUCTION
Choosing the optimal query plan during query optimization mini-
mizes the cost of query processing in Database Management Sys-
tems (DBMS). Join order optimization (JOO) is one of the most
crucial tasks of query optimization. However, constructing optimal
bushy join tress is known to be NP-hard [35], which might bene!t
from accelerating the optimization problem using quantum com-
puters [4]. In this paper, we propose to formulate the JOO problem
as quadratic unconstrained binary optimization (QUBO) problem,
which can be solved on quantum annealers [23] and gate-based
quantum computers using approaches like the variational quantum
eigensolver (VQE) [9] and the quantum approximation optimiza-
tion algorithm (QAOA) [15]. In contrast to a previous approach [37]
to !nd the best solution among the left-deep join trees by solving
QUBO problems, our approach supports the more general bushy
join trees and hence !nds the optimal solution among all possible
join trees1.

Our main contributions are:

(1) Optimizing the join order by solving a QUBO problem sup-
porting also bushy join trees,

(2) a comprehensive evaluation using real-world queries of ap-
plying various approaches like simulated annealing, quan-
tum annealing, VQE and QAOA on quantum hardware and
simulators, and

(3) an experimental comparison of the number of valid and op-
timal join trees up to7 relations for real-world queries using
simulated annealing and the various mentioned quantum
approaches.

In Section 2, we introduce the fundamentals of quantum me-
chanics and quantum computing, with a focus on the methods
for solving QUBO problems. We de!ne the problem of join order
optimization and describe how to model it as QUBO problem in
Section 3. We describe the experimental evaluation of approaches
like simulated annealing, quantum annealing, VQE and QAOA on
quantum hardware and simulators in Section 4. Finally, we conclude
by summarizing the main ideas of the paper in Section 5.

1with reference to cost estimations like cardinality or I/O cost estimations
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