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ABSTRACT

Quantum computing has recently moved from a theoretical concept

to a transformative and increasingly accessible computational para-

digm. These developments sparked growing interest in the database

community along two complementary directions: applying quan-

tum techniques to improve database tasks, and leveraging DBMS

principles to support quantum workloads. This three-hour tutorial

provides a bidirectional, practice-oriented treatment of this inter-

section, covering quantum foundations, optimization algorithms,

a systematic survey of Quantum-for-DB and DB-for-Quantum re-

search, and end-to-end system integration with a real DBMS. The

tutorial includes hands-on demonstrations using quantum simula-

tors and real quantum hardware. We summarize open challenges

and research opportunities for practical real-world deployment.
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1 INTRODUCTION

Driven by rapid advances in hardware [42, 52, 53], quantum com-

puting has emerged as a transformative and promising �eld. It spans

four paradigms: gate-based quantum computing [67], annealing-

based quantum computing [5], hybrid quantum-classical meth-

ods [41], and quantum-inspired methods [2]. These advances mo-

tivated a growing body of database research in two complemen-

tary directions. On the one hand, researchers have applied these

quantum and quantum-inspired methods to a range of database

tasks, including join order optimization [44, 46, 55–57, 64], mul-

tiple query optimization [10, 58, 61], index selection [22, 25, 62],
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transaction scheduling [3, 20, 43], and schema matching [13, 17].

On the other hand, researchers have also begun to explore how

database systems and DBMS principles can support quantum work-

loads [16, 31, 59, 60, 63]. Taken together, these developments sug-

gest that the intersection of quantum computing and databases is

no longer speculative or far-fetched. However, the existing land-

scape remains fragmented, making it timely to ask not only what

quantum computing can do for databases, or what databases can do

for quantum workloads, but also how the two can meet "in practice".

In this tutorial, we present a bidirectional view of the interplay be-

tween quantum computing and database systems: (i) how quantum

computing can accelerate and extend database systems, and (ii) how

database principles can enable e�cient and scalable quantum work-

loads. Our focus goes beyond surveying algorithms to emphasize

practical integration and co-design, highlighting key challenges

and research opportunities to make quantum computing viable

in real data systems. Prior tutorials at SIGMOD 2023 [65], ICDE

2024 [23], and SIGMOD 2026 [27] explored one-directional applica-

tions of quantum computing for database problems. A QCE 2024

tutorial [45] mostly focuses on quantum annealing. Our tutorial

di�ers by systematically categorizing work across all four quantum

computing paradigms, including quantum-inspired techniques on

classical hardware; covering the DB-for-Quantum perspective as

essential infrastructure for quantum workloads; and emphasizing

practical systems integration with a real DBMS.

Target Audience. This tutorial targets researchers, developers,

and practitioners interested in quantum computing and data man-

agement systems. No prior quantum background is required. For

graduate students, the tutorial provides a structured overview of

existing work and open problems, helping them identify promising

research topics. Overall, the tutorial serves as an invitation to the

database community to engage with quantum computing.

Relevance To VLDB. Research on quantum computing for data

management has become increasingly active in the database com-

munity, particularly within VLDB. With the growing number of

proposed approaches and systems, it is timely to o�er a tutorial that

surveys the current state of the art and outlines promising future

research directions. Moreover, recent work has demonstrated prac-

tical quantum-augmented database optimization on real hardware

and real DBMS workloads, making a practice-oriented, hands-on

tutorial particularly timely. Many of the e�orts covered in this
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tutorial have been recently published in major database venues,

including VLDB, SIGMOD, and ICDE.

2 TUTORIAL OUTLINE

This three-hour tutorial is organized into the following six parts.

We provide a summary of representative works in Table 1. Part 2

and Part 5 contain hands-on demonstration sessions.
Part 1. Quantum Background & Motivation . . . . . . . . . . . . 20min

Part 2. Quantum Computing Paradigms & Algorithms . . 30min

Part 3. Quantum Computing for Database Systems (DB) 40min

Part 4. Data Management for Quantum Computing (QC) 30min

Part 5. QC & DB Meet “in Practice” . . . . . . . . . . . . . . . . . . . 40min

Part 6. Open Challenges & Research Opportunities . . . . . 20min

2.1 Quantum Background and Motivation

We begin with the computational foundations of quantum comput-

ing: qubits and quantum states, quantum gates and circuits, and the

key phenomena of superposition, entanglement, and decoherence,

presented at an operational level without requiring prior knowledge

of quantum mechanics. We then introduce the Quadratic Uncon-

strained Binary Optimization (QUBO) [24] framework and the Ising

model [40] as the formulation bridges between classical optimiza-

tion problems and quantum algorithms. These formulations provide

a uni�ed interface through which database optimization tasks are

encoded for quantum solvers.

2.2 Computing Paradigms and Algorithms

This part introduces four quantum computing paradigms and their

core algorithms for solving the problems formulated above.

Quantum Annealing (QA) [5] targets discrete optimization by

evolving a physical system toward low-energy solutions, often

leveraging quantum tunneling to escape poor local minima [54].

QA is based on the principles of the adiabatic quantum computing

model [1, 12], but specializes them to combinatorial optimization

by encoding problems as Ising models or QUBOs.

Gate-Based Quantum Computing [67] applies sequences of uni-

tary quantum gates to qubits, providing a universal model for quan-

tum algorithms. Grover’s search [21], with adaptive variants [18],

is an important quantum method for solving unstructured search

problems with a quadratic speedup over classical algorithms.

Hybrid Quantum-Classical Approaches [41] combine quan-

tum methods with classical orchestration, optimization, and post-

processing, and are particularly important in the NISQ era where

purely quantum execution remains resource-constrained [9]. The

Quantum Approximate Optimization Algorithm (QAOA) [11] is a

prominent example, using parameterized quantum circuits whose

parameters are iteratively updated by a classical optimizer.

Quantum-Inspired Approaches [2] do not rely on quantum hard-

ware, but instead use classical algorithms or specialized accelerators

(e.g., Fujitsu Digital Annealer [14]) motivated by quantum princi-

ples to address hard combinatorial optimization problems [48].

2.3 Quantum Computing for Database Systems

This part of the tutorial examines how quantum computing can

help database systems in practice. We �rst review optimization-

centric work, where quantum or quantum-inspired methods are

applied to database optimization problems. We then broaden the

view to more general use cases beyond optimization.

Optimization-Centric Opportunities. Most related work in this

line concentrates on using quantum computing to solve database

optimization problems. This part of the tutorial organizes the lit-

erature by optimization task and, within each task, highlights the

corresponding quantum computing paradigms.

Join Order Optimization. This is one of the most extensively ex-

plored optimization problems in the database community. Most

works formulate it as a QUBO problem [40] and solve it using

a range of quantum (and quantum-inspired) paradigms, includ-

ing quantum annealing [44, 56], gate-based models [44], quantum-

inspired digital annealers [14, 57], and hybrid quantum-classical

solvers [8, 38, 47, 55]. There is also a growing line of work on

quantum machine learning for join order optimization [64]. These

studies suggest that join order optimization is a suitable application

and testbed for various quantum methods. A key practical gap is

that most of these approaches do not evaluate the resulting join

orders in an actual database system. Note that improved objective

values in the quantum formulation (e.g., lower QUBO energy) do

not always translate into lower query latency in practice.

Multiple Query Optimization (MQO). MQO aims to reduce re-

dundant work during the execution of a batch of queries, yield-

ing substantial performance bene�ts in database systems. Early

work [61] introduced a simpli�ed formulation and executed it on a

quantum annealer, providing one of the �rst experimental studies

in this space. More recent e�orts propose hybrid quantum-classical

approaches to improve e�ciency and scalability [10]. Most recently,

incremental quantum-inspired annealing methods have been devel-

oped to target larger-scale MQO settings [58]. A key practical gap

is that existing MQO formulations are often overly simpli�ed, so

solutions produced by these quantum approaches do not directly

translate into deployable solutions in real database systems.

Index Selection. Index selection is another NP-hard [7] database

optimization problem that has been explored with quantum anneal-

ing [62], gate-based quantum computing [25], and quantum ma-

chine learning [22]. A key practical gap is that these approaches are

typically not integrated into, and evaluated within, actual databases.

Transaction Scheduling. Transaction scheduling focuses on deter-

mining an execution order for concurrent transactions. Prior work

has explored this problem using quantum annealing [3], Grover’s

search algorithm [20], and a hybrid quantum-classical approach

that iteratively uses a locking mechanism [43]. Although they re-

duce formulation complexity as a trade-o� to improve solvability

on existing devices, scalability remains less discussed.

Schema Matching. In its general form, this problem is NP-hard. It

has been addressed with quantum annealing [13] and QAOA [17].

Graph Analytics. NP-hard graph problems often arise in opti-

mizing data placement and scheduling. Recent work has explored

Grover’s search [29] and quantum optimization methods [30].

Beyond Optimization: Retrieval and Execution. Theoretical

foundations, such as quantum algorithms for element distinct-

ness [4], suggest that gate-based quantum computers can perform

database-like operations (e.g., multi-element retrieval and dedu-

plication) faster than classical approaches. Building on theoretical

improvements in computational complexity, recent studies have
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Table 1: Comparison of Representative Works among Quantum Computing and Database Systems.

Types Representative Works Problems

Computing Paradigms
Key

Practical Gaps
Gate-

based

Annealing-

based

Hybrid

Quantum-Classical

Quantum-

Inspired

QC4DB

[44, 46, 55–57, 64] Join Order Optimization ✓ ✓ ✓ ✓ Limited DBMS Validation

[10, 58, 61] Multiple Query Optimization ✓ ✓ ✓ Simpli�ed Formulation

[22, 25, 62] Index Selection ✓ ✓ ✓ No DBMS Integration

[3, 20, 43] Transaction Scheduling ✓ ✓ ✓ Scalability Unexplored

[13, 17] Schema Matching ✓ ✓ No Pipeline Integration

[4, 26, 32] Retrieval and Execution ✓ Overhead

[66] Approximate Query Processing ✓ Scalability

[15] Privacy ✓ Hardware Feasibility

[29, 30] Graph analytics ✓ ✓ ✓ No Hardware Validation

DB4QC
[19, 28] Storage and Encoding ✓ Measurement Collapse

[16, 31, 59, 63] Simulation and Transpilation ✓ Performance Gap

Bidirectional
[33–35, 37, 39] Actual Integration ✓ Generalizability

[6, 26, 51] Quantum-Native DB Arch. ✓ ✓ E�cient SQL-for-Gate

investigated the viability of quantum-based SQL execution by map-

ping relational operators (selection f , join ⊲⊳, union ∪, intersection

∩, di�erence −, and sort) to Grover oracles within a gate-based

circuit model [26]. Quantum Partitioned Databases (QPD) are de-

signed speci�cally to enhance database performance by reducing

reliance on classical B-trees, using modi�ed Grover algorithms for

multi-element retrieval on gate-based quantum processors [32].

Quantum-Enhanced Approximate Query Processing. Approx-

imate query processing (AQP) answers aggregate queries over large

datasets with bounded error, and a major challenge is estimating ag-

gregates for rare, long-tail groups where random sampling provides

too few representatives. A hybrid quantum-classical approach that

combines classical and gate-based quantum sampling addresses

this issue [66]: classical sampling �rst identi�es underrepresented

groups, and gate-based quantum amplitude ampli�cation selectively

increases their sampling probability before measurement. The am-

pli�ed samples are then corrected via classical post-processing.

However, the scalability challenge remains signi�cant: the num-

ber of ampli�cation rounds grows with the inverse of the group’s

classical probability, and the QRAM encoding required to load the

dataset into quantum states introduces substantial overhead.

Quantum Privacy for Databases. Beyond speedups, quantum

mechanics o�ers primitives with no direct classical analogue. For

example, the no-cloning principle can be leveraged for database

privacy. Recent work implements Symmetric Private Information

Retrieval (SPIR) on NISQ gate-based hardware using Quantum Ran-

dom Access Codes (QRAC) and mutually unbiased bases [15]. In

this architecture, the classical DBMS stores compact state descrip-

tions and, upon a query, prepares fresh quantum states for the client

to measure. The protocol hides the user’s query from the server

while restricting the client to learning only the requested tuple;

attempts to copy or extract additional information are inherently

limited and become detectable through measurement disturbance.

The critical challenge lies in the practical feasibility on current

NISQ devices. The copy budget : (the number of fresh quantum

states generated per query) directly governs the trade-o� between

retrieval correctness and privacy strength.

2.4 Data Management for Quantum Computing

This part of the tutorial o�ers the reverse perspective: Instead of

asking how quantum computing can help database systems, we ask

how database systems can support quantum workloads.

Quantum Data Storage and Encoding. The fundamental di�er-

ences between quantum and classical computing systems are in

data representations. In classical databases, data is stored deter-

ministically. In quantum systems, data is typically encoded into

qubits and manipulated via quantum gates, often exploiting super-

position to represent multiple states simultaneously. Recent e�orts

have explored quantum storage designs for relational tables. For ex-

ample, QCOS (column-oriented) and QROS (row-oriented) encode

tables into superposition states within quantum circuits [28]. Using

Hadamard and multi-controlled To�oli (MCT) gates, these designs

aim to achieve logarithmic qubit scaling with respect to data vol-

ume. More broadly, di�erent problem encoding patterns induce

di�erent trade-o�s in e�ciency and scalability [19]. However, a sig-

ni�cant challenge remains: measurement collapse. Once a quantum

state is measured to retrieve data, the superposition collapses, and

the stored information is destroyed. As a result, the state must be

re-prepared for subsequent queries, introducing loading overhead.

DB for Quantum Simulation and Transpilation. Since large-

scale, fault-tolerant quantum computers are not yet widely available,

simulating quantum computation on classical hardware remains

essential for algorithm development and quantum hardware vali-

dation. A core challenge is that simulation memory consumption

grows exponentially with the number of qubits. To address this, re-

searchers have mapped quantum states and gate operations to SQL

queries [59] and executed them natively inside relational database

engines [31]. More recently, work has explored evaluating con-

junctive queries to simulate quantum circuits [16] and leveraging

graph-database techniques for circuit transpilation [63]. However,

a key challenge is the performance gap between SQL-based tensor

contractions and specialized high-performance computing (HPC)

tensor-network libraries. Optimizing complex, dense quantum cir-

cuits (e.g., the Quantum Fourier Transform) within a relational

engine remains a formidable obstacle.
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2.5 QC and DB Meet “in Practice”

This part of the tutorial focuses on how quantum computing and

database systems can meet in practical settings.

Actual Integration. We highlight recent e�orts to integrate a

quantum computing component into actual database systems. The

representative line of work is Q2O [33–35, 39], the �rst quantum-

augmented query optimizer integrated with PostgreSQL (an ac-

tual database system) and executed on hybrid quantum-classical

solvers, demonstrating that quantum computing can improve the

performance of real workloads. To extend beyond prior simpli�ed

problem settings restricted to left-deep structures, they designed

an e�cient quantum algorithm for complex bushy join trees [33].

Moreover, the end-to-end latency improvement provides concrete

evidence [35, 37] that the advantages of quantum computing can

be realized in broader real-time applications.

Quantum-Native Database Architecture. Beyond integration,

an emerging direction is co-design, which rethinks database system

architecture in the presence of quantum computation. Kesarwani

et al. [26] brought this direction into systems focus by examin-

ing relational query execution on quantum platforms. Subsequent

work argues that a quantum database must support a full lifecy-

cle of operations, including preparation, extension, writing, and

reading, while respecting quantum-mechanical constraints such as

the no-cloning theorem and the inability to arbitrarily delete un-

known quantum states [51]. Building on this view, recent work has

proposed “quantum–classical” settings in which quantum index-

ing is used alongside classical data; for example, an index register

requires only ⌈log2 (:)⌉ qubits to represent : index elements in

superposition [51]. A central challenge in these systems is bridging

declarative database operations (e.g., SQL) with low-level quantum

gate execution. Pushing this direction further, Qute [6] explores a

quantum-native database architecture that employs hybrid optimiz-

ers to select between classical and quantum execution plans while

operating under the strict qubit budgets of current NISQ devices.

2.6 Hands-on Demonstrations

Algorithmic Formulation on Simulators (Part 2).We include

a QUBO-based optimization example, illustrating how a combina-

torial optimization problem can be formulated in a way amenable

to quantum computational work�ows, and how to retrieve results

from a simulation of QAOA-based optimization. We also demon-

strate Grover’s search, with emphasis on the general search formu-

lation and the role of the oracle. These demonstrations are delivered

via Jupyter notebooks on quantum simulators, so that participants

can run them on local machines without requiring any external

hardware access.

Practical Quantum Computing for Databases (Part 5). We

prepare two demonstration scenarios, running on real quantum

annealing hardware. The �rst is Q2O [39], a quantum-augmented

query optimizer integrated with PostgreSQL. The second is QFu-

sion [36], a boundary-aware fusion framework that scales QUBO

optimization to large database optimization problems.

2.7 Research Challenges and Opportunities

The central challenge now is to systematically connect quantum

applications, algorithms, and systems for practical, controllable,

scalable, and manageable real-world deployment. From this per-

spective, we summarize four open questions: (Q1) What limits

practical representations and execution? (Q2) How can controllable

algorithms balance solution quality and e�ciency? (Q3) Why is

scalability critical for real-world quantum applications? (Q4) Why

do quantum work�ows need database-style storage management?
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