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ABSTRACT
Quantum annealers offer a promising sampling-based comput-

ing paradigm for large-scale combinatorial optimization. However,

directly using them to solve database optimization problems in

real-time scenarios remains challenging due to strict hardware

constraints and the opacity of commercial hybrid solvers. To ad-

dress these challenges, we present QDBO, a white-box quantum-

augmented database optimizer that directly leverages low-level

quantum sampling on a quantum annealer. It first performs offline

reduction to produce embeddable QUBO instances via multiple

mapping strategies that trade off efficiency and quality. It then ap-

plies an online iterative relaxation correction procedure that uses

sampling feedback to correct the reduced QUBO across iterations,

enabling controllable quality improvements under varying time

budgets. We integrate QDBO with the PostgreSQL query optimizer

to construct Q
2
O-QDBO for join order optimization. Evaluations

on the Join Order Benchmark (JOB) and the Cardinality Estimation

Benchmark (CEB) show that Q
2
O-QDBO improves 62 out of 113

JOB queries, and achieves up to 49.36× execution-time speedup

and 34.65× end-to-end speedup on CEB workload. Evaluations on

synthetic queries with up to 50 relations show that Q
2
O-QDBO

achieves significantly less end-to-end latency while maintaining

similar solution quality compared with black-box quantum solvers.

To demonstrate generality, we further integrate QDBO with Post-

greSQL for index selection on TPC-H, where QDBO achieves up to

2.64× workload speedup over the empty-index baseline and out-

performs classical and black-box solver baselines. These results

demonstrate that using QDBO to solve large-scale database opti-

mization problems in real-time settings is promising.

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at

https://github.com/ihanwen99/VLDB26-QDBO.

1 INTRODUCTION
The performance of database systems highly depends on the effi-

ciency and quality of solving multiple optimization problems, in-

cluding join ordering (e.g., [35, 51, 53, 90, 93]), transaction schedul-

ing (e.g., [13, 15]), multi-query optimization (e.g., [41, 78]), and index

tuning [1, 12, 88]. For a small-scale problem, the exhaustive search

(e.g., a DP-based algorithm [77] for the join order problem) can be

applied to obtain an optimal solution. However, most database opti-

mization problems are inherently combinatorial and NP-hard [16].

As data volumes increase rapidly and the query workload becomes

more complex, the difficulty of solving these large-scale optimiza-

tion tasks grows exponentially. To balance the solution quality and

optimization overhead, many heuristic methods [33, 54, 59] have

been proposed to navigate this trade-off. While such methods are

effective in practice, they shift the focus to producing a high-quality

solution quickly, where accepting a suboptimal result is justified if

it substantially reduces optimization time. For example, for larger

queries, PostgreSQL [64] switches to evolutionary genetic query

optimization (GEQO) [66], which enables fast convergence at the

cost of weaker optimality. Multiple machine learning and reinforce-

ment learning-based techniques (e.g., [35, 51–53, 90, 93]) have been

proposed as promising alternatives for solving the database op-

timization problems. However, they continue to face significant

challenges in actual database settings, including cold-start issues

(e.g., long model training before usage [51, 89]), dependence on

large training datasets (e.g., [52]), and the need for frequent re-

training as workloads evolve (e.g., [71]). These challenges motivate

alternative compute paradigms that can deliver high-quality solu-

tions for database optimization without such limitations.

Fortunately, recent advances in quantum hardware (e.g., [23, 34,

69]) have positioned quantum computing as a powerful and promis-

ing computational paradigm. Under widely accepted complexity-

theoretic assumptions [3, 5, 28], quantum systems are believed to

surpass classical systems in computational capability, with the po-

tential to explore exponentially large search spaces more efficiently

for certain optimization problems [4, 17]. Quantum cloud platforms

further improve accessibility, such as D-Wave Leap [18]. The re-

cent quantum hardware, namely quantum annealers [80] based

on quantum annealing, supports more than 5000 qubits, suggest-

ing the potential to host large-scale database optimization prob-

lems. However, quantum computing systems remain at an early

stage of development and still face substantial hardware-related

challenges [67], especially the sparse hardware topologies (e.g.,

Pegasus [21] and Zephyr [9]). Such limited qubit connectivity hin-

ders the direct solving of complex database optimization problems

on current quantum hardware. For example, recent approaches

faithfully encode the original database optimization problems into

Quadratic Unconstrained Binary Optimization (QUBO) formula-

tions [25, 27, 55, 75, 83], which preserve the semantics of the original

problem. However, this faithful encoding often results in highly

dense interaction graphs, producing highly dense QUBOs that are

difficult to embed and run on sparsely connected quantum hard-

ware (C1. QUBO overcomplexity). To overcome this bottleneck,

several hybrid quantum-classical solvers [32, 61] have been pro-

posed to leverage the complementary strengths of both paradigms:
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classical processors handle orchestration, while quantum anneal-
ers focus on sampling and exploring complex energy landscapes

that are otherwise computationally prohibitive. This progress opens

the door to integrating quantum computing into operational data-

base systems, as demonstrated by early prototypes such as Q
2
O [49]

and Q
2
O-NL [47]. However, applying these commercial black-box

solvers to database optimization introduces several unique chal-

lenges, especially in a real-time setup:

C2. Black-box Workflow and Service-level Constraints. In
current deployments, commercial quantum solvers are accessed as

remote black-box services. The typical workflow is to formulate

the database optimization problem in a solver-specific input format

(e.g., QUBO for the BQM solver [32], or a Constrained Quadratic

Model for the CQM solver [32]), submit the instance, and wait for

the solver to return the final result (e.g., [47, 48, 68, 75]). These

solvers often impose service-level latency floors (e.g., the CQM

solver enforces a minimum 5 s response time), making it difficult

to flexibly integrate into a latency-sensitive query optimizer.

C3. Transparency and Fine-grained Control. The current black-
boxworkflow restricts fine-grained control over the hybrid quantum-

classical optimization process (e.g., qubit-variable mapping) and

limits flexibility for tuning. In particular, the solver cannot easily ad-

just its strategy using problem-specific semantic information (e.g.,

customizing the variable-qubit mapping based on the join order

problem and formulation). Consequently, this impedes the design

of more efficient algorithms for large-scale database optimization.

C4. Budget-Quality Controllability and Anytime Planning.
In practical database optimization scenarios, an optimizer may face

variable time budgets across different optimization tasks, or even

for the same task under different quality requirements. Anytime

planning aims to effectively utilize the available budget, return a

usable plan quickly under tight budgets, and improve plan quality

as more budget becomes available. However, existing black-box

solvers are mostly designed to solve optimization problems in a one-

shot manner and do not explicitly support iterative improvement

as the budget increases. For example, NL-Solver [61] allows users

to adjust the time budget for end-to-end optimization latency, yet

users may encounter scenarios where the assigned budget is either

too short (i.e., it returns a substantially worse solution) or too

long (i.e., the solution has already stopped improving early). This

shortcoming makes these solvers ill-suited to meet the demands

and expectations of real-world planning scenarios.

To address Challenges C1-C4 and enable practical quantum

computing in real-time database environments, we propose QDBO,

a white-box, sampling-centric quantum-augmented optimization

framework for large-scale database optimization problems. Un-

like existing black-box hybrid solvers that encapsulate all quan-

tum–classical interactions behind opaque orchestration layers,QDBO

exposes and directly controls the lowest-level operations of the hy-

brid workflow, namely quantum sampling on a quantum annealer

and the associated parameterization of the underlying Ising model,

while solving database optimization problems.

To cope with the sparse connectivity of current quantum hard-

ware (Challenge C1), QDBO incorporates database problem-aware

QUBO reduction and embedding techniques that explicitly encode

problem characteristics, such as decision variable roles and seman-

tic constraints, into the mapping between logical variables and

physical qubits. Rather than relying on solver-internal chaining or

decomposition strategies [32], QDBO embeds problem structure

(e.g., join tree structure enforcement in the join order problem)

directly into low-level operations, including variable–qubit map-

ping and correlation selection, enabling scalable execution while

preserving semantic correctness. By interacting with the quantum

annealer at the sampling level (the same primitive used internally

by commercial hybrid solvers), QDBO harnesses quantum explo-

ration while avoiding the additional orchestration overhead and

service-level constraints imposed by black-box solver interfaces (ad-

dressing Challenge C2). This white-box access also enables QDBO

to observe intermediate sampling results and react immediately,

facilitating tight integration with latency-sensitive database opti-

mizers. Moreover, QDBO provides fine-grained control over how

problem characteristics influence optimization behavior, including

customized variable–qubit mappings and selective correlation re-

laxation. This allows database problem semantics to guide low-level

hybrid operations that are typically inaccessible in existing solvers,

addressing the lack of transparency and tunability highlighted in

Challenge C3. Finally, QDBO embeds an iterative, feedback-driven

refinement mechanism directly into the sampling loop, using light-

weight gradient-based updates to progressively bias future sam-

ples toward higher-quality solutions. This design enables explicit

budget–quality tradeoffs and anytime optimization behavior (ad-

dressing Challenge C4). Together, these design choices move QUBO

reduction and sample-and-correct optimization from the offline

regime in which they have typically been studied [7, 26, 31, 82, 94]

into the online, real-time regime required for database query opti-

mization. We acknowledge that this framework is primarily driven

by problem structure and heuristics, which make it difficult to de-

rive a general theoretical guarantee; this paper instead focuses on

practical, real-time quantum computing for database systems, and

we provide empirical validation through end-to-end experiments

on an actual database system (Section 7).

To evaluateQDBO in end-to-end database optimization scenarios,

we integrate it with an actual database system (PostgreSQL’s query

optimizer [64]) to re-implement an earlier quantum-augmented

query optimizer prototype, namely Q
2
O [49], for join order opti-

mization [77]. We evaluate the resulting system, Q
2
O-QDBO, on

join-intensive workloads, including the Join Order Benchmark

(JOB) [46] and the Cardinality Estimation Benchmark (CEB) [58].

On JOB, Q
2
O-QDBO improves 62 out of 113 queries. On CEB, it

achieves up to 49.36× execution-time speedup and 34.65× end-to-

end speedup. Additional experiments on synthetic queries with up

to 50 relations show that Q
2
O-QDBO achieves significantly less end-

to-end optimization latency while maintaining comparable solution

quality to black-box quantum solvers. To further demonstrate the

generality of QDBO beyond join ordering, we additionally apply

it to index selection on TPC-H, where it achieves up to a 2.64×
workload speedup over the empty-index baseline and outperforms

classical and black-box solver baselines. While join order optimiza-

tion and index selection serve as representative case studies, QDBO

is designed as a general and extensible framework that can sup-

port a wide range of database optimization tasks beyond these

prototypes (e.g., transaction scheduling), demonstrating its broader

applicability to real-time database systems.

We summarize our contributions as follows:
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(1) We introduce QDBO, the first white-box, hybrid quantum-

augmented database optimization framework that avoids

black-box solver constraints and exposes low-level hybrid

operations for large-scale database optimization.

(2) We propose three variable-qubit mapping methods that

enable scalable execution of over-dense QUBOs on quantum

annealers, including a problem-specific semantic mapping

that leverages database characteristics during embedding.

(3) We design an iterative correlation relaxation algorithm that

uses gradient descent to correct the reduced QUBO, achiev-

ing a better trade-off between latency and solution quality.

(4) We integrate QDBO with an actual query optimizer and

demonstrate significant improvements on two case studies,

join order optimization and index selection.

2 PRELIMINARIES
In this section, we first review the background of quantum anneal-

ing and existing quantum solvers, then discuss recent advances in

correlation relaxation for QUBO formulations, and finally present

the QUBO representations for the two case studies considered in

this paper: join order optimization and index selection.

Quantum Annealing (QA). It is a computational paradigm that

leverages quantum hardware to solve complex optimization prob-

lems [39]. It is conceptually related to classical simulated annealing

(SA) [85], which emulates thermal relaxation processes. In SA, the

system will always move to a new configuration if it reduces its en-

ergy, but sometimes it may move to a higher-energy configuration

to escape local minima. In contrast, QA exploits quantum fluctu-

ations to explore configurations that are inaccessible to classical

dynamics. In particular, quantum tunneling enables the system to

traverse energy barriers rather than surmount them through ther-

mal fluctuations, helping it escape suboptimal states and increasing

the chance of reaching near-global optima [19]. Empirically, quan-

tum annealers have been reported to achieve substantially lower

time-to-solution than simulated annealing on barrier-dominated

instance classes (e.g., up to ∼ 10
8× faster time-to-99% success on

crafted instances), and to exhibit a statistically significant scaling

advantage over simulated annealing across tested sizes [2].

The most widely used form of QA solves discrete optimization

problems that can be formulated either as a Quadratic Uncon-

strained Binary Optimization (QUBO) problem [50] or as an Ising

model [36] (a simplified statistical-physics model of interacting

magnetic moments). These two formulations are computationally

equivalent: a QUBO defined over binary variables 𝑥 ∈ {0, 1}𝑛 can
be transformed into an Ising Hamiltonian defined over spin vari-

ables ®𝑠 ∈ {−1,+1}𝑛 via a simple affine change of variables (i.e.,

𝑠𝑖 = 2𝑥𝑖 − 1 ∈ {−1,+1}), and vice versa. In this correspondence,

𝑥𝑖 encodes a decision variable, whereas 𝑠𝑖 represents the state of a

magnetic dipole moment (pointing up or down). The energy of an

Ising system is given by:

𝐸 (𝑥) = 𝐸𝐼𝑠𝑖𝑛𝑔 (®𝑠) =
∑︁
𝑖

ℎ𝑖 𝑠𝑖 +
∑︁
𝑖< 𝑗

𝐽𝑖 𝑗 𝑠𝑖 𝑠 𝑗 (1)

where ℎ = {ℎ𝑖 } denotes the local biases on the magnetic moments,

and 𝐽 = {𝐽𝑖 𝑗 } represents the coupling strength between them (i.e.,

the interaction strength). In QA, these magnetic moments are rep-

resented by the states of interacting qubits (two-level quantum

systems) that are made to evolve using the Hamiltonian operator

associated with the Ising energy, and adding a quantum term known

as the transverse field that induces quantum fluctuations [72]. QA

seeks a spin configuration s ∈ {−1,+1}𝑛 that minimizes the Ising

energy by creating a quantum superposition of all possible config-

urations using the transverse field, and then slowly turning off the

quantum fluctuations while turning on the qubits’ biases and inter-

actions. As the annealing process progresses, the system evolves

toward low-energy states, ultimately encoding a solution to the

original combinatorial optimization problem.

Quantum Solvers. They are designed to solve optimization prob-

lems via quantum annealing. They can be broadly divided into two

categories: native quantum annealers [80, 81] and hybrid quantum-

classical solvers [32, 61]. Native quantum annealers, e.g., D-Wave

Advantage2 [81], host thousands of superconducting qubits and

support pairwise qubit connectivity with a maximum degree of 20.

These devices provide direct, low-level access to quantum hard-

ware through quantum sampling, which executes the quantum

annealing algorithm on the physical system. However, they can

solve only embeddable QUBO instances that fit within the avail-

able qubit budget and conform to the device’s native connectivity

constraints. Generating an embeddable QUBO requires relabeling

QUBO variables with qubit IDs and retaining only couplings that

match couplers on the quantum annealer. In particular, if a QUBO

is overly dense, meaning that a variable interacts with more than

20 variables, it cannot be embedded and solved directly on the D-

Wave Advantage2 annealer. To overcome these limitations, hybrid

quantum-classical solvers have been proposed. These approaches

use classical heuristics to decompose large optimization problems

into smaller subproblems, while leveraging quantum annealing to

perform optimization within each subproblem, thereby improv-

ing scalability and solution quality. Most commercial quantum

solvers, including D-Wave’s BQM Solver [32], CQM Solver [32],

and Nonlinear-Solver [61], adopt this hybrid workflow. However,

these solvers operate as black-box systems, providing neither trans-

parency into their internal mechanisms nor sufficient flexibility for

performance tuning.

Correlation Relaxation for QUBO. To solve overly dense QUBO

instances on current quantum annealers, correlation relaxation [18,

20, 40] has been proposed as a means of simplifying the original

problem by pruning pairwise correlations (i.e., removing selected

couplings 𝐽𝑖 𝑗 in Equation 1) while retaining the full set of deci-

sion variables. A common strategy is to prioritize correlations with

the largest contributions to the objective function; in the QUBO

formulation, this corresponds to ranking pairwise terms in 𝐽 by

their impact on the Hamiltonian energy [6]. However, pruning

correlations based solely on energy contribution fails to account

for semantic correctness, which is particularly critical in database

optimization problems. Correlations with relatively small energy

weights may encode essential semantic constraints. For instance,

in join order optimization [74, 75], low-energy correlations can

enforce validity constraints that prevent duplicate joins or infeasi-

ble join structures; removing such correlations may lead to invalid

query plans. Therefore, correlation relaxation strategies that rely
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solely on energy-based criteria are insufficient for database opti-

mization tasks, as they risk violating essential semantic constraints.

QUBO Formulation for Join Order Optimization. As shown
in Section 6, we use the join order optimization problem as the

first case study to evaluate our proposed quantum-based database

optimization framework. We adopt the same QUBO formulation

for join order optimization as the widely used approach in [75],

which minimizes an energy function composed of three groups of

variables: V, PRED, and SLACK. Specifically, let 𝑅 be the number of

relations and 𝐽 = 𝑅 − 1 be the number of join steps in a left-deep

join tree. We use binary variables 𝑥𝑟 𝑗 ∈ {0, 1} to indicate whether

relation 𝑟 participates in join step 𝑗 , and 𝑦𝑝 𝑗 ∈ {0, 1} to indicate

whether predicate 𝑝 is applicable at join step 𝑗 . With a sufficiently

large penalty weight 𝐴, the overall QUBO objective is:

𝐸 (𝑥,𝑦) = 𝐴
(
𝐸V + 𝐸PRED

)
+ 𝐸SLACK (2)

Here, V enforces structural validity of a left-deep join tree via

constraints on 𝑥𝑟 𝑗 by two parts 𝐸V = 𝐸V1 + 𝐸V2: (1) Each join step 𝑗

must involve exactly 𝑗+1 relations, captured by 𝐸V1 =
∑𝐽

𝑗=1

(
( 𝑗+1)−∑𝑅

𝑟=1 𝑥𝑟 𝑗
)
2

, and (2) relation participation must be monotone across

steps (once a relation appears, it remains present), captured by 𝐸V2 =∑𝑅
𝑟=1

∑𝐽

𝑗=2
𝑥𝑟, 𝑗−1 (1−𝑥𝑟 𝑗 ). PRED ties predicate activation to the cur-

rent join step by allowing a predicate variable to be active only

when both endpoint relations of predicate 𝑝 are present at step 𝑗 ,

i.e., 𝐸PRED =
∑
𝑝

∑
𝑗 𝑦𝑝 𝑗

(
2−𝑥Rel1 (𝑝 ), 𝑗 −𝑥Rel2 (𝑝 ), 𝑗

)
, where Rel1 (𝑝) and

Rel2 (𝑝) denote the two relations connected by 𝑝 . SLACK encodes

the cost objective using auxiliary binary slack variables that make

the cost approximation QUBO-compatible. Concretely, we approx-

imate logarithmic intermediate cardinalities and penalize thresh-

old violations via a quadratic form 𝐸SLACK =
∑
𝑡, 𝑗 𝜃𝑡

(
Buffer𝑡 𝑗 −

LogIntCard( 𝑗)
)
2

, where LogIntCard( 𝑗) is computed from previ-

ously defined (𝑥,𝑦), and the buffer is represented with binary slack

variables 𝑠𝑡𝑖 𝑗 ∈ {0, 1} as Buffer𝑡 𝑗 =
∑𝑁
𝑖=1 2

𝑖−1 𝑠𝑡𝑖 𝑗 . Intuitively, V
guarantees a valid join tree, PRED ties predicate activation to that

tree, and SLACK encodes the cost logic for join order optimization.

QUBO Formulation for Index Selection. As a second use case,

we consider the index selection problem and adopt the QUBO for-

mulation from [42]. Given a database instance, a query workload

Q, a candidate index set I = {𝐼1, . . . , 𝐼𝑛}, and a storage budget𝑊 ,

the selector chooses one index combination to be installed for the

entire workload. Each candidate index 𝐼𝑖 is associated with a binary

decision variable 𝑥𝑖 ∈ {0, 1} indicating whether 𝐼𝑖 is selected, a

storage weight 𝑤𝑖 , and a workload-level profit 𝑝𝑖 . The resulting

budget-constrained index selection problem is

max

𝑥∈{0,1}𝑛

𝑛∑︁
𝑖=1

𝑝𝑖𝑥𝑖 s.t.

𝑛∑︁
𝑖=1

𝑤𝑖𝑥𝑖 ≤𝑊 . (3)

Following [42], we compile Equation 3 into a QUBO using binary

slack variables that encode the unused budget. Let 𝑠0, . . . , 𝑠𝑚−1 ∈
{0, 1} with𝑚 = ⌈log

2
(𝑊 + 1)⌉. The overall QUBO objective is

𝐸 (𝑥, 𝑠) = −
𝑛∑︁
𝑖=1

𝑝𝑖𝑥𝑖 + 𝑃
(
𝑛∑︁
𝑖=1

𝑤𝑖𝑥𝑖 +
𝑚−1∑︁
𝑘=0

2
𝑘𝑠𝑘 −𝑊

)
2

, (4)

where 𝑃 is a sufficiently large penalty coefficient. The linear term

rewards high-profit indexes, while the quadratic penalty enforces

the storage budget. Intuitively, the index decision variables 𝑥 encode

which indexes to install, and the slack variables 𝑠 ensure that any

feasible configuration can drive the penalty term to zero.

3 SYSTEM OVERVIEW
In this section, we first formalize database optimization in the

context of QDBO (Section 3.1), and then present an overview of

QDBO’s workflow and key components (Section 3.2).

3.1 Problem Formulation
Our overarching goal is to solve different database optimization

problems using a quantum annealer and to decode its output into

concrete database configurations (e.g., join orders for query opti-

mization or index combinations for index selection) that improve

query execution performance. However, directly solving the origi-

nal QUBO parameterized by ℎ and 𝐽 (i.e., the direct QUBO formula-

tion for the given database optimization problem) on a quantum

annealer is typically challenging due to hardware constraints such

as limited qubit connectivity and budget. To address these chal-

lenges, we decompose the optimization process into two comple-

mentary phases: Initial QUBO Reduction, which renders the problem

executable on existing quantum hardware, and Online Relaxation

Correction, which iteratively refines the reduced formulation to

improve solution quality.

Phase 1: Initial QUBO Reduction. In this phase, we transform

the original (dense) QUBO Q into a reduced (simplified) QUBO Q̃
compatible on the target quantum annealer. To satisfy hardware

constraints, we sparsify the quadratic terms by pruning couplings

(i.e., simplifying 𝐽 ) so that the reduced QUBO instance Q̃ is embed-

dable on the hardware connectivity graph within the available qubit

budget. In this process, we minimize the distortion introduced by

the reduction by aiming to prioritize the most influential couplings

for maintaining the database problem semantics and objective accu-

racy, ensuring that low-energy solutions of the reduced QUBO still

decode to high-quality database configurations under the original

formulation. These objectives can be formally defined as:

min

Q̃
D

(
Q, Q̃

)
(Distortion Minimization) (5)

s.t. Q̃ is embeddable on 𝐺hw (Hardware Feasibility) (6)

whereD(·, ·) is a high-level measure of the distortion introduced by

the reduction, and 𝐺hw denotes the hardware connectivity graph.

Phase 2: Online Relaxation Correction. Given a reduced and

embeddable QUBO Q̃ produced by Phase 1, we iteratively refine the

model using feedback from quantum annealing runs. The key idea is

to compensate for the approximation errors introduced by coupling

pruning in Phase 1 by adjusting the model coefficients (equivalently,

the Ising parameters (ℎ, 𝐽 )) with respect to the original QUBO Q.
Let (ℎ (𝑡 ) , 𝐽 (𝑡 ) ) denote the model parameters at iteration 𝑡 , and let

S (𝑡 ) be the set of samples returned by the annealer. We update the

parameters using discrepancy signals computed from Q and the

current samples:

(ℎ (𝑡+1) , 𝐽 (𝑡+1) ) = (ℎ (𝑡 ) , 𝐽 (𝑡 ) ) + 𝛼 Δ
(
ℎ (𝑡 ) , 𝐽 (𝑡 ) ; Q, S (𝑡 )

)
(7)
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Figure 1: QDBO System Architecture.

where 𝛼 > 0 is a correction step size and Δ(·) produces parameter

adjustments computed based on S (𝑡 ) and guided by Q. The objec-
tive of online relaxation correction is to minimize the expected

query execution latency induced by the decoded database configu-

ration from the annealer:

min Es∼𝑝𝑇 (s)
[
Latency

(
𝑞, 𝜋 (s)

) ]
(Latency Minimization) (8)

where 𝑝𝑇 (s) denotes the sampling distribution induced by quantum

annealing under the final parameters (ℎ (𝑇 ) , 𝐽 (𝑇 ) ), and 𝜋 (s) maps

a sampled solution s to a database configuration for query 𝑞. This

online relaxation correction phase continuously improves feasibility

and solution quality through iterative refinement.

3.2 System Architecture
Figure 1 illustrates the overall architecture of our proposed quantum-

augmented database optimizer, referred to as QDBO, which tightly

integrates with a conventional database system in a real-time setup.

The left part of Figure 1 demonstrates the workflow of QDBO.

The system first receives a large-scale database optimization prob-

lem, such as join order optimization, which is then encoded into

a quantum-domain model (e.g., a QUBO). To solve such problems

under the limited connectivity constraints of current quantum hard-

ware in a transparent and controllable manner, we depart from

black-box optimization approaches that directly invoke commercial

quantum solvers to search for a single energy-minimizing config-

uration. Instead, QDBO adopts a sampling-based workflow that

iteratively generates high-quality (low-energy) solutions for the

original problem without connectivity restrictions. To enable exe-

cution on quantum hardware, QDBO constructs a reduced QUBO

that preserves all decision variables while pruning a subset of corre-

lations, and embeds this reduced formulation onto physical qubits

(Step ① in Figure 1, details are in Section 4). The resulting QUBO

is then executed on the quantum annealer via quantum sampling.

Based on the observed solution quality and user-defined latency

constraints, the system may perform additional iterations to further

improve the solution quality, thereby explicitly balancing optimiza-

tion latency against solution quality. When additional iterations

are executed, the sampled configurations and their energies are

used to update the QUBO parameters (Step ② in Figure 1; details

are in Section 5), and the process repeats. Otherwise, the current

solution is decoded and returned as a solution to the original op-

timization problem. The iterative loop terminates when either a
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Figure 2: Visualization of Proposed Variable-QubitMappings.

user-specified iteration budget or time budget is reached, allowing

QDBO to operate under tight real-time latency constraints. This

end-to-end workflow avoids reliance on black-box quantum solvers

and provides transparent, fine-grained control over quantum sam-

pling for solving large-scale database optimization problems on

quantum hardware.

4 QUBO REDUCTION AND EMBEDDING
QUBOs derived from database optimization problems typically en-

code complex cost functions alongside constraints that enforce

semantic correctness (e.g., ensuring a valid join-tree structure in

query optimization). However, due to the limited physical connec-

tivity of current quantum hardware, such QUBOs are often not

natively embeddable. To approximately solve these problems on a

quantum annealer, it is therefore necessary to reduce the QUBO

while retaining all decision variables and preserving as much of

the original connectivity as possible. This consists of two steps.

Step 1 (Mapping) efficiently finds a high-quality mapping from

logical QUBO variables to physical qubits. This step balances map-

ping quality and mapping latency: higher-quality mappings better

preserve the original problem semantics, while low latency is cru-

cial because large instances can involve thousands of variables

and qubits. Step 2 (Embedding) relabels variables into qubit IDs

using the mapping from Step 1 and filters quadratic couplings (i.e.,

simplifies 𝐽 ) to retain only the couplers supported by the device.

In this section, we first present three variable-qubit mapping

strategies used in QDBO: randommapping, greedy mapping, and se-

manticmapping
1
. These strategies reflect different quality-efficiency

trade-offs by incorporating quantum hardware geometry and data-

base problem-specific semantics. Figure 2 illustrates how these

strategies map logical variables ({𝑣1, . . . , 𝑣7}) to physical qubits

({𝑞1, . . . , 𝑞7}) on a quantum annealer. The blue nodes denote the

original QUBO variables (e.g., V, PRED, and SLACK variables of the

join order problem, introduced at the end of Section 2). For ease of

illustration, we use a small running example with |V| = 7 in Fig-

ure 2, focusing on validity and predicate variables and abstracting

away the SLACK group: the seven nodes shown in Figure 2 are par-

titioned intoV𝑉 = {𝑣1, 𝑣2, 𝑣3, 𝑣4} (validity) andV𝑃𝑅𝐸𝐷 = {𝑣5, 𝑣6, 𝑣7}
(predicate activation). Edges among 𝑣1–𝑣4 represent intra-group

validity couplings, and edges between {𝑣1, . . . , 𝑣4} and {𝑣5, 𝑣6, 𝑣7}

1
Note that we map each variable to each qubit, instead of mapping a variable to

multiple qubits (i.e., qubit chains), as is commonly done in black-box solvers. Chains

may break easily and reduce scalability when mapping large numbers of variables. For

example, D-Wave Advantage [80] can handle only hundreds of variables even though

it contains around 5000 quantum qubits.
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represent cross-group couplings that tie predicate activation to the

join tree. The orange nodes represent the qubits selected in the

first step of each mapping (i.e., red arrow), while the green nodes

indicate the qubits selected in the second step. We later refer to this

figure to clarify and compare the three mapping strategies in detail.

We then describe how logical couplings between mapped variables

are filtered and retained using available physical couplers to com-

plete the QUBO embedding procedure. In Figure 2, edges between

blue nodes indicate logical couplings, and edges between qubits

represent physical couplers supported by the quantum annealer.

Random Mapping. The most straightforward approach to reduce

an overly dense QUBO onto quantum hardware is randommapping,

which assigns logical variables to physical qubits without consider-

ing either the geometry of the target hardware or the structure of

the QUBO. For example, in Figure 2a, random mapping may first

assign 𝑣3 to 𝑞5 and then assign 𝑣4 to 𝑞3, without enforcing any prior-

itization or structural constraints. This random mapping may end

up with originally-connected variables mapped to distant qubits,

discarding their cross-group couplings. Here, we assume that the

number of qubits is no smaller than the number of variables, ensur-

ing an injective mapping in which each logical variable is assigned

to a unique qubit. A random seed 𝜌 is used to shuffle the variable

list and assign variables to available qubits, yielding a mapping𝑀 .

In general, random mapping is computationally inexpensive and

easy to implement, making it attractive as a baseline or a fast pre-

processing step. However, because it ignores both logical coupling

structure and hardware connectivity, it often discards a large frac-

tion of important correlations, leading to significant distortion of

the original QUBO and degraded solution quality.

Greedy Mapping. To better preserve information from the origi-

nal QUBO while respecting hardware constraints, we introduce a

greedymapping strategy that explicitly accounts for both the logical

structure of the QUBO and the physical connectivity of the quan-

tum annealer. This method, referred to as seeded-neighbor greedy

mapping, first identifies and maps a seed variable and a seed qubit

based on structural properties, and then incrementally constructs

the mapping by greedily maximizing the strength of logical couplings

that can be realized on physical couplers with already-mapped vari-

ables during the subsequent QUBO embedding procedure. Figure 2b

illustrates an example in which the greedy mapping first selects 𝑣2
as the seed variable due to its large aggregate coupling strength

(indicated by connecting with double-line edges), and maps it to

𝑞4, the most connected qubit in the hardware graph. Subsequent

variables such as 𝑣5 ∈ V𝑃𝑅𝐸𝐷 are then mapped to neighboring

qubits (e.g., 𝑞2) to preserve their strong cross-group couplings to

already-mapped variables.

Algorithm 1 illustrates the main routine of our greedy approach

for constructing an injective mapping𝑀 : V → N from QUBO log-

ical variables to physical qubits. First, we build the hardware neigh-

borhood structure Neighbors from the physical qubits N and cou-

plers E (line 1). Here, Neighbors[𝑞] denotes the set of qubits that are
directly coupled to qubit 𝑞 on the annealer. We then compute two

logical statistics from the QUBO couplings J : (i) AbsJ, which stores

the absolute coupling magnitude |𝐽𝑢,𝑣 | for pairs of logical variables,
and (ii) AbsJStrength, which aggregates the total absolute coupling

strength for each variable. Concretely, AbsJStrength[𝑣] = ∑
𝑢 |𝐽𝑢,𝑣 |

measures how strongly variable 𝑣 interacts with the remaining

Algorithm 1 Seeded-Neighbor Greedy Mapping

Input: QUBO logical variables V , logical couplings J (with weights 𝐽𝑢,𝑣 ),

physical qubits N, physical couplers E
Output: Injective mapping𝑀 : V → N
1: Neighbors← BuildHardwareNeighbor(N, E)

⊲ Neighbors[𝑞 ]: directly-coupled quantum qubits of 𝑞

2: (AbsJ,AbsJStrength) ← ComputeAbsCouplingInfo(V, J)
⊲ AbsJ[𝑢 ] [𝑣 ] = | 𝐽𝑢,𝑣 | , AbsJStrength[𝑣 ] =

∑
𝑢 | 𝐽𝑢,𝑣 | for variables

3: 𝑣0 ← argmax𝑣∈V AbsJStrength[𝑣 ] ⊲ Seed variable

4: 𝑞0 ← argmax𝑞∈N |Neighbors[𝑞 ] | ⊲ Seed qubit

5: 𝑀 ← {𝑣0 ↦→ 𝑞0}, 𝑞curr ← 𝑞0 ⊲ Start greedy mapping

6: 𝑉
left
← V \ {𝑣0}, 𝑄used

← {𝑞0}
7: while𝑉

left
≠ ∅ do

8: 𝑃 ← GetCandidateQubits(𝑄
used

,Neighbors, . . .)
⊲ Unused neighbors of already-mapped qubits

9: (𝑣★, 𝑞★) ← SelectBestPlacement(𝑞curr,𝑉left, 𝑃, . . .)
10: 𝑀 [𝑣★] ← 𝑞★

11: 𝑉
left
← 𝑉

left
\ {𝑣★}, 𝑄

used
← 𝑄

used
∪ {𝑞★}, 𝑞curr ← 𝑞★

12: Return𝑀

variables in the QUBO. Next, we select the seed variable 𝑣0 as the

variable with the largest total interaction strength (line 3). Similarly,

we select the seed qubit 𝑞0 as the most connected qubit in the hard-

ware graph (line 4). Placing the most “influential” logical variable

on a highest-degree qubit enables the subsequent greedy expansion

to preserve as many strong couplings as possible (lines 5-6). We

initialize two auxiliary sets: 𝑉left =V \ {𝑣0} stores the remaining

unassigned logical variables, and 𝑄used = {𝑞0} tracks the already-
occupied qubits to guarantee the correctness of injectivity (i.e., no

two variables map to the same qubit).

The main greedy loop continues until all logical variables are

mapped. In each iteration, we first compute the candidate qubit

pool 𝑃 , which contains the unused neighbors of already-mapped

qubits, and falls back to any unused qubit if the neighborhood is

exhausted (line 8). This design encourages spatially coherent place-

ments on the quantum annealer. We then select the next placement

(𝑣★, 𝑞★) by invoking SelectBestPlacement(·), which continues

the seeded-neighbor greedy logic (line 9). For each 𝑞 in the current

candidate qubit pool 𝑃 , it selects an unmapped variable 𝑣 ∈ 𝑉left
that maximizes the preserved coupling strength to already-mapped

variables. Ties are broken by preferring the qubit closest to the most

recently assigned qubit 𝑞curr to encourage locality. The placement

(𝑣, 𝑞) with the largest score is returned. If no eligible placement

is found, the procedure falls back to an arbitrary (𝑣, 𝑞) ∈ 𝑉left × 𝑃 .
Next, we commit the chosen placement by setting𝑀 [𝑣★] ← 𝑞★ and

update the corresponding loop state (lines 10–11). The algorithm

repeats this loop until 𝑉left becomes empty. Finally, it returns the

completed injective greedy mapping𝑀 (line 12).

Compared to random mapping, greedy mapping incurs higher

computational overhead but substantially improves embedding

quality by preserving high-weight couplings.

Problem-specific Semantic Mapping. While greedy mapping

is problem-agnostic, many database optimization QUBOs exhibit

rich semantic structure that can be explicitly leveraged during

reduction. Therefore, we also propose a semantic mapping that

extends the greedy approach by incorporating domain knowledge

about the roles of different variables in the QUBO formulation.
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Algorithm 2 Problem-specific Semantic Mapping

Input: logical QUBO𝐺𝐿 = (V, J) , hardware graph𝐺𝐻 = (N, E) , prior-
ity set Vprio ⊆ V (e.g., Vprio ∈ {V𝑉 ,V𝑃𝑅𝐸𝐷 ,V𝑆𝐿𝐴𝐶𝐾 })

Output: injective mapping𝑀 : V → N
1: Sort 𝑞 ∈ N by hardware degree 𝑑 (𝑞) = | {𝑞′ | (𝑞,𝑞′ ) ∈ E} | (desc); let
Ntop be the top |Vprio | qubits.

2: Greedily map Vprio onto Ntop to prioritize preserve couplers.

3: Map the remaining variables V \ Vprio onto N \𝑀 (Vprio ) .
4: return𝑀

For example, in the join order optimization problem, the logical

variables can be categorized into semantic groups corresponding

to validity constraints, predicate application, and cost modeling

(details are at the end of Section 2).

Algorithm 2 shows our procedure for problem-specific semantics

mapping. We select one group of variables (e.g., join order validity

variables) and prioritizemapping them to themost highly connected

qubits. This prioritization preserves correlations that are critical

for semantic correctness. The remaining variables are then mapped

using the remaining qubits. Figure 2c shows an example in which

variables from the prioritized group (gray region, corresponding

to V𝑝𝑟𝑖𝑜 = V𝑃𝑅𝐸𝐷 = {𝑣5, 𝑣6, 𝑣7} in the running example, where

the priority group can be any semantic subset ofV) are mapped

first, with 𝑣5 placed on 𝑞4 and 𝑣7 on 𝑞2, thereby preserving dense

intra-group interactions as well as cross-group couplings that tie

predicate activation to join tree validity.

Semantic mapping offers the highest potential solution quality

among the three strategies by explicitly protecting semantically

critical correlations while also considering hardware geometry.

Moreover, semantic prioritization leaves more room to trade off

mapping quality and efficiency: for selecting the next placement

(𝑣★, 𝑞★), one can adopt simpler and faster heuristics, such as restrict-

ing the search space to neighbors of already-mapped qubits rather

than evaluating thousands of qubits globally, or using the number

of preserved couplings as a proxy instead of aggregating coupling

strengths. However, it requires problem-specific knowledge and

careful variable grouping, which increases design complexity.

Generate Embeddable QUBO. After obtaining the variable-to-

qubit mapping 𝑀 , the next key step is to generate a quantum-

hardware-embeddable QUBO that can be executed on the quantum

annealer. Algorithm 3 illustrates the transformation procedure. The

key idea is to (i) relabel each logical variable using its mapped phys-

ical qubit ID (i.e., making the embedded QUBO directly runnable on

the quantum annealer) and then (ii) remove any logical couplings

that cannot be realized by physical couplers, and scale coupling

strengths to fall within the hardware-supported range. The result-

ing embeddable QUBO is reduced and exhibits a sparser interaction

structure than the original formulation, which naturally acceler-

ates quantum sampling and improves scalability for large, complex

database optimization problems.

5 ITERATIVE CORRELATION RELAXATION
While the QUBO reduction and embedding procedure enforces

hardware feasibility and prioritizes semantic structure, it may still

discard couplings that contain information critical to solution qual-

ity. This simplification introduces a gap between the reduced QUBO

and the original QUBO with full database semantics.

Algorithm 3 Generate Embedable QUBO (Coupling Filtering)

Input: Original QUBO logical variables V , logical couplings J (weights

𝐽𝑢,𝑣 ), hardware qubits N, hardware couplers E, injective varible-to-

qubit mapping𝑀 : V → N
Output: Quantum-hardware-embedable QUBO: couplings J′ and qubits

N𝑀 = {𝑀 (𝑣) | 𝑣 ∈ V}
// Step 1: Relabel logical variables to physical qubits

1: J
phys
← RelabelCouplings(J, 𝑀 ) ⊲ Replace each (𝑢, 𝑣) by

(𝑀 (𝑢 ), 𝑀 (𝑣) ) as qubit ID, without changing coupling strength
// Step 2: Build hardware edge set for membership queries

2: Eset ← NormalizeEdgeSet(E) ⊲ Canonicalize undirected edge:
OrderEdge(𝑎,𝑏 ) ↦→ (min(𝑎,𝑏 ),max(𝑎,𝑏 ) )
// Step 3: Drop couplers unsupported by hardware

3: Initialize J′ ← ∅
4: for each coupling ( (𝑝,𝑞), 𝐽𝑝,𝑞 ) ∈ Jphys do
5: if NormEdge(𝑝,𝑞) ∈ Eset then
6: Insert ( (𝑝,𝑞), 𝑆𝑐𝑎𝑙𝑒 ( 𝐽𝑝,𝑞 ) ) into J′ ⊲ Fit for hardware

7: else
8: continue ⊲ Drop couplings not present on hardware

9: Return J′,N𝑀

To address this challenge, we propose an iterative correlation re-

laxation framework that progressively corrects the reduced QUBO

using feedback from quantum annealing runs. Rather than relying

on a one-shot, black-box quantum solver that produces an opaque

solution with limited user control, our approach treats the quantum

annealer as an interactive optimization component. This design

enables online refinement of the QUBO, thereby improving solution

quality and providing explicit latency control, which are essential

for deployment in real-time database systems. Our goal is not to

recover every lost coupling, but to use the original QUBO objective

to improve the final solution under hardware constraints.

In this section, we first describe our core idea of using the quan-

tum annealer as a programmable sampler to generate sample solu-

tions. We then show how these sampled solutions and their energy

distributions are used to adjust the QUBOparameters, biasing future

samples toward lower-energy configurations that better optimize

the original database objective. Finally, we present our end-to-end

approach, which iteratively corrects the QUBO relaxation during

refinement and produces high-quality final solutions.

Core Idea: Quantum Annealer as a Programmable Sampler.
We formulate a general database optimization problem as an objec-

tive function𝐺 (𝑥) over binary strings 𝑥 , where each string contains
a set of decision variables

2
. The lower values of 𝐺 (𝑥) indicate bet-

ter solutions. We explicitly distinguish this defined objective 𝐺 (𝑥)
from the sampled Ising Energy 𝐸Ising, which arises from executing

the QUBO on quantum hardware. We rely on the “probability col-

lectives” [7] approach, which seeks the minima by sampling from a

Gibbs distribution [37]:

𝑃 (𝑥) =
exp

(
− 𝛽 ·𝐺 (𝑥)

)
𝑍

(9)

2
As an example, Equation 2 instantiates𝐺 (𝑥 ) for join order optimization.
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where 𝛽 is the inverse temperature
3
and 𝑍 is the partition function,

defined as 𝑍 =
∑
𝑥 ′ exp

(
− 𝛽 ·𝐺 (𝑥 ′)

)
, where the sum runs over all

binary strings 𝑥 ′. This distribution strongly biases sampling toward

configurations with lower objective values due to the exponential

factor. For example, consider two configurations 𝑥𝑎 and 𝑥𝑏 which

represent two solutions for a database optimization problem with

𝐺 (𝑥𝑎) = 0 and 𝐺 (𝑥𝑏 ) = 5. With 𝛽 = 1, their probability ratio

is 𝑃 (𝑥𝑎)/𝑃 (𝑥𝑏 ) = exp

(
− 𝛽 · (𝐺 (𝑥𝑎) − 𝐺 (𝑥𝑏 ))

)
= exp(5) ≈ 148,

meaning that the better solution 𝑥𝑎 is about 148× more likely to

be sampled than 𝑥𝑏 . Consequently, if the quantum annealer can

generate samples following the distribution 𝑃 (𝑥), then high-quality

solutions to the original database optimization problem will be

observed with high probability.

Originating from the sampling nature of quantum annealing,

each programmed problem is independently executed multiple

times (e.g., 100 runs), producing a distribution of configurations

that is peaked at the lowest Ising energies (i.e., 𝐸Ising). From this per-

spective, we utilize the quantum annealer [81] as a programmable

sampler [45], whose behavior can be controlled by adjusting the

Ising parameters ℎ and 𝐽 , to generate candidate solutions (i.e., sam-

pled configurations and their energies). The output can thus be

viewed as a distribution over binary strings. Then, our goal is to

iteratively adjust ℎ and 𝐽 such that the induced output distribu-

tion 𝑄 (𝑥 ;ℎ, 𝐽 ) increasingly aligns with the target distribution 𝑃 (𝑥)
defined by the database objective 𝐺 (𝑥). This alignment enables

principled, feedback-driven optimization that is both transparent

and adaptable (key properties for real-time database workloads).

QUBO Relaxation Correction. To reduce the distance of distri-

bution 𝑄 (𝑥 ;ℎ, 𝐽 ) and 𝑃 (𝑥), we use the gradient descent to update

(ℎ, 𝐽 ) based on quantum annealer samples and their energies.

Distribution closeness measurement. We use KL divergence [44] to

quantify the closeness of these distributions, i.e., howwell𝑄 (𝑥 ;ℎ, 𝐽 )
matches the target distribution 𝑃 (𝑥):

𝐷KL (𝑄 ∥ 𝑃) =
∑︁
𝑥

𝑄 (𝑥 ;ℎ, 𝐽 ) log
(
𝑄 (𝑥 ;ℎ, 𝐽 )
𝑃 (𝑥)

)
(10)

The goal is then to optimize the parameters (ℎ, 𝐽 ) (i.e., correct
the QUBO relaxation) to minimize 𝐷KL (𝑄 ∥𝑃), thereby steering the

quantum annealer toward generating low-𝐺 (𝑥) configurations (i.e.,
better solutions to the original database optimization problems)

with higher probability.

Parameter update using gradient descent. The core challenge in op-

timizing Equation 10 is that the functional form of 𝑄 (𝑥 ;ℎ, 𝐽 ) is not
directly available. Instead, we draw samples from this distribution,

i.e., perform parameterized sampling on the quantum annealer as a

practical alternative. To move forward, we utilize the Gibbs distri-

bution of the Ising energy, implemented on the quantum annealer,

to express 𝑄 (𝑥 ;ℎ, 𝐽 ).

𝑄 (𝑥 ;ℎ, 𝐽 ) =
exp

(
− 𝛽 𝐸Ising (𝑥 ;ℎ, 𝐽 )

)∑
𝑥 ′ exp

(
− 𝛽 𝐸Ising (𝑥 ′;ℎ, 𝐽 )

) (11)

where 𝐸Ising (𝑥 ;ℎ, 𝐽 ) is the obtained Ising energy while sampling

with the programmed biases ℎ = {ℎ𝑖 } and couplings 𝐽 = {𝐽𝑖 𝑗 } on
3
Intuitively, 𝛽 controls how sharply the distribution concentrates on low-𝐸 (𝑥 ) con-
figurations: as 𝛽 → 0, 𝑃 (𝑥 ) approaches a nearly uniform distribution over all binary

strings, whereas as 𝛽 → ∞, 𝑃 (𝑥 ) increasingly concentrates its mass on the global

minimizers of𝐺 (𝑥 ) .

quantum annealer. To minimize 𝐷KL (𝑄 ∥𝑃), we perform gradient

descent as in machine learning approaches [70] for updating the

parametersℎ and 𝐽 . To simplify themath expression in the gradients,

we introduce spin representation 𝑠𝑖 = 2𝑥𝑖 − 1 ∈ {−1,+1}, then the

gradients of 𝐷KL (𝑄 ∥𝑃) with respect to the couplings and biases can

be expressed as covariance-style terms under 𝑄 :

∇𝐽𝑖 𝑗𝐷KL (𝑄 ∥𝑃) = −𝛽
(〈
𝑠𝑖𝑠 𝑗 · Λ(𝑥)

〉
𝑄
−

〈
𝑠𝑖𝑠 𝑗

〉
𝑄

〈
Λ(𝑥)

〉
𝑄

)
(12)

∇ℎ𝑖𝐷KL (𝑄 ∥𝑃) = −𝛽
(〈
𝑠𝑖 · Λ(𝑥)

〉
𝑄
−

〈
𝑠𝑖
〉
𝑄

〈
Λ(𝑥)

〉
𝑄

)
(13)

whereΛ(𝑥) denotes log(𝑄 (𝑥 ;ℎ, 𝐽 )/exp(−𝛽 𝐺 (𝑥))), and ⟨·⟩𝑄 denotes

expectation with respect to𝑄 (𝑥 ;ℎ, 𝐽 ), i.e., the Gibbs distribution as-

sociated with the Ising model executed on the quantum annealer. In

practice, these expectations over all binary strings can be approxi-

mated using the finite samples returned from the quantum annealer.

As a result, we can compute Λ(𝑥) across each sampled configura-

tion using 𝐺 (𝑥) (i.e., the original objective) and the corresponding

Ising energies 𝐸Ising (𝑥 ;ℎ, 𝐽 ).
To bemore specific, in iteration 𝑡 , we draw𝐾 samples {𝑥 (𝑘 ) }𝐾

𝑘=1
∼

𝑄 (·;ℎ (𝑡 ) , 𝐽 (𝑡 ) ) from the quantum annealer, compute 𝐺 (𝑥 (𝑘 ) ) for
each sample, and approximate expectations in (12)–(13) with sam-

ple averages (i.e., ⟨𝑓 (𝑥)⟩𝑄 ≈ 1

𝐾

∑𝐾
𝑘=1

𝑓 (𝑥 (𝑘 ) )). We then update the

QUBO parameters using a gradient-descent step:

𝐽
(𝑡+1)
𝑖 𝑗

= 𝐽
(𝑡 )
𝑖 𝑗
− 𝜂 ∇̂𝐽𝑖 𝑗𝐷KL (𝑄 ∥𝑃) (14)

ℎ
(𝑡+1)
𝑖

= ℎ
(𝑡 )
𝑖
− 𝜂 ∇̂ℎ𝑖𝐷KL (𝑄 ∥𝑃) (15)

where 𝜂 is the step size and ∇̂ denotes the sample-based gradient

estimate. This procedure repeats until a termination criterion is

met (e.g., a maximum number of iterations). Its lightweight, sample-

driven nature enables efficient online execution.

Iterative Sampling and Correction. Combining parameterized

sampling on the quantum annealer with gradient-descent based

parameter updates as described before, we define a closed-loop

iterative sampling and correction process. The procedure runs for

𝑇 iterations, where 𝑇 denotes the total number of sampling rounds

allowed under a user-specified budget (e.g., latency constraints or

desired solution quality). When 𝑇 = 1, the procedure reduces to a

single sampling round without correction; specifically, 𝑡 = 0 uses

the initial reduced-and-embedded parameters (ℎ (0) , 𝐽 (0) ). For each

Algorithm 4 Closed-Loop Iterative Sampling and Correction

Input: Objective 𝐺 (𝑥 ) ; inverse temperature 𝛽 ; learning rate 𝜂; samples

per iteration 𝐾 ; max iterations𝑇 based on time constraint

Output: Best solution 𝑥★ across all rounds and its objective𝐺 (𝑥★)
1: Initialize programmable parameters (ℎ (0) , 𝐽 (0) )
2: for iteration 𝑡 = 0, 1, . . . ,𝑇 − 1 do
3: X (𝑡 ) ← QSampling(ℎ (𝑡 ) , 𝐽 (𝑡 ) , 𝐾 ) ⊲ Draw 𝐾 samples

4: (𝑥★,𝐺★) ← GetBest(𝑥★,𝐺★, X (𝑡 ) ,𝐺 )
5: if 𝑇 > 1 then ⊲ No correlation when𝑇 = 1

6: 𝑄 (𝑡 ) ← EmpiricalDistribution

(
{𝑥, 𝐸Ising (𝑥 ) }𝐾𝑘=1

)
7: 𝐷

(𝑡 )
KL
← KLDivergence(𝑄 (𝑡 ) ,𝐺 (𝑥 ), 𝛽 )

8: (∇̂ (𝑡 )
ℎ
, ∇̂ (𝑡 )

𝐽
) ← EstimateGradient

(
X (𝑡 ) , ℎ (𝑡 ) , 𝐽 (𝑡 ) , 𝛽

)
9: ℎ (𝑡+1) ← ℎ (𝑡 ) − 𝜂 · ∇̂ (𝑡 )

ℎ

10: 𝐽 (𝑡+1) ← 𝐽 (𝑡 ) − 𝜂 · ∇̂ (𝑡 )
𝐽

11: Return 𝑥★, 𝐺 (𝑥★)

8
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Figure 3: Framework of Quantum-augmented Query Optimizer (Q2O-QDBO).

round 𝑡 ≥ 1, we draw a batch of samples X (𝑡 ) from the quantum

annealer programmed with (ℎ (𝑡 ) , 𝐽 (𝑡 ) ), and then use these samples

and their energies to obtain (ℎ (𝑡+1) , 𝐽 (𝑡+1) ). Algorithm 4 outlines the

overall procedure. Upon completion of 𝑇 iterations, the algorithm

outputs a final configuration 𝑥★, chosen from the quantum annealer

samples, along with its objective value𝐺 (𝑥★). Sampling fidelity is

controlled by the per-iteration sample size 𝐾 .

6 CASE STUDIES
To demonstrate QDBO’s generality, we present two use cases of

QDBO on representative database optimization problems: join order

optimization with Q
2
O-QDBO (Section 6.1) and index selection with

IS-QDBO (Section 6.2).

6.1 Quantum-augmented Query Optimization
To demonstrate the practicality and system-level feasibility ofQDBO,

we first presentQ
2
O-QDBO, a Quantum-augmentedQueryOptimizer,

as a representative case study. Q
2
O-QDBO performs join order

optimization and illustrates how QDBO can be integrated into a

production database engine. It is a re-implementation of our ear-

lier real-time, black-box–hybrid-solver-based optimizer, Q
2
O [49],

redesigned to leverage the transparent and controllable optimiza-

tion pipeline provided by QDBO. Q
2
O-QDBO tightly couples the

QUBO reduction techniques (Section 4) and iterative correlation

relaxation framework (Section 5) with a classical query optimizer,

PostgreSQL [64]. Figure 3 shows the high-level architecture of our

prototype. Upon receiving a user query, Q
2
O-QDBO first retrieves

cardinality and selectivity statistics from the DBMS engine. These

statistics are used to instantiate a QUBO following the formulation

in [75], parameterized by (ℎ, 𝐽 ) in the equivalent Ising formulation,

that encodes both the optimization objective (e.g., estimated ex-

ecution cost) and semantic constraints (e.g., validity of join-tree

structures). The decision variables in this QUBO represent candi-

date join order sequences.

Once constructed, the resulting Initial QUBO is typically too

dense to be executed directly on current quantum annealers [80].

QDBO therefore applies the QUBO reduction and embedding meth-

ods described in Section 4 to generate a hardware-compatible for-

mulation. For problem-specific semantic mapping, we separately

prioritize three variable groups (i.e., V, PRED, and SLACK, intro-
duced at the end of Section 2), enabling fine-grained control over

the tradeoff between feasibility and semantic preservation.

Following reduction, QDBO invokes the iterative correlation re-

laxation process. In each iteration, the system samples from the

current QUBO using the quantum annealer and refines the QUBO

Best-Found
Index Set

Index Statistics
(Profit, Weight)

Quantum-augmented
DB Optimizer
(QDBO)

Query Workload
Q1, Q2 ...

Candidate Indexes
{I1, I2, ..., In]}

Database System and Execution Engine (e.g., PostgreSQL)

Query
Results

I1
I3
In

Figure 4: Framework of QDBO-based Index Selection.

parameters based on the observed sample distribution and ener-

gies (Section 5). Each sampling-refinement cycle constitutes one

iteration (Iteration 1 performs sampling only, while subsequent

iterations perform both sampling and refinement). The number of

iterations is governed by an explicit time budget, specified either by

the user or automatically determined by the system, allowingQDBO

to operate under real-time latency constraints. After completing the

prescribed number of iterations, QDBO returns the best join order

sequence discovered within the time budget. This sequence is trans-

lated into a query plan hint
4
. PostgreSQL then selects appropriate

join operators (e.g., hash join or nested-loop join) and produces a

complete execution plan, which is executed by the DBMS engine.

6.2 Quantum-augmented Index Selection
As a second case study, we apply QDBO to the index selection

problem. Figure 4 shows the end-to-end IS-QDBO pipeline. Given a

query workload and a storage budget, IS-QDBO first extracts a can-

didate index set from the queries and computes a per-index profit

(the workload-level execution-time saving) and storage weight by

probing the DBMS engine. These statistics are used to instantiate

the budget-constrained QUBO in Equation 4.

Following the same workflow as in Q
2
O-QDBO, the resulting

QUBO is reduced and embedded onto the quantum annealer using

the methods of Section 4. For semantic mapping, we prioritize

either the index decision variables or the slack variables, providing

fine-grained control over which couplings are protected during

reduction. The iterative correlation relaxation procedure (Section 5)

then refines the QUBO across iterations. Finally, IS-QDBO returns

an index combination that is materialized in PostgreSQL.

4
PostgreSQL [65] uses pg_hint_plan [62] to influence plan selection by incorporating

“hints” in SQL comments. To inject a given join order, the hint can be expressed as a

clause beginning with “Leading” to specify the join order of relations. For example,

the hint Leading (a (b c)) indicates that 𝑏 ⊲⊳ 𝑐 is performed first, followed by

𝑎 ⊲⊳ (𝑏 ⊲⊳ 𝑐 ) .
9



Table 1: Query Execution and End-to-End Latency Evaluation on JOB and CEB Benchmarks, where Iter 1 and Iter 3 Refer to
Q2O-QDBO under the 1-Iteration and 3-Iteration Settings, Respectively.

Type Workload Metric

LQOs Q
2
O with Black-box Solvers Q

2
O-QDBO (ours)

Balsa LEON
+

BQM CQM NL

Iter 1 Iter 3

Random Greedy Semantic Random Greedy Semantic

Exec

JOB

Improved queries 20 35 13 4 18 23 18 38 39 30 62
Best speedup 5.37× 2.06× 13.77× 3.17× 13.91× 16.51× 16.30× 16.95× 16.63× 22.53× 19.14×

CEB

Improved queries 9 2 12 8 13 14 19 13 23 26 25

Best speedup 30.00× 1.05× 8.21× 15.89× 25.29× 25.22× 31.72× 43.52× 45.93× 27.19× 49.36×

E2E

JOB

Improved queries 0 1 0 0 3 9 4 12 7 2 7
Best speedup

-

1.04×
- -

1.27× 5.95× 5.60× 5.91× 2.77× 2.68× 3.16×
Average speedup 1.04× 1.20× 1.96× 2.29× 2.37× 1.77× 1.88× 2.06×

CEB

Improved queries 2 0 4 4 6 8 5 7 11 6 12
Best speedup 6.08×

-

2.77× 6.28× 6.48× 6.18× 5.19× 36.88× 32.92× 7.98× 34.65×
Average speedup 4.30× 1.83× 2.84× 2.32× 2.64× 2.30× 7.60× 5.19× 3.37× 5.39×

7 EVALUATION
We evaluate Q

2
O-QDBO on actual workloads and synthetic bench-

marks to answer the following key questions: (1) How effective

is Q
2
O-QDBO for join order optimization, as measured by query

execution latency? What is the end-to-end latency of Q
2
O-QDBO?

How are the top accelerated and degraded queries distributed? (Sec-

tion 7.2) (2) How does Q
2
O-QDBO handle extremely large join order

optimization problems? How does Q
2
O-QDBO compare with black-

box quantum solvers in terms of efficiency and solution quality?

(Section 7.3) (3) What is the effect of applying iterative correlation

correction across different numbers of iterations? (Section 7.4) (4)

How much quantum service overhead does QDBO include? (Sec-

tion 7.5) (5) Does QDBO generalize to other database optimization

problems beyond join ordering? Specifically, how does IS-QDBO

perform on the index selection problem? (Section 7.6)

7.1 Experimental Setup
We run all experiments on a single server equipped with an In-

tel Core i9-9980XE CPU and 128 GB of RAM. We use Advan-

tage2_system1.7 as the quantum sampler on the D-Wave Leap quan-

tum service platform [18]. As mentioned in Section 6, we also use

PostgreSQL (Version 16.4) as a DBMS engine and configure it with

the corresponding pg_hint_plan version. For query execution, we

follow the same PostgreSQL configuration adopted by Balsa [89],

and evaluate with a hot-cache, three-run protocol: the first run is

treated as warm-up and we report the average of the remaining

two runs. For the index selection use case, we additionally set the

maximum parallel worker to 1 to ensure a fair comparison.

Baselines. As black-box baseline approaches, we adopt D-Wave’s

BQM-Solver [32], CQM-Solver [32], and NL-Solver [61], which are

representative quantum solvers. In this paper, similar to QDBO,

we integrate these solvers into our quantum-augmented query op-

timizer to construct Q
2
O-BQM , Q

2
O-CQM [49], and Q

2
O-NL [49].

These solvers take formulated database optimization problems, such

as join order optimization, as input and return corresponding solu-

tions, which we translate back into join orders for evaluation. We

additionally compare against two leading learned query optimiz-

ers, Balsa [89] and LEON+ [14], as representative reinforcement-

learning-based and machine-learning-based optimizers. For each

real workload, both learned optimizers require multi-hour offline

training on a subset of queries and are then evaluated on the re-

mainder: 33/80 (train/test) on JOB and 32/48 on CEB. For the index

selection use case, we similarly integrate D-Wave’s BQM-Solver

into our pipeline to construct IS-BQM , analogous to Q
2
O-BQM in

the join order use case. We additionally compare IS-QDBO against

a classical dynamic-programming (DP) algorithm that solves the

budget-constrained selection as a 0-1 knapsack problem.

Workloads. To comprehensively evaluate the effectiveness and

scalability of our system, we use both real workloads and synthetic

workloads. For real workloads, we use the Join Order Benchmark

(JOB) [46] and the Cardinality Estimation Benchmark (CEB) [58].

Both JOB (113 queries) and CEB (80 queries) are built on the IMDB

movie database schema and data [46]. Compared with JOB, CEB

contains more complex query patterns and poses a broader range

of cardinality estimation challenges. This makes both benchmarks

suitable and widely adopted for evaluating join order optimization.

For synthetic workloads, we use the same queries as in [60, 75],

which include 270 queries with up to 50 relations for the classical

chain, star, and cycle query graphs [75], and 400 queries with up to

50 relations for tree queries [60]. For the index selection use case,

we use the standard TPC-H benchmark at scale factor 1. Following

the prior methodology [43], we remove all primary keys and ex-

isting indexes so that the relative effect of each candidate index is

measured against an empty-index baseline. We evaluate 19 TPC-H

queries, excluding Q2, Q17, and Q20 as in [43] because their sub-

query costs are orders of magnitude higher than the rest and would

otherwise dominate the workload. We construct B-tree candidate

indexes covering single-column, two-column, and three-column

combinations from WHERE, JOIN, and ORDER BY columns, plus the

original primary-key constraints, yielding 92 candidates in total.

The workload-level profit 𝑝𝑖 is the execution time saved relative to

the empty-index baseline, and the weight𝑤𝑖 is the actual storage

size of the materialized index. The total weight is

∑
𝑤𝑖 = 7,634MB.

We evaluate four storage budgets 𝐵 ∈ {10%, 20%, 40%, 50%} of ∑𝑤𝑖
and set the per-query timeout to 60 s.

Evaluation Metrics. We focus on the following metrics. (1) Query

Execution Time (Exec) and Execution Speedup. To evaluate join-order

quality on real queries, we measure the actual query execution time

under PostgreSQL. For each query, we compare the execution time

of the default optimizer plan (𝑇 Exec

base
) with that of the plan enforced
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by the join-order hint derived from a quantum-based solution (ei-

ther QDBO or a black-box solver), denoted 𝑇 Exec

hint
. We report the

execution speedup as𝑇 Exec

base
/𝑇 Exec

hint
. (2) End-to-End Latency (E2E) and

Speedup. End-to-end latency measures the complete lifecycle of

solving a database optimization problem, including optimization

overhead (e.g., QUBO construction, reduction, sampling, and re-

finement) as well as query execution time. Let 𝑇 E2E

base
denote the

total latency using the default optimizer and 𝑇 E2E

hint
denote the to-

tal latency when using a quantum-based solution. We report the

end-to-end speedup as𝑇 E2E

base
/𝑇 E2E

hint
. (3) DB Cost: Synthetic workloads

only contain cardinalities and selectivities, and thus cannot execute

the queries to obtain query execution latency. Instead, we evaluate

join order quality as the classical cost function [77]:

𝐶 (s) :=

𝑛∑︁
𝑖=2

𝐶out ( |𝑠1 · · · 𝑠𝑖−1 | , |𝑠𝑖 |) , (16)

where s = (𝑠1, . . . , 𝑠𝑛) denotes a join order, |𝑠1 · · · 𝑠𝑖−1 | is the re-

sult size after joining 𝑠1, . . . , 𝑠𝑖−1, and 𝐶out (·, ·) is the per-step cost

computed from the given cardinalities and selectivities.

Default Setups. We perform evaluation under an end-to-end real-

time execution scenario. The number of iterations in QDBO refers

to the number of quantum sampling rounds performed. Specifi-

cally, in an 𝑛-iteration configuration (denoted as Iter n), the first

iteration consists of: (i) generating the optimization problem (i.e.,

constructing the original QUBO) from problem-specific inputs (e.g.,

query statistics for join ordering, or workload-level index profits

and storage weights for index selection); (ii) submitting the QUBO

to the quantum annealer and retrieving the sampled results; and

(iii) performing local QUBO refinement. Each of the remaining 𝑛−1
iterations repeats the refinement step followed by resubmission to

obtain new sampling results. Unless otherwise specified, we use

Iter 1 and Iter 3 as the default settings for QDBO. For the iterative

correlation relaxation inQDBO, we set 𝛽 = 1.0, the gradient-descent

step size 𝜂 = 0.01, and the per-iteration sample size num_reads=100,
selected empirically to balance solution quality and the real-time

latency budget. For BQM-Solver and CQM-Solver, we use their

default configurations, where the solver automatically determines

the processing time for each optimization instance. For NL-Solver,

we set its maximum allowed run time to 1 s for real workloads and

to 5 s for larger synthetic queries to ensure sufficient optimization

time for solution quality while avoiding excessive latency.

7.2 Query Execution and End-to-End Latency
In this section, we focus on query execution latency (Exec) and

end-to-end latency (E2E) for both the JOB and CEB workloads.

Execution Latency. As expected, the plan quality (i.e., only run-

ning time of selected plan) ofmost long-running queries is improved

by Q
2
O-QDBO. The upper part of Table 1 (Exec) shows that Q

2
O-

QDBO consistently outperforms black-box solvers in the following

aspects. (1) Coverage: A primary strength of Q
2
O-QDBO is its broad

improvement coverage: it improves substantially more queries than

black-box solvers. For example, on JOB under execution-time evalu-

ation (JOB-Exec), Iter 3 with semantic mapping improves 62 queries,

compared with 13 (BQM), 4 (CQM), and 18 (NL). A similar trend

holds on CEB, where 26 queries are improved in Iter 3, exceed-

ing 12 (BQM), 8 (CQM), and 13 (NL). (2) Iterative refinement: Our
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Figure 5: Top Accelerated and Degraded Queries (CEB), La-
beled with their Original Execution Time.

closed-loop QUBO refinement yields systematic gains as correction

rounds are applied. From Iter 1 to Iter 3, the number of improved

queries increases markedly (e.g., JOB-Exec under semantic map-

ping: 38 → 62), and the best-case speedups also increase (e.g.,

JOB-Exec under greedy mapping: 16.30× → 22.53×; CEB-Exec
under semantic mapping: 43.52× → 49.36×). These results indicate
that the sampling–correction loop effectively pushes Q

2
O-QDBO

toward higher-quality database solutions. (3) Semantic mapping

advantage: Among our three mapping strategies, semantic map-

ping delivers the strongest overall performance. It achieves the

highest improvement counts and the largest speedups in most set-

tings (e.g., Iter 3 semantic mapping reaches an execution speedup of

49.36× on CEB). This supports our design choice to explicitly prior-

itize preserving semantically connected variables while respecting

hardware geometry.

End-to-End Latency (E2E). The lower part of Table 1 reports

the end-to-end latency comparison, where the advantages of Q
2
O-

QDBO persist. On CEB, Q
2
O-QDBO achieves an average end-to-end

speedup of 7.60× in Iter 1 and 5.39× in Iter 3, substantially exceed-

ing 1.83× (BQM), 2.84× (CQM), and 2.32× (NL). The trend is similar

on JOB; however, Q
2
O-BQM and Q

2
O-CQM do not achieve end-to-

end latency improvements due to their relatively longer overhead.

In general, the slight drop in average speedup from Iter 1 to Iter 3

is due to additional iterations introducing more quantum sampling

calls. This also affects the number of improved queries on the JOB

workload. Surprisingly, we improve more queries in Iter 3 than in

Iter 1 on the more complex CEB workload. This highlights the effect

of correlation correction, which yields better query plans to reduce

query execution latency in Iter 3 and compensates for the addi-

tional overhead introduced by the iterative optimization procedure.

Across the three embeddings in Q
2
O-QDBO, semantic mapping

achieves the highest average speedup. Notably, this higher average

is achieved on a larger fraction of queries, indicating that the gains

are both strong and broadly applicable. Overall, these results con-

firm that Q
2
O-QDBO delivers both solution-quality improvements

and system-level efficiency gains.

Table 2 shows the end-to-end latency breakdown for two selected

JOB and CEB queries. The high quality of Q
2
O-QDBO’s generated

join order sequences significantly reduces execution time and can

also slightly reduce planning time in the classical query optimizer

(i.e., PostgreSQL produces a complete plan based on the given join

order as a hint). Even after accounting for quantum solver overhead

(e.g., 747 ms in Iter 1 and 1621 ms in Iter 3), we still achieve multi-

second absolute time savings (i.e., up to 190,943 ms). The reported
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Table 2: End-to-End Latency Breakdown and Comparison
Between Q2O-QDBO and PostgreSQL (PG).

Workload
Time (ms)

JOB CEB

Solver Query / #Joins 26c / 17 q54 / 11

Baseline
(PG)

Planning 93 89

Execution 5604 196,176

End-to-End 5697 196,265

Q2O-QDBO
(ours)

Iteration 1 3 1 3

Planning with hints 66 67 67 69

Execution 4623 689 4508 3974
QDBO overhead 852 1971 747 1621

End-to-End 5541 2727 5322 5664

Our Gain
(Over PG)

Absolute Time Saving 156 2970 190,943 190,601

Exec Time ↑ 1.21x 8.13x 43.52x 49.36x
E2E Latency ↑ 1.03x 2.09x 36.88x 34.65x

overhead is averaged over three runs to better reflect the cloud-

service latency of the D-Wave quantum platform. This verifies the

effectiveness and efficiency of Q
2
O-QDBO for real-time database

optimization on real workloads.

Top Improved and Degraded Queries.We next analyze the most

improved and most degraded queries in terms of plan quality using

the more complex CEB workload as a case study. Figure 5 reports

the top 10 accelerated and top 10 degraded queries ranked by exe-

cution latency (Exec) speedup. We observe an empirical boundary

at approximately 1,000,ms that largely separates the two groups.

Among the 10 most accelerated queries, nine have PostgreSQL ex-

ecution times above this threshold, whereas among the 10 most

degraded queries, 9 fall below it. A similar trend is observed in

the JOB workload. These align with the expected behavior of Q
2
O-

QDBO. Given the quantum optimization overhead, Q
2
O-QDBO is

particularly beneficial for long-running queries, where improved

join ordering can significantly reduce intermediate result sizes and

overall execution time. In contrast, for short-running queries, the

relative impact of join-order refinement is smaller.

A closer inspection of the SQL and execution plans for the two

outlier queries (highlighted in red) reveals the following: (1)Query 9:

Although this query has a short baseline execution time,Q
2
O-QDBO

achieves substantial improvement. The query exhibits a complex

multi-join topology, including a self-join on movie_info, where
join ordering strongly influences intermediate cardinalities. Q

2
O-

QDBO successfully identifies a more effective join sequence, re-

sulting in notable speedup despite the fast baseline. (2) Query 14:

In contrast, Q
2
O-QDBO does not improve this query. It contains

weakly selective predicates (e.g., broad IN lists and ILIKE filters),
making the query less sensitive to join-order decisions based pri-

marily on statistical estimates. In this case, PostgreSQL’s native

optimizer, which leverages richer contextual heuristics, produces a

more suitable plan. Generalizing from these observations and the

empirical boundary above, Q
2
O-QDBO is relatively effective when

(i) the query execution time substantially exceeds the quantum

optimization overhead, so that the overhead can be amortized by

execution-time savings; (ii) the join topology is complex (e.g., many

relations, self-joins, or high fan-out), making join order a dominant
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factor in intermediate result sizes; and (iii) predicates are selective

enough that different join orderings lead to significantly different

cardinality estimates. Conversely, for short-running queries with

simple topologies or weakly selective predicates, the default Post-

greSQL optimizer is already effective and the relative benefit of

quantum-augmented optimization diminishes.

Workload-Level Comparison.We conduct an experiment over

the complete JOBworkload to compareQDBO with PostgreSQL. For

each query, we report the best-found query plan of QDBO across all

evaluated configurations. Figure 6a shows that QDBO’s best-found

plan executes faster than PostgreSQL on 86 of 113 JOB queries.

Figure 6b reports the query execution time comparison at P25–

P99. QDBO achieves lower query execution time at every reported

percentile, with the gap widening at higher percentiles (e.g., 548 ms

vs. 577 ms at P50, 2.6 s vs. 4.3 s at P90, and 8.2 s vs. 12.1 s at

P99), confirming that QDBO’s advantage is consistent across the

execution time distribution.

Comparisonwith Learned Query Optimizers. Table 1 compares

QDBO against two leading learned query optimizers, Balsa [89] and

LEON+ [14], on the JOB and CEB workloads. In terms of query

execution time compared with PostgreSQL, Balsa improves 20 JOB

queries and 9 CEB queries, while LEON+ improves 35 JOB queries

and 2 CEB queries. In contrast, QDBO-Iter 3 with semantic mapping

improves 62 and 26 queries on JOB and CEB, respectively, with

higher best speedups of 19.14× and 49.36×. Beyond the broader

execution time speedup and the elimination of multi-hour offline

model training, Q
2
O-QDBO also achieves better results in the end-

to-end evaluation, where learned query optimizers suffer from

model inference and their system overhead. This indicates QDBO’s

practical competitiveness in real-time database optimization.

7.3 Scalability Analysis on Synthetic Queries
To evaluate scalability, we compare Q

2
O-QDBO with other black-

box-solver-based baselines on synthetic join queries with up to

50 relations under four query graph schemas: chain, cycle, star,

and tree [60, 75]. Among the different baselines, we consider Q
2
O-

BQM our main competitor as BQM is a QUBO-native hybrid solver

that employs multiple workers to solve large-scale optimization

instances in parallel. For Q
2
O-QDBO, we adopt a 2-iteration config-

uration (Iter 2). This configuration captures both solution quality

and system overhead, reflecting the practical trade-off between re-

finement and latency. We characterize scalability from two perspec-

tives: Quality scalability (whether the DB Cost metric (Section 7.1)
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Figure 7: DB Cost for Synthetic Queries.

degrades catastrophically as query size grows) and Efficiency scal-

ability (whether quantum-based optimization overhead remains

within a reasonable range).

DBCost Analysis. Figure 7 reports solution quality across schemas

and query sizes. Overall, Q
2
O-BQM delivers strong and stable per-

formance. Our Q
2
O-QDBO (both random and semantic mappings)

consistently maintains low DB Cost without catastrophic degrada-

tion as the number of relations increases, demonstrating strong

quality scalability. In most cases, Q
2
O-QDBO achieves performance

comparable to Q
2
O-BQM , and outperforms it on several large in-

stances (e.g., Relation 50 in chain and Relation 46 in star). In contrast,

Q
2
O-NL and Q

2
O-CQM exhibit severe quality degradation on chain,

cycle, and tree schemas, where global join-tree constraints induce

strong variable dependencies. Their DB Cost increases rapidly as

problem size grows. They perform relatively better on the star

schema, where structural dependencies are weaker. Within Q
2
O-

QDBO, semantic mapping consistently yields more stable and often

lower DB Cost than random mapping, particularly on large and

structurally complex instances (e.g., Relation 46 in chain, Relation 50

in cycle and star, and tree). By prioritizing semantically critical vari-

ables and couplings during reduction, semantic mapping better

preserves key correlations, improving robustness at scale.

Quantum Optimization Overhead Analysis. Figure 8 reports
the end-to-end quantum solver time as the overhead. Q

2
O-CQM

shows a clear upward trend in latency as problem size increases

(orange bars). Q
2
O-NL maintains relatively stable overhead due

to its enforced runtime cap (5s in our setting). Our Q
2
O-QDBO

achieves consistently lower end-to-end overhead than Q
2
O-BQM ,

even though Iter 2 requires two quantum sampling rounds, incur-

ring an additional cloud round-trip on the order of seconds. This

indicates that Q
2
O-QDBO offsets the extra invocation cost: QUBO

reduction decreases the difficulty of embedding and sampling, and

the correction step improves solution quality without introduc-

ing substantial additional overhead. This advantage becomes more

pronounced for large and dense QUBOs, where embedding and

sampling dominate runtime. More broadly, the white-box control

in QDBO, over reduction, mapping, and refinement, allows it to

avoid unnecessary solver effort when sufficient solution quality has
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Figure 9: Average Execution Time across Iterations.

already been achieved. Within Q
2
O-QDBO, semantic mapping in-

curs slightly higher overhead than random mapping, reflecting the

natural quality–overhead trade-off: better semantic preservation

comes at a modest increase in computational cost.

7.4 Effects of Iterative Corrections
As observed in Section 7.2, increasing the number of iterations gen-

erally improves both the fraction of queries achieving speedup and

the maximum observed speedup. This improvement stems from

our gradient-based iterative correlation relaxation loop, which pro-

gressively refines the reduced QUBO toward lower-energy configu-

rations aligned with the join order optimization objective, thereby

producing higher-quality (i.e., lower-latency) execution plans.

Figure 9 shows the average query execution time across iter-

ations (Iter 1 to Iter 4) for all queries in each workload. Overall,

execution time decreases as iterations increase, indicating that Q
2
O-

QDBO progressively improves the generated join orders. The most

significant improvements are observed under random mapping,

which starts from a weaker initial embedding and therefore bene-

fits more from iterative correction. In contrast, semantic mapping

achieves the best performance in Iter 1 because it incorporates

problem semantics during mapping and begins with a stronger

initial embedding. We observe minor fluctuations for greedy and

semantic mappings around Iter 4. Since these mappings already

start from higher-quality embeddings, further optimization of the

QUBO energy does not always translate into strictly monotonic

improvements in the database execution-time objective. Neverthe-

less, the overall trend remains toward improved performance as

iterations increase, until convergence or saturation is reached.
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7.5 Quantum Service Latency Breakdown
Table 3 reports a per-iteration latency breakdown of the D-Wave

quantum service on JOB Q1, averaged over three runs. The end-

to-end quantum overhead is approximately 346 ms per iteration,

whereas the QPU programming and sampling time accounts for

only about 33 ms. This shows that most of the observed latency

originates from service-level ingress and egress stages (including

cloud communication overhead), rather than from QPU core op-

erations. We expect these service-level overheads to decrease as

quantum cloud platforms mature.

Table 3: Quantum Service Latency Breakdown (JOB Q1).

Metric (ms) Iter 1 Iter 2 Total Avg

Ingress (created→received) 78.554 78.747 157.302 78.651

Solve (received→solved) 137.113 140.818 277.931 138.966

Egress (solved→resolved) 122.793 133.568 256.361 128.181

Quantum Overhead (created→resolved) 338.461 353.133 691.594 345.797

QPU programming 15.760 15.760 31.520 15.760

QPU sampling 17.405 17.405 34.809 17.405

Post-process overhead 0.028 0.012 0.040 0.020

7.6 Index Selection Evaluation
To validate the generality of QDBO beyond join ordering, we evalu-

ate IS-QDBO on the index selection problem. For IS-QDBO, we eval-

uate the three variable-qubit mapping strategies (random, greedy,

and semantic) introduced in Section 4 and report both iter=1 and
iter=3 to assess the effect of iterative correlation relaxation.

Table 4 reports the workload speedup over the empty-index

baseline. IS-QDBO matches or exceeds both DP and IS-BQM in most

budget settings. The best result, 2.639×, is achieved by IS-QDBO

with semantic mapping at 𝐵 = 50%. The differences across solvers

are sometimes small because a few dominant indexes capture most

of the available speedup; once these are selected, the marginal

benefit of additional indexes is limited.

An interesting case occurs at 𝐵 = 40%, where IS-QDBO with

greedy mapping at iter=1 drops to 1.087× because it misses one

of the lineitem(l_orderkey)-prefix indexes that is critical for

Q21. By iter=3, the iterative correlation relaxation reselects the

missing index, reducing Q21’s execution time and lifting the result

to 2.531×. This illustrates how iterative correction can repair the

sub-optimal solution generated from the first-iteration reduced

embeddings. The semantic mapping consistently delivers stable

and leading results because it preserves the QUBO structure most

faithfully when the candidate set contains many borderline items.

Why can IS-QDBO beat DP?We measure each index’s profit in

isolation while constructing the problem. The DP baseline tends

to fill the budget with every candidate of positive marginal profit,

whereas IS-QDBO can drop indexes whose joint effect on real query

execution is negative. At 𝐵 = 50%, DP installs 71 indexes while IS-

QDBO installs only 50 and yields an additional 1.77 s improvement

on the full workload. The additional indexes selected by DP enlarge

the planner’s search space and contend for shared resources, so

a sparser configuration runs faster on the actual DBMS. This ob-

servation highlights the value of QUBO-level joint reasoning over

the per-index, isolation-based profit assumption used by classical

knapsack solvers.

Table 4: Workload Speedup over the Baseline on TPC-H.

Budget

Classical Black-box Solver IS-QDBO

DP IS-BQM

Random Greedy Semantic

iter=1 iter=3 iter=1 iter=3 iter=1 iter=3

𝐵 = 10% 2.422× 2.425× 2.431× 2.432× 2.637× 2.637× 2.453× 2.453×
𝐵 = 20% 2.447× 2.410× 2.365× 2.447× 2.455× 2.450× 2.423× 2.539×
𝐵 = 40% 2.531× 2.636× 2.543× 2.543× 1.087× 2.531× 2.529× 2.533×
𝐵 = 50% 2.530× 2.628× 2.522× 2.522× 2.541× 2.541× 2.639× 2.639×

8 RELATEDWORK
Quantum solvers. Quantum computing paradigms for optimiza-

tion can be broadly classified into quantum annealing and gate-

based quantum models. In quantum annealing, an adiabatic anneal-

ing process drives the system from an initial quantum superposition

toward a low-energy configuration corresponding to an optimal or

near-optimal solution [11, 83, 91]. Due to limited qubit connectivity

in native quantum annealers, hybrid quantum–classical solvers

have emerged as a practical approach for large-scale optimiza-

tion [24, 32]. These solvers typically follow a four-stage pipeline:

the original problem is first decomposed into smaller subproblems,

which are then embedded onto the sparse qubit topology; the em-

bedded problems are sampled on the quantum processor to obtain

low-energy configurations, and the resulting partial solutions are

finally composed into a globally consistent solution. This paradigm,

pioneered by platforms such as D-Wave [80], is further supported

by advanced solvers including the Constrained Quadratic Model

(CQM) solver [32] and the Nonlinear Hybrid Solver (NL-Solver) [61],

which combine quantum sampling with classical heuristics. Despite

their scalability, these hybrid solvers incur substantial orchestration

overhead and expose limited low-level control, making them dif-

ficult to integrate tightly into latency-sensitive, real-time systems

such as database engines. In contrast, gate-based quantum mod-

els [92], offered by platforms such as IBM Quantum [34], provide

a universal approach to quantum optimization using variational

quantum algorithms, such as the Variational Quantum Eigensolver

(VQE) [82] and the Quantum Approximate Optimization Algorithm

(QAOA) [26, 31, 94]. These methods iteratively prepare parameter-

ized quantum states on gate-based hardware and optimize their

parameters using classical feedback. In this work, we focus on the

quantum annealing paradigm, as it is currently more mature for

integration into real-world systems, and leave the exploration of

gate-based approaches for future work.

Quantum computing for database optimization. Early research
applied quantum algorithms, such as Grover’s algorithm [28] and

its variants [10, 22, 29, 38, 63, 79], to accelerate database search

tasks, including linear and binary search. More recent work has

explored quantum and quantum-inspired techniques for a broad

range of database optimization problems, including join order-

ing [56, 57, 73–75, 86, 87], multiple query optimization [25, 76, 83],

index selection [42, 84], transaction scheduling [8, 27, 55], and in-

dex tuning [30, 42, 84]. Many existing systems [47–49, 73] rely on

commercial hybrid solvers and treat them largely as black boxes,

which limits control over QUBO reduction, variable mapping, and
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low-level improvement. In contrast, our proposed QDBO is the

first end-to-end, sampling-centric hybrid quantum-classical opti-

mization pipeline that (i) integrates tightly with database systems

in real-time settings, (ii) explicitly performs hardware-aware and

problem-specific QUBO reduction and mapping, and (iii) closes the

optimization loop with lightweight, online refinement. Across this

body of work, QUBO is the standard abstraction used to encode data-

base optimization problems, and is mathematically equivalent to an

Ising-style energy function that can be minimized either on quan-

tum annealers or on gate-based circuits. QDBO targets quantum

annealing because current annealers [80, 81] already host enough

qubits to encode QUBO instances at our problem sizes within a real-

time latency budget, whereas current gate-based circuits remain

limited in qubit count and coherence. The design of QDBO is not

tied to a specific quantum annealer and can be carried over to other

annealer architectures and future gate-based implementations.

9 DISCUSSION AND FUTUREWORK
Target Application Scenarios. Due to the quantum-service over-

head of QDBO, Q
2
O-QDBO mostly works well for complex, long-

running OLAP queries where join order quality has a substantial

impact on execution time. For short-running OLTP queries, the

quantum-service round-trip overhead is non-negligible relative to

the query execution time itself. This characteristic is shared by

other optimization-heavy approaches, including widely adopted

machine-learning-based query optimizers, which similarly target

OLAP workloads. Reducing the per-call cloud overhead through

batching, caching, or future on-premise quantum hardware is an

interesting direction for future work.

Deployment Cost. Quantum annealers, as an emerging hardware

platform, currently have non-trivial deployment cost. We expect

this cost to follow a trajectory similar to other emerging hard-

ware such as GPUs, where unit cost has decreased substantially

as adoption broadened and the deployment stack matured. QDBO

also reduces deployment cost and improves flexibility: by exposing

low-level sampling together with QUBO reduction and correla-

tion relaxation mechanisms (Section 4 and Section 5), it avoids the

service-level latency floors and overhead of commercial black-box

quantum solvers.

Scalability to LargerWorkloads. Our evaluations exercise QDBO
on synthetic queries with up to 50 relations, scaling to thousands

of variables and qubits in the QUBO and on the quantum annealer.

This paper focuses on QUBOs that contain fewer variables than

the available quantum annealer qubits but exhibit the over-dense

issue. Scaling to larger QUBOs whose variables exceed the available

qubits, i.e., the over-large regime, is left for future work.

10 CONCLUSION
We presented QDBO, a white-box quantum-augmented database

optimizer that brings quantum annealing into real-time large-scale

database optimization. Using join order optimization and index

selection as two case studies, extensive experiments with Q
2
O-

QDBO and IS-QDBO show that QDBO can deliver high-quality

solutions with low end-to-end latency. Besides, QDBO is designed

as a general-purpose framework that opens the door to quantum-

augmented solutions for broad database optimization problems.
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