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ABSTRACT

Large-scale database optimization problems can be encoded as Qua-

dratic Unconstrained Binary Optimization (QUBO) instances for

execution on quantum hardware. As the problem size grows, these

QUBOs quickly exceed the capacity of current devices and must

be decomposed into multiple subproblems. However, decomposi-

tion does not eliminate global dependencies: subproblems remain

coupled through boundary interfaces, and overall solution quality

depends critically on how partial solutions are fused.

In this demonstration, we present QFusion, the �rst boundary-

aware fusion planning and execution framework for large-scale

QUBO solving that runs on an actual quantum annealer. We pro-

pose a DBMS-inspired, cost-based fusion tree that explicitly selects

the fusion order and merge strategy. QFusion supports three data-

base optimization tasks: join order optimization, multiple query

optimization, and index selection. Conference attendees can inter-

actively control the complete work�ow through three designed

scenarios: inspecting the construction of QUBOs with their data-

base semantics, adjusting the decomposition granularity to observe

the resulting boundary interfaces, and con�guring fusion planning

to examine the execution results on an actual quantum annealer.

Overall, the demonstration highlights that scalable QUBO solving

is not only a matter of solving local subproblems, but also a systems

problem that requires boundary-aware fusion planning. The video

corresponding to this demonstration is available at this link.
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1 INTRODUCTION

Quantum computing has become a promising computational par-

adigm, driven by rapid advances in quantum hardware [3, 4]. Re-

cently, quantum computing has been explored for database opti-

mization tasks [6], including join order optimization [7–9, 11, 12,
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15, 17, 18], multiple query optimization [19, 21], and index selec-

tion [5, 22]. Quantum annealing [2] is a representative quantum

computing paradigm that outperforms classical approaches in cer-

tain settings, particularly for optimization problems, by enabling

e�cient exploration of exponentially large search spaces [1]. A

common pattern is to encode a database optimization problem as

a Quadratic Unconstrained Binary Optimization (QUBO) [13] and

then solve it on a quantum annealer. However, QUBOs may require

tens of thousands of binary variables to represent complex database

semantics with large relations (e.g., a 50-table join order problem

may generate over 10, 000 binary variables), whereas current quan-

tum annealers provide fewer physical qubits than required (e.g.,

D-Wave systems [3] o�er on the order of 5,000 qubits).

To bridge the mismatch between problem size and hardware

capability, prior work [16] suggests applying advanced solvers (e.g.,

mixed-integer linear programming) to the most challenging parts

while relying on classical algorithms for the remainder. However,

directly transferring this strategy to quantum annealing does not

fully exploit quantum advantages and does not scale e�ciently

to larger QUBO instances. As noted in our prior work [8, 10], a

practical and generic approach is to decompose an oversized QUBO

into smaller subproblems, solve them separately, and strategically

merge partial solutions. Yet QUBOs introduce a unique di�culty:

they contain a large number of dense pairwise correlations between

variables (i.e., couplings) that encode the semantics of the given

database problem and the penalties for violating constraints. After

decomposition, many couplings cross partition boundaries, so the

�nal solution quality depends not only on local subproblem solu-

tions but also on how cross-boundary couplings are handled during

composition. Consequently, the composition stage requires careful

fusion planning that accounts for boundary interfaces (i.e., bound-

ary variables and cut couplings) between partitions and decides

both the fusion order and the merge strategy.

In this demonstration, we present QFusion, the �rst boundary-

aware Fusion planning and execution framework for large-scale

QUBO solving that runs on an actual quantum annealer. QFusion

focuses on how large-scale QUBOs are fused after decomposition

and serves as a monitoring tool for studying the quality–e�ciency

trade-o�. We �rst formalize the optimization target by accounting

for both the contributions from partitioned subproblems and the

boundary interfaces between them. We then formulate fusion plan-

ning by drawing inspiration from join order optimization in DBMSs

and propose a cost-based strategy for constructing a fusion tree.

Moreover, we present three merge strategies that pairwise com-

pose partial solutions with di�erent levels of boundary awareness.

Finally, QFusion integrates with a D-Wave quantum annealer [3] to

execute and evaluate fusion plans and return �nal solutions.
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This demonstration, featuring three designed scenarios, allows

conference attendees to interact with QFusion directly and control

the entire lifecycle, from QUBO construction and decomposition to

fusion planning and execution. It provides the �rst visualization that

bridges QUBO construction with database semantics across three

classical database optimization tasks: join order optimization [18],

multiple query optimization [21], and index selection [22]. In Sce-

nario 1, attendees can examine how QUBOs are constructed across

di�erent problem sizes and how their variables and couplings re-

�ect the underlying database semantics. In Scenario 2, they can

adjust the number of partitions to explore decomposition behavior

and the resulting boundary interfaces, highlighting the practical

challenges of recombining components under cross-boundary in-

teractions. In Scenario 3, attendees can experiment with alternative

fusion tree structures (e.g., linear or bushy) and merge strategies,

and observe their impact on end-to-end solution quality and timing

metrics during execution on the quantum annealer. This demon-

stration makes fusion planning and execution explicit, observable,

tunable, and comparable, highlighting fusion planning as a �rst-

class decision for solving large-scale QUBOs. A recorded video of

the demonstration is available at this link.

2 PRELIMINARIES

We �rst present the foundations of quantum annealing, and then

introduce the three QUBO formulations used in our demonstration.

2.1 Quantum Annealing

Quantum annealing (QA) relies on quantum �uctuations to explore

regions of the con�guration space that are hard to reach under

classical evolution. A key feature is quantum tunneling, which lets

the system pass through energy barriers rather than overcome

them thermally. Quadratic Unconstrained Binary Optimization

(QUBO) [13] is a standard formulation for expressing optimiza-

tion problems for QA. The objective is to determine a binary vector

x ∈ {0, 1}= that minimizes the following quadratic function [12]:

� (x) =

∑

8, 9

�8 9 G8G 9 +
∑

8

ℎ8 G8 ,

where ℎ8 speci�es the linear bias associated with variable 8 , and �8 9
captures the pairwise coupling between variables 8 and 9 .

2.2 QUBO Construction for Database
Optimization Problems

Our system currently supports three representative database opti-

mization tasks: join order optimization [18], multiple query opti-

mization [21], and index selection [22]. We brie�y summarize the

corresponding QUBO constructions used in our demo.

Join Order Optimization. We follow prior work on QUBO encod-

ing for left-deep join trees [18]. The construction combines four

construction blocks: (1) �Va enforces that each join step contains

the correct number of relations; (2) �Vb ensures that each join step

introduces exactly one new relation, which then remains active in

all later steps; (3) �? activates a predicate only after both endpoint

relations appear in the current step; and (4) �Cost approximates

logarithmic intermediate-result growth using relation cardinalities
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Figure 1: Fusion Tree Structure.

and predicate selectivities. The resulting join order objective is

�JO = �
(

�Va + �Vb + �?
)

+ �Cost , (1)

where � ampli�es violations of constraints as a penalty weight.

Multiple Query Optimization.We follow the QUBO construction

framework proposed in prior work [21]. The objective consists of

three construction blocks: (1) �Sel enforces that exactly one execu-

tion plan is selected for each query; (2) �Share captures consistency

between selected plans and materialized intermediates; and (3)

�Cost models total execution cost, including plan execution costs

and materialization costs, while subtracting reuse savings enabled

by shared intermediates. The resulting objective is given by

�MQO = ��Sel + � �Share + �Cost , (2)

where � and � are penalty weights that enforce constraints.

Index Selection.We follow prior formulations [22] to encode index

selection under storage and workload constraints. The construc-

tion consists of three construction blocks: (1) �Storage enforces a

storage budget constraint; (2) �Con�ict captures mutual exclusion

constraints among incompatible indexes (e.g., overlapping or re-

dundant indexes), modeled as pairwise penalties that prevent simul-

taneous selection; and (3) �Cost models workload execution cost

under selected indexes. The resulting index selection objective is

�IS = ��Storage + � �Con�ict + �Cost , (3)

where� and � are penalty weights enforcing feasibility constraints.

These three classical database optimization tasks generate in-

creasingly large-scale QUBOs as the problem size grows. We use

them in the following scenarios to demonstrate QUBO construction,

decomposition, fusion planning, and execution.

3 FUSION PLANNING

The main technical focus of this demonstration is to show how

large-scale QUBOs are fused after decomposition, illustrating a

practical approach to solving instances that exceed current quantum

hardware limits. Once an oversizedQUBO is partitioned into smaller

components, it is not su�cient to solve them in isolation. The

system must also decide how to recombine partial solutions while

accounting for boundary interfaces. Inspired by join ordering in

DBMSs, we formulate this procedure with proposing a cost function

and merge strategies for boundary-aware fusion.

3.1 From Decomposition to Boundary Interfaces

Let a QUBO be de�ned over binary variables x with energy � (x).

After decomposition, the variables are divided into disjoint compo-

nents {�1, . . . ,�<}. The resulting subproblems are not independent

because some quadratic terms (i.e., couplings) connect variables
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across di�erent components. These cross-component couplings in-

duce boundary interfaces that must be handled during composition.

Therefore, the decomposition produces two outputs. The �rst

output is the set of sub-QUBOs that can be optimized separately.

The second output is the boundary interface that contains the cut

couplings. If  denotes the joint assignment of boundary variables,

then the optimization target can be rewritten as a combination of

intra-component energies and cross-component contributions:

min
x
� (x) −→

<
∑

8=1

min
x�8

�8 (x�8 ) + min
 
�cut ( ) . (4)

This expression highlights the system challenge: even if each com-

ponent is solved well, the �nal solution quality is governed by how

cross-component interactions are handled during merging.

3.2 Fusion Planning as a Tree

We plan the fusion as a binary tree ) whose< leaves are the de-

composed sub-QUBOs, and in which each internal node E merges

the partial solutions of its two children !(E) and '(E). As a join tree

�xes the order in which relational inputs are combined, a fusion

tree �xes the order in which components are composed. As shown

in Figure 1, the fusion tree can also take di�erent shapes. A linear

tree repeatedly merges a new component into an existing partial

result. A bushy tree may merge multiple-component subtree in

each merge. As a query optimizer costs a join tree [20], we score a

fusion tree by summing a cost over its merges:

� () ) =

∑

E∈Internal() )

�merge

(

!(E), '(E)
)

. (5)

Each merge resolves the couplings on the boundary. Resolving a

boundary late is more expensive, because the boundary assignment

must then accommodate a larger scope of merged components.

Each merge is therefore priced by its boundary coupling, weighted

by the number of components in the merged result:

�merge (!, ') = |! ∪ ' | · cut(!, ') . (6)

Here, cut(!, ') =
∑

D∈!, E∈' |�DE | adds up the strengths of couplings

across the two sides being merged, and |! ∪ ' | is the number of

decomposed components in the merged result. Both quantities

directly come from the cut structure alone, so QFusion can plan

whole trees before solving any component on the quantum annealer.

We use dynamic programming [14] to �nd the lowest-cost tree.

3.3 Merge Strategies with Boundary Awareness

Solving each component �8 on the quantum annealer returns a

candidate set V8 = {E81, . . . , E8: } of : di�erent assignments with

low QUBO energies. At each internal node of the fusion tree, a

merge strategy is applied to combine its two children. We expose

three strategies with di�erent levels of boundary awareness.

Direct Fusion. This is the simplest strategy: it selects the best

candidate from each side independently and concatenates the two

into a merged assignment. It incurs essentially no additional cost

for interface coordination and is therefore fast, but it ignores cross-

boundary interactions during composition and may yield poor

global quality when cut couplings are strong.

Top-: Merge. This strategy evaluates pairwise combinations of the

two children’s candidate sets and retains the : best combinations as

Figure 2: QUBO Construction with DB Semantics (S1).

the merged node’s candidate set. If V� and V� denote the retained

candidate sets from the two children, the chosen pair is

(Ê�, Ê�) = arg min
E�∈V�, E� ∈V�

(

�� (E�) + �� (E�) + �cut (E�, E�)
)

. (7)

In our demo, we focus on : = 2, which o�ers a practical trade-o�

between merge overhead and improved boundary handling.

Conditioned Fusion. This strategy makes the composition pro-

cedure asymmetric. It �rst �xes an upstream candidate and then

solves or re-ranks the downstream side under the boundary con-

ditions induced by that upstream assignment. If E� is the selected

upstream candidate, the downstream optimization is performed

over a conditioned objective:

Ê� = argmin
E�

(

�� (E�) + �cut (E�, E�)
)

. (8)

This strategy can reduce boundary con�icts early, especially in

deep fusion trees where a poor upstream decision would otherwise

propagate instability to many later steps.

4 DEMONSTRATION SCENARIOS

This demonstration presents three scenarios that together form

an end-to-end work�ow for solving large-scale QUBOs: problem-

speci�c construction with database semantics, decomposition with

boundary inspection, and boundary-aware fusion and execution.

We evaluate three database optimization workloads: join order

optimization, multiple query optimization, and index selection. Sce-

narios are presented in sequence, and each stage consumes artifacts

produced by the previous stage. Note that for visualization clarity,

we keep the number of variables in each component moderate.

Scenario 1: QUBO Construction and Database Semantics. The

user �rst selects one of three workloads (join order optimization,

multiple query optimization, or index selection), speci�es the prob-

lem size, and examines how the resulting database problem is en-

coded as a QUBO. As shown in Figure 2, the left panel visualizes the

QUBO as either a graph (more intuitive for inspection) or a matrix

(aligned with the underlying quadratic form), while the right panel

summarizes key statistics and the corresponding database seman-

tics. For join order optimization, the interface highlights relation
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Figure 3: Decomposition and Boundary Inspection (S2).

variables, predicate variables, and the main construction blocks of

the QUBO. For multiple query optimization, it groups variables by

queries and candidate plans. For index selection, it presents tables,

candidate indexes, and storage-budget auxiliary variables. Users

can click semantic objects or construction blocks to locate the asso-

ciated QUBO variables and couplings. This scenario establishes the

input for subsequent decomposition and fusion.

Scenario 2: Decomposition and Boundary Inspection. This sce-

nario shows how the same QUBO is partitioned. Users adjust the

partition count with a slider and immediately observe the partition-

aware structure. As shown in Figure 3, node colors indicate partition

membership, and cross-partition couplings reveal boundary inter-

faces. A boundary-group panel aggregates boundary groups by

partition pairs and reports summary statistics for each interface.

This view makes the decomposition trade-o� explicit: smaller sub-

problems improve hardware feasibility, while larger and denser

boundaries increase coordination complexity during fusion.

Scenario 3: Boundary-Aware Fusion Planning and Execution

on a Quantum Annealer. This scenario demonstrates fusion plan-

ning and execution on an actual quantum annealer. Users �rst

choose a merge strategy and a fusion tree structure, which de�ne

the default fusion tree shown in the interface. They optionally

trigger a planning step that rewrites this tree using a cost-based

planner, yielding an alternative fusion order. As shown in Figure 4,

the interface visualizes both the resulting fusion tree and the step-

by-step fusion process, allowing users to compare linear and bushy

structures as well as default and planned orders. This demonstra-

tion scenario supports three merge strategies: Direct Fusion, Top-:

Merge, and Conditioned Fusion. After the tree is �nalized, users

launch actual execution on the quantum annealer, and the system

reports runtime statistics, including (quantum annealing) sampling

time, fusion time, and end-to-end runtime, along with the boundary

coupling, the planned tree cost, and �nal energy, which indicates

the solution quality of the given QUBO. Overall, this scenario high-

lights that, after decomposition, solution quality depends not only

on the chosen merge strategy, but also on the fusion order. Users

can directly inspect and compare both e�ects in the interface.

Figure 4: Boundary-Aware Fusion and Execution (S3).
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