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ABSTRACT

Join Order Optimization (JOO) is one of the most computation-
ally expensive tasks in relational query optimization due to the
exponential growth of possible join plans with increasing query
size. Recent work has explored quantum and quantum-inspired
approaches for solving JOO by reformulating the problem as a
Quadratic Unconstrained Binary Optimization (QUBO) problem
suitable for optimization using quantum hardware. However, many
existing approaches have limited scalability on current gate-based
quantum devices. In addition, little work has investigated the role of
initialization strategies in improving the performance of gate-based
quantum optimization for database workloads. In this work, we
investigate gate-based quantum join order optimization using the
Quantum Approximate Optimization Algorithm (QAOA) initialized
with Scalable Parameter Initialization for QAOA (SPIQ). SPIQ is
used to efficiently identify high-quality initial points in the quantum
solution landscape for QAOA executed on a gate-based quantum
computer. We evaluate the interaction between QUBO encoding,
SPIQ initialization, and gate-based optimization on small-scale join
ordering problems involving 3 and 4 relations. Our results show
that structured initialization improves optimization stability and
increases convergence toward high-quality join plans compared
to uninformed initialization approaches. Across these small-scale,
simulation-based instances, SPIQ increases the sampling frequency
of the optimal join order by up to approximately 5X and yields final-
state energies significantly lower than a randomly initialized QAOA.
Overall, this work enhances existing gate-based quantum optimiza-
tion while providing an initial proof of concept for applying SPIQ
initialization to database query optimization workloads.
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1 INTRODUCTION

The performance of modern Relational Database Management
Systems (RDBMS) is fundamentally dependent on the quality of
query execution plans generated by the optimizer [25]. Among
the many components of query planning, Join Order Optimization
(JOO) remains one of the most computationally challenging and
performance-critical tasks [18, 26]. Given a query involving mul-
tiple relations, the optimizer must determine an execution order
that minimizes intermediate result sizes and overall execution cost.
The number of possible join orders grows exponentially with the
number of relations, making the problem NP-hard and increasingly
difficult for large enterprise workloads involving tens or hundreds
of tables [11]. Classical optimizers traditionally rely on dynamic
programming, greedy heuristics, and cost-based pruning strategies
using relation statistics and predicate selectivities [8, 25]. However,
as modern workloads continue to grow in scale and complexity,
classical hardware and exhaustive search methods struggle to effi-
ciently explore the rapidly expanding solution space.

Quantum computing has emerged as a promising alternative par-
adigm for solving large combinatorial optimization problems [20,
22]. Unlike classical computation, which evaluates candidate so-
lutions sequentially, quantum systems exploit superposition and
entanglement to explore multiple states simultaneously. This has
motivated the application of quantum algorithms to database opti-
mization problems, particularly join ordering. By representing join
order optimization as an energy minimization problem, candidate
execution plans can be encoded into a Hamiltonian whose ground
state corresponds to the minimum-cost join order. Recent work has
demonstrated encouraging proof-of-concept results using Quantum
Approximate Optimization Algorithm (QAOA) [5], quantum an-
nealing [13], and quantum-inspired optimization frameworks [16].
These approaches suggest that quantum computing may eventu-
ally provide scalable mechanisms for navigating the exponential
search space of query optimization more efficiently than classical
techniques.

Most prior work in quantum join order optimization has focused
on annealing-based or quantum-inspired optimization methods
rather than gate-based quantum computation [24]. While such
approaches have demonstrated favorable scalability and reduced
encoding complexity, they do not capture the full expressive power


https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://github.com/umich-db/quantumdb/tree/spiq-joo

of universal quantum computation. Gate-based quantum comput-
ing, by contrast, provides a fundamentally quantum framework
that supports parameterized quantum circuits, quantum interfer-
ence, and variational algorithms such as QAOA [3, 5]. Gate-based
methods are therefore both more general and theoretically more
powerful than annealing-based systems, making them an important
direction for long-term quantum database research.

Despite their theoretical advantages, gate-based quantum al-
gorithms remain difficult to optimize in practice. Current Noisy
Intermediate-Scale Quantum (NISQ) devices are constrained by lim-
ited qubit counts, short coherence times, restricted qubit connectiv-
ity, and high noise levels [22]. In addition, QAOA itself introduces
a challenging hybrid optimization problem in which the quality
of the final solution depends heavily on the initialization and opti-
mization of circuit parameters [3, 28]. Poor initialization can cause
the optimizer to converge to low-quality local minima or produce
unstable training behavior, especially for highly non-convex energy
landscapes such as those arising in join order optimization [17].

To address this issue, recent work has explored improved initial-
ization strategies for variational quantum algorithms. Techniques
such as layer-wise initialization [28], transfer-based initialization,
warm-start methods [4], and SPIQ (Scalable Parameter Initialization
for QAOA) [2] aim to provide parameter values closer to promis-
ing regions of the optimization landscape before training begins.
By improving the starting point of the variational optimization
process, these methods can potentially accelerate convergence and
increase the probability of reaching near-optimal solutions on noisy
hardware.

In this work, we investigate the application of SPIQ initializa-
tion to gate-based quantum join order optimization using QAOA,
represented by a QUBO. By using the compact native encoding
from [24], we require only a reasonable number of program qubits.
The resulting QUBO is then mapped to an Ising Hamiltonian and
optimized using QAOA initialized with SPIQ-generated parameters.
We evaluate using noiseless statevector simulation to isolate the im-
pact of SPIQ initialization on optimization without hardware noise
effects. While noise-aware simulations could provide insight into
real-device performance, they primarily reflect hardware fidelity
rather than initialization quality and incur significantly higher com-
putational cost. Evaluating SPIQ under realistic noise models and
on physical hardware remains future work.

Our evaluation focuses on small-scale join queries over 3 and
4 relations, with problem size constrained by the cost of classical
simulation of quantum systems. Within this regime, we analyze the
interaction between the QUBO encoding, SPIQ initialization, and
gate-based QAOA optimization. The results show that informed
initialization improves convergence toward high-quality candidate
join orders and yields more stable optimization behavior than unin-
formed initialization. With SPIQ-initialized parameters, we achieve
at most a 5X improvement in optimal cost frequency, and the final
state energy is significantly lower than that of the randomly ini-
tialized QAOA across the three problems. We expect these benefits
to persist at larger problem sizes when executed on real quantum
hardware, though qubit error effects will need to be accounted for.
The primary contributions of this work are as follows: (1) adapting
the encoding from annealing-oriented quantum JOO approaches to

gate-based quantum optimization for better scalability, (2) present-
ing the first application of SPIQ initialization to gate-based quantum
join order optimization, and (3) identifying practical limitations and
future research directions for scalable quantum-enhanced query
optimization.

2 BACKGROUND AND EXISTING WORK

2.1 Quantum Computing

Quantum computing is an emerging computational paradigm that
utilizes quantum mechanical phenomena such as superposition, en-
tanglement, and interference to solve computational problems [20,
22]. Unlike classical bits, which exist only in states 0 or 1, quan-
tum bits (qubits) can exist in linear combinations of both states
simultaneously. This enables quantum systems to explore large
solution spaces more efficiently than classical architectures for cer-
tain classes of optimization and search problems. Current quantum
computing approaches can broadly be divided into two categories:
gate-based quantum computing and quantum annealing.

Gate-based quantum computing operates using sequences of
parameterized quantum gates applied to qubits in a circuit model.
Universal quantum computers belong to this category and sup-
port algorithms such as Grover’s search algorithm [9], Variational
Quantum Eigensolvers (VQE) [21], and the Quantum Approximate
Optimization Algorithm (QAOA) [5]. QAOA is particularly rele-
vant for combinatorial optimization because it solves optimization
problems by encoding them into a Hamiltonian and variationally
minimizing the corresponding energy function through alternating
cost and mixing operators. However, current gate-based systems
remain limited by noise, decoherence, restricted qubit connectivity,
and small qubit counts, making large-scale optimization difficult
on present-day Noisy Intermediate-Scale Quantum (NISQ) hard-
ware (3, 22].

2.2 Quantum Computing for Join Order
Optimization
The main idea in the quantum line of work for Join Order Opti-
mization (JOO) is to rewrite join ordering as a binary optimization
problem that can be solved by quantum or quantum-inspired hard-
ware. Most existing approaches formulate the problem as either a
QUBO or Ising model because these representations are compatible
with both annealing-based methods and gate-based approaches
such as QAOA after suitable transformation [5, 16]. In practice,
the primary challenge is not only to represent valid join orders,
but also to encode predicate applicability and intermediate-result
cost without introducing excessive binary variables or dense pair-
wise couplings. This tradeoff between model expressiveness and
hardware feasibility is a recurring theme throughout the literature.
One of the earlier and most relevant works [23] in this area
presents what the authors describe as the first implementation of
join order optimization on gate-based quantum hardware. The pa-
per emphasizes co-design between the MILP-derived encoding and
hardware limitations while still preserving the semantics of join
ordering. Although the work successfully demonstrated the feasi-
bility of gate-based quantum join optimization, it also highlighted
major scalability challenges, particularly the rapid increase in qubit
requirements due to encoding overhead.



In a closely related follow-up [24], instead of targeting gate-based
hardware, the focus is on Fujitsu’s Digital Annealer, a quantum-
inspired optimization platform designed for large-scale QUBO prob-
lems. The authors propose a native encoding specifically tailored
for annealing-style hardware rather than adapting earlier MILP-
derived formulations. The reported experiments demonstrate scala-
bility to approximately 50 joined relations, substantially larger than
the small-scale instances feasible on gate-based hardware. While
this work improves practicality and scalability, it remains quantum-
inspired rather than fully gate-based quantum optimization.

More recent work has also explored hybrid and system-level
approaches including a hybrid quantum-classical query optimizer
[15] integrated into a real database environment and describes
itself as the first practical quantum-augmented optimizer within
a working database system, constrained quadratic models, hybrid
classical-quantum optimization, and alternative encoding strategies,
collectively demonstrating that the field is gradually moving toward
more scalable and practically usable quantum query optimization
frameworks [19, 27]. Another line of work is end-to-end quantum-
enhanced query optimization. DEDALUS [14] presents a framework
that integrates QUBO-based join order optimization with search-
space pruning and cost-aware optimization, while supporting both
classical and quantum optimization.

2.3 Initialization Strategies for Quantum
Computing

Variational quantum algorithms such as QAOA rely heavily on
the initialization of circuit parameters [3]. Since QAOA optimizes
a highly non-convex energy landscape using a hybrid classical-
quantum optimization loop, poor initialization can lead to con-
vergence toward low-quality local minima, unstable optimization
behavior, or barren plateau effects where gradients vanish during
training [17]. As a result, initialization strategies have become an
important research direction for improving the practical perfor-
mance of variational quantum algorithms.

In QAOA, the optimization process is controlled by sets of varia-
tional parameters, commonly denoted as y and f, which determine
how strongly the quantum circuit applies the problem Hamiltonian
and mixing operations at each layer. Traditionally, these parameters
are initialized randomly, after which a classical optimizer iteratively
updates them to minimize the measured energy of the quantum
state. However, because the optimization landscape is highly non-
linear and often contains many local minima, random initialization
can lead to poor convergence behavior or require a large num-
ber of optimization iterations before useful solutions are found.
Consequently, recent work has explored structured initialization
techniques that attempt to place the initial parameters closer to
regions of the landscape associated with lower-energy solutions.

One important class of initialization methods is based on Clifford
circuits and Clifford parameter search. Clifford operations are a re-
stricted subset of quantum gates that can be simulated efficiently on
classical hardware while still preserving important structural prop-
erties of quantum states [7]. In the context of QAOA, Clifford angles
refer to special parameter settings for y and f that cause parts of the
quantum circuit to behave similarly to Clifford operations. These
angles are useful because they provide stable and structured regions

of the optimization landscape that can be explored efficiently be-
fore transitioning to fully variational optimization. Clifford-based
search methods therefore attempt to identify promising initializa-
tion points by first exploring parameter settings that are easier to
analyze and less sensitive to noise.

Several other initialization methods have been explored in the
literature. Warm-start methods attempt to incorporate classical opti-
mization solutions into the quantum initialization process [4], while
layer-wise training methods progressively optimize deeper QAOA

circuits using parameters learned from shallower circuits [28]. Transfer-

based initialization methods reuse parameters across related opti-
mization instances to accelerate convergence. More recently, SPIQ
[2] has been proposed as a structured initialization approach that
attempts to preserve information from the problem Hamiltonian
when generating initial QAOA parameters. This makes SPIQ par-
ticularly attractive for combinatorial optimization problems such
as join order optimization, where the search landscape is highly
complex and sensitive to initialization quality.

While considerable research has been devoted independently to
quantum formulations of join order optimization and to initializa-
tion strategies for variational quantum algorithms, little work has
investigated the interaction between these two areas. To the best of
our knowledge, SPIQ initialization has not previously been applied
to quantum join order optimization, creating an opportunity to
study whether structured initialization can improve convergence
and solution quality for database optimization workloads.

3 METHOD

Our proposed approach begins by representing the join order opti-
mization problem as a query graph containing relations, predicates,
cardinalities, and predicate selectivities. We formulate the query
graph as a QUBO using a compact state-of-the-art encoding pro-
posed by Schonberger [24] for Quantum Annealing approaches and
adapt it to be used for our QAOA-based setup. The resulting QUBO
is then transformed into an Ising Hamiltonian suitable for QAOA
optimization. Before running QAOA, we apply SPIQ initialization
to identify promising starting parameter values for the quantum cir-
cuit. SPIQ first performs a classical search over a simplified subset
of parameter configurations using efficiently simulatable Clifford-
based circuits, and then ranks candidate initialization points ac-
cording to their energy values. The best-performing initialization
point obtained from this search is subsequently used as the start-
ing configuration for the full QAOA optimization process. Figure 1
summarizes the overall pipeline, from query-graph construction
and QUBO encoding to SPIQ initialization, QAOA optimization,
sampling, and final join-order decoding.

3.1 QUBO Formulation

As mentioned in Section 2, QAOA requires the optimization problem
to be expressed as a quadratic unconstrained binary optimization
(QUBO) problem, whose ground state corresponds to the optimal
solution. Join ordering is not naturally in this form, so an encoding
step is required. This encoding directly determines the number
of binary variables, and therefore the number of qubits needed to
represent the problem. The qubit count is the primary factor that
bounds the size of solvable instances, since it scales as 2" in the
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Figure 1: Workflow of SPIQ-initialized QAOA for join order optimization.

number of qubits. The choice of encoding is therefore a central
design decision.

We use the state-of-the-art native QUBO encoding proposed by
Schonberger, Trummer, and Mauerer [24]. Three design choices
make this encoding better suited to join order optimization. The first
is how the join tree is represented. It uses a single binary variable per
relation per join, and enforces validity based on how many relations
are active at each join and preventing a relation from leaving the
tree once it has been joined. The second difference lies in how cost
is approximated. It uses a quadratic penalty on the logarithmic
intermediate cardinality, which captures cost growth continuously.
The third follows from the first two. With no inequality constraints
anywhere in the formulation, the mandatory variable count is only
(R+ P)(J — 1) for R relations, P predicates, and J joins.

To adapt this encoding to QAOA, we adopt the native encoding
[24], which relies solely on the continuous quadratic cost approxi-
mation, so that no auxiliary variables are introduced beyond the
(R+P)(J-1) qubits. The model is constructed with docplex and trans-
lated, via qiskit-optimization’s docplex translator, into a Qiskit
QuadraticProgram. the resulting cost term is the sum over joins of
the squared logarithmic intermediate cardinality. We also attempted
implementing the MILP-based formulation [23], but found it less
suitable than the native encoding for QAOA, because its MILP-style
inequality constraints require binary slack variables whose number
grows as the JOO problem scales, increasing the qubit count well
beyond the native encoding’s (R+P)(J-1).

The QAOA optimization uses Qiskit’s COBYLA optimizer. After
performing a comparative study between the classical optimizers
COBYLA, SPSA and AQGD, we found that COBYLA performed
best with JOO while also achieving the fastest rate of convergence.

3.2 Initialization with SPIQ

A major challenge in QAOA is that the algorithm is highly sensitive
to its starting parameters [3]. In QAOA, these parameters control
how the quantum circuit explores possible solutions during opti-
mization. If the starting point is poor, the optimizer may become
stuck in low-quality solutions or fail to improve the result meaning-
fully [17]. In our join ordering experiments, random initialization
often caused the optimizer to converge to suboptimal join plans
or produce unstable optimization behavior. As a result, choosing
good initial parameters is an important step in improving QAOA
performance.

To address this issue, we integrate the Scalable Parameter Ini-
tialization for QAOA (SPIQ) framework [2] into our optimization

pipeline. Instead of starting from random parameter values, SPIQ
attempts to identify promising starting points before the full QAOA
optimization begins. The main idea is to first explore a simplified
version of the quantum circuit that can still capture useful struc-
tural information about the optimization problem while remaining
computationally inexpensive to evaluate.

SPIQ performs this search using a restricted family of quantum
operations known as Clifford operations [7]. These operations are
important because they can be simulated efficiently on classical
hardware, unlike general quantum circuits which are typically very
expensive to simulate. SPIQ searches over a small set of special
parameter values, often referred to as Clifford angles, corresponding
to rotations of 0, Z 2 T m, and 37” Although these parameter settings
represent only a simplified subset of all possible QAOA parameters,
they still provide useful information about the structure of the
optimization landscape.

To explore this parameter space efficiently, SPIQ uses a genetic
algorithm [1, 6]. The search evaluates many candidate parameter
settings and ranks them according to the energy of the resulting
solution. Lower-energy states correspond to potentially better join
orders. Rather than selecting parameters randomly, SPIQ there-
fore produces initialization points that are already biased toward
promising regions of the optimization landscape.

Finally, SPIQ selects a diverse set of high-quality initialization
points for QAOA optimization. Instead of using only the single
best candidate, the method attempts to choose candidates from
different regions of the parameter space so that the optimizer does
not repeatedly converge to the same local minimum. This improves
robustness and increases the likelihood of discovering better join
orders during optimization, as illustrated in Figure 2

o
7
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Figure 2: a) depicts points being trapped in sub-optimal or
flat regions of the quantum landscape while b) illustrates
landscape-aware points more proximal to superior solutions.



The SPIQ initialization integrates into our join ordering work-
flow as a classical preprocessing stage between QUBO formulation
and QAOA execution. The classical SPIQ phase adds no quantum
resource overhead and scales polynomially with problem size. Over-
all, SPIQ provides a structured and problem-aware alternative to
random initialization, making QAOA optimization more stable and
effective for join order optimization problems.

3.3 Post-Processing

The post-processing stage first converts the output into a rela-
tion—join assignment matrix and computes a score vector that
reflects how strongly each relation is associated with joins that
occur earlier in the order. This ranked ordering is then converted
into a candidate join plan whose actual execution cost is evaluated
classically using standard join cardinality estimation.

We also employ the same fallback strategy introduced by Schon-
berger [24] to handle cases where the output may lead to poor or
invalid join structures, especially plans containing expensive cross
products. Instead of relying entirely on the raw join order output,
the fallback mechanism traverses the query graph while respecting
the computed ranking order and deliberately avoids disconnected
joins whenever possible. In practice, this means that the algorithm
tries to construct a connected join sequence following the ranking
produced while ensuring that predicates are used before introduc-
ing cross products. Finally, both the original candidate plan and the
fallback plan are evaluated classically and the lower-cost plan is
selected as the most optimal join order.

4 EXPERIMENTAL SETUP

All experiments are executed using Qiskit 0.34.2[12] with the stat-
evector simulator, which provides noiseless, exact quantum state
evolution without shot-based sampling noise. The QUBO formu-
lation stage uses Qiskit Optimization 0.3.2 and Gurobi 10.0.1[10]
for constructing and validating the optimization model. The SPIQ
initialization phase runs in a separate environment using Qiskit Aer
0.13.3 and Qiskit Algorithms 0.3.1 for stabilizer simulation and cir-
cuit construction. Since current gate-based quantum hardware im-
poses strict limits on qubit count, connectivity, and coherence time,
simulation allows us to isolate the effects of encoding choice, opti-
mizer selection, and initialization strategy from hardware-induced
errors. All classical computation, including QUBO construction,
SPIQ search, and QAOA parameter optimization, is performed on a
workstation with an Intel Core 19-10940X CPU (14 cores, 28 threads,
3.30 GHz) and 128 GB of RAM.

5 PRELIMINARY EVALUATION

5.1 Problem Instances

We are limited to analyzing 3- and 4-table join orders due to resource
constraints. To evaluate the impact of SPIQ initialization, we select
the following join problems to cover a wide range of predicate
selectivities, cardinalities, and cross-product presence:

(1) Problem 1: 3 relation join and 2 predicates with varied
predicate selectivities. Cardinalities of the relations are 10,
15, and 20 respectively.There are 2 predicates, one between
relations 1 and 2 with selectivity 0.1 and between relations

2 and 3 also with selectivity 0.1. Encoding this problem
requires 6 qubits.

(2) Problem 2: 4 relation join and 2 predicates with low predi-
cate connectivity and possible cross products. Cardinalities
of the relations are 10, 15, and 20, 30 respectively. There
are 2 predicates - between relations 1 and 2 and between
relations 3 and 4, each with selectivity 0.1. Encoding this
problem requires 12 qubits.

(3) Problem 3: 4 relation join and 6 predicates with high pred-
icate connectivity and no cross products. Cardinalities of
the relations are 10, 15, 20, and 30, respectively. There are
predicates between every relation with selectivities ranging
from 0.1 to 0.6. Encoding this problem requires 20 qubits.

5.2 Evaluation Metrics
We evaluate performance along three axes:

o Cost ratio: the fraction of sampled bitstrings that decode
to join orders at each of the leading cost levels. For every
configuration we report the sampling percentage of the
top-3 most-sampled cost levels, ranked by cost, which re-
veals how probability mass is spread across join orders of
differing cost.

e Optimal ratio: the fraction of sampled bitstrings that de-
code to the join order having least cost, compared between
the first and final QAOA iterations.

e Energy convergence: the trajectory of the expectation
value over QAOA iterations, measuring how quickly and
reliably optimizer reduces the energy and whether it stabi-
lizes near the ground-state energy.

For each problem, we compare randomly initialized QAOA (ran-
dom parameter initialization) against SPIQ-initialized QAOA under
identical optimizer and iteration settings.

5.3 Observations

Table 1: Top-three final-state cost distributions of evaluation
problems

|  Randomly Initialized | SPIQ Initialized
‘ fallback=false ‘ fallback=true ‘ fallback=false ‘ fallback=true
‘ Cost pct ‘ Cost

Problem

pct ‘ Cost pct ‘ Cost pct

15 12.1% 15 46.3% 15 49.3% 15  49.4%
P1 30 56.0% 30  53.7% 30 50.6% 30 50.6%
200 31.8% - - 200 0.127% - -

900 18.2% | 465 23.2% | 465 50.0%| 465 50.0%
P2 960  20.4%| 660 24.4%| 600  24.5%| 960 50.0%
1350  10.6% | 960 42.5% | 960  25.4% - -

440 7.81%| 39 14.1%| 39 50.0%| 39 74.5%
P3 510 11.7%| 104 14.9% 84  25.5% 84 0.0391%
600  8.41%| 375 25.9%| 240  24.4%| 104 25.5%

Table 1 reports, for each of the three problems, the three most-
sampled final-state cost levels under four settings: random initial-
ization without fallback, random initialization with fallback, SPIQ
initialization without fallback, and SPIQ initialization with fallback.
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Figure 5: Energy convergence for Problem 3

Because only the top-3 sampled costs are listed, the table character-
izes where the bulk of the sampled probability mass concentrates.
Across these reported costs, SPIQ initialization generally shifts
probability mass toward lower cost outcomes relative to random
initialization , increasing the share of the optimal join order among
the most-sampled levels.

With fallback disabled, the shift is clearest in Problems 2 and 3.
Problem 1 improves more modestly: SPIQ achieves a 4X improve-
ment optimal cost frequency and nearly eliminates the high cost
level 200 (from 31.8% to 0.127%), but cost 30 remains comparably
sampled (50.6%), so the optimal order becomes prominent but not
clearly dominating the reported costs.

With fallback enabled, SPIQ again increases the share of the
optimal cost among the reported top 3 levels, with the magnitude
differing by problem. The effect is strongest in Problem 3, where
SPIQ achieves a 5x improvement in optimal cost frequency. In
In Problem 2, SPIQ achieves a 2.2X improvement in optimal cost
frequency(23.2% to 50.0%.). Problem 1 shows the mildest change,
consistent with its small search space. Taken together, these re-
sults suggest that SPIQ initialization tends to concentrate the most-
sampled costs on lower cost join orders.

As shown in Figures 3 and 4, our experimental results show
that the energies obtained by QAOA do not yet reach the theo-
retical ground state, indicating that there is still significant room
for improvement in optimization quality, parameter tuning, and
hardware scalability. Although SPIQ-initialized QAOA converges
to energy values closer to the theoretical ground state than ran-
domly initialized QAOA, the decrease from the initial SPIQ energy
to the converged energy is relatively limited. This suggests that
SPIQ provides a better starting point, but the optimization process
itself does not substantially improve the solution.

6 INSIGHTS AND FUTURE WORK

Our results indicate that SPIQ initialization consistently produces
solutions with energies closer to the theoretical ground state than
randomly initialized QAOA, suggesting that structured initialization
improves optimization stability and guides the algorithm toward
higher-quality join plans. However, the energy reduction achieved
during the variational optimization itself is limited, as the join
ordering landscape remains difficult to optimize in practice.

This points to two complementary directions for future work.
On the optimization side, the primary goal is to improve QAOA’s
ability to descend below the SPIQ starting point; we are hopeful that
this trend will emerge as we move to more complex JOO problems
where the variational phase has more room to contribute. On the
initialization side, since the starting point is where most of the
benefit currently arises, it is worth investigating whether more
advanced initialization strategies can further sharpen the starting
distribution and ease the subsequent optimization.
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