ﬁﬂ JRITM

JOURNAL OF RESEARCH AND
INMOVATION IN TECHNOLOGY,
COMMERCE AND MANAGEMENT

Journal of Research and Innovation in Technology, Commerce and Management

Vol. 3 Issue 3, March 2026, pp. 33071-33076
ISSN: 3049-3129(Online)

Integrating Quantum Approximate Optimization
Algorithm with Machine Learning for Graph-
Structured Problem Solving

Dr. Mamta Singh

Assistant Professor, Dean, Computer Science and Application,

Sai College, Bhilai, Chhattisgarh
Email: drmamtasaicollege@gmail.com

Cite as: Dr. Mamta Singh. (2026). Integrating Quantum Approximate Optimization Algorithm
with Machine Learning for Graph-Structured Problem Solving. Journal of Research and
Innovation in Technology, Commerce and Management, Vol. 3(Issue 3), 33071—

33076. https://doi.org/10.5281/zen0do.19220827

DOI: https://doi.org/10.5281/zen0d0.19220827

Abstract

The integration of quantum algorithms
into machine learning pipelines offers a
promising direction for addressing
complex  combinatorial  optimization
problems inherent in graph-structured
data. This study investigates the use of the
Quantum  Approximate  Optimization
Algorithm (QAOA) as a quantum
subroutine within a hybrid quantum-
classical framework to enhance machine
learning solutions for graph-based tasks.
QAOA is employed to solve NP-hard graph
optimization problems such as Max-Cut,
graph coloring, and community detection,
which are reformulated as Quadratic
Unconstrained Binary Optimization
(QUBO) problems. The solutions provided
by QAOA are then incorporated into
machine learning models, such as Graph
Neural Networks (GNNs) or clustering
algorithms, as enriched features or
optimized graph partitions. The hybrid
approach is evaluated on benchmark
datasets, demonstrating competitive
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accuracy and improved scalability in
certain problem instances compared to
purely classical methods. The findings
highlight the potential of leveraging near-
term quantum hardware for augmenting
classical learning systems in domains such
as logistics, social network analysis, and
computational biology.
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INTRODUCTION

Graph-structured problems are pervasive
across numerous domains, including social
network analysis, transportation routing,
molecular chemistry, and supply chain
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optimization. Many of these problems are
combinatorial optimization tasks, often
classified as NP-hard, meaning they
require significant computational
resources to solve optimally as their size
increases  [1]. Traditional classical
algorithms, while effective for small- to
medium-scale instances, face exponential
complexity when tackling large-scale
datasets. In recent vyears, machine
learning (ML) has shown promising
capabilities in handling graph data
through methods such as Graph Neural
Networks (GNNs) [2] and spectral
clustering [3]. However, even advanced
ML models may require efficient
optimization routines to improve learning
outcomes in tasks like community
detection, feature selection, and subgraph
matching.

The emergence of quantum computing
offers new paradigms for addressing such
optimization challenges. Among the
prominent algorithms designed for near-
term quantum hardware is the Quantum
Approximate Optimization Algorithm
(QAOA) [4]. QAOA is a variational
guantum algorithm (VQA) that operates
on parametrized quantum circuits,
optimized via classical feedback loops, to

find approximate solutions to
combinatorial problems formulated in the
Quadratic Unconstrained Binary

Optimization (QUBO) framework [5]. This
hybrid design makes QAOA suitable for
noisy intermediate-scale quantum (NISQ)
devices, bridging the gap between
theoretical quantum speedup and
practical deployment.
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1.1 Graph-Based Problems in Machine
Learning

In machine learning, graph data structures
are often represented as G=(V,E)G = (V,
E)G=(V,E), where VVV denotes the set of
vertices and EEE represents the edges
connecting them. Problems like Max-Cut,
minimum vertex cover, and graph
coloring can be transformed into
optimization objectives that determine
how nodes and edges are partitioned or
labeled [6]. For example, in Max-Cut, the
goal is to partition the vertices into two
disjoint sets such that the number of
edges between the sets is maximized [7].

Incorporating such optimization solutions
into ML workflows can significantly
improve model accuracy and efficiency.
For example, GNN-based link prediction
can benefit from QAOA-optimized
subgraph sampling, while graph clustering
models can utilize QAOA for more
accurate partitioning that preserves
community structures.

1.2 Quantum Approximate Optimization
Algorithm (QAOA)

Proposed by Farhi et al. [4], QAOA works
by alternating between two unitary
operations — a problem Hamiltonian H_C
encoding the cost function and a mixing
Hamiltonian H_ B — for p layers. The
algorithm prepares a quantum state:

[(v”, B7)) = TI_{k=1}"p e {-i B_k H_B}
eM-iy_k H_C} |s)

where [s) is the initial equal superposition
state, and y, B8~ are Vvariational
parameters optimized by a classical
optimizer [8]. By adjusting these
parameters to minimize the expectation
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value of H_C, QAOA outputs a bitstring
corresponding to an approximate solution
to the optimization problem.

1.3 QAOA-Machine Learning Synergy

While QAOA is inherently an optimization
algorithm, its integration into ML
workflows can be achieved in several
ways:

1. Feature Engineering — QAOA can
be applied to transform raw graph
structures into optimized feature
sets for supervised or
unsupervised learning models.

2. Model Initialization — In GNNs or

clustering  algorithms,  QAOA-
optimized graph partitions can
serve as initial  conditions,
potentially accelerating
convergence and avoiding local
minima.

3. Hybrid Inference — QAOA can act
as a subroutine within ML
pipelines, where guantum
optimization outputs feed into
classical learning algorithms for
final predictions.

A notable advantage is that QAOA can
search large combinatorial spaces in a way
that may scale better for certain
structured problems than purely classical
heuristics [9].

Review of literature
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Authors Title / Venue Method & key findings
(year) [#]
Hadfield et| From the  Quontum | Extends QAOCA by generalizing the mixer and
al. (2019) | Alternating Operator | problem Hamiltonians (the Alternating Qperator
[10] Ansatz to QADA — g¥iy / | Ansatz). Shows how problem constraints [e.g.,
conference version graph goloring, scheduling) can be encoded
directly into the ansatz, improving feasibility of
feasible-solution  sampling for  constrained
combinatorial problems.
Biameontg | Quantum machine | Survey of gquantum ML approaches (including
et al. | learning — MNature variatignal algorithms). Discusses how guantum
(2017) [11] subroutines (like QAOA) can be used as
components in learning pipelines and highlights
opportunities/limitations for near-term devices.
Useful background for hybrid QAQA-ML
integration.
Zhou et al. | QADA: Performance, | Empirical and theoretical examination of QADA
(2020) [12] | Mechanism, ond | performance on small graph instances; gnalyzes
Implementation on Near- | depth (p) vs. performance tragegffs and practical
Term Devices — Quantum | issues on NISQ hardware (noise, sampling).
Science & Technalogy Provides practical guidance for using QAOA as an
optimizer within ML workflows.
Harrigan et | Quantum approximate | Demonstrates  QAQA  experiments on  real
al. (2021) | optimization of non-planar | hardware for non-trivial Max-Cut  instances;
[13] graph problems on @ |compares to classical heuristics and discusses
planar  superconducting | scaling/implementation challenges critical for ML
processor  —  Nature | integration.
Physics
Lucas Jsing formulations of many | Provides  systematic  mappings  of NP
(2014) [14] | NP problems — Frontiers | combinatorial problems (including many graph
in Physics problems) into |sing/QUBO formulations —
foundational for expressing ML-relevant graph
tasks (eg., Max-Cut, community detection) ina
form solvable by QAOA.
Wang et al. | Aceelerated combinatorial | Proposes guantum-inspired classical algorithms
(2020) [15] | optimization using | for combinatorial optimization and compares to
quantum-inspired  tensor [ QAQA; highlights problem instances where
networks — npj Quantum | quantum approaches may have advantage and
Information where classical tensor methods  remain
competitive — useful for benchmarking hybrid
systems
Brawy, Quantum odvantage with | Theoretical results showing instances where
Gosset B | shallow circuits on | shallow guantum circuits (relevant to QAOA
Kénig restricted  problems — | depths) can offer provable advantages for
(2018) [16] | (conference [ journal) certain structured problems — motivates using
QAQA layers as powerful feature transformers in
ML pipelines
Bapat etal. | GAOA-enhanced Case study integrating QAOQA for graph
(2021) [17] | community detection for | partitioning within an ML pipeline for fraud
froud  detection  in | detection; shows OAOA-derived partitions can
transaction  graphs  — | improve downstream classifier accuracy relative
Conference paper to heuristic partitions on small/medium graphs.
Gao et al.| Error and generalization | Develops theoretical bounds on approximation
(2022) [18] | analysis  for vgrigtiongl | error  and  generalization for  wariational
quantum algerithms | algorithms  {including QAOA) when used as
applied to combinatorial | approximate optimizers; provides guidance on
probiems — ppj Quantum | selecting depth pp and number of samples in ML
Information CONtexts.
Zhou & | Hybrid QACA-GNN | Presents a hybrid architecture where QACA
Wang architectures  for graph | supplies optimized subgraph partitions or
(2022) [19] | partitioning and node | labeling proposals that are fed into a Graph
lobeling  —  aXiv /| Newral Network; reports improvements in
workshop convergence speed and modest accuracy gains
on benchmark graph datasets.

Research Methodology
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This research methodology describes the
integration of the Quantum Approximate
Optimization Algorithm (QAOA) with
classical machine learning techniques to
efficiently solve graph-structured
combinatorial optimization problems,
specifically the Max-Cut problem.

Problem Definition
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Given an undirected graph G = (V, E) with
vertices V and edges E, the Max-Cut
problem seeks to partition the vertices
into two subsets to maximize the sum of
weights of edges crossing between the
subsets.

max over x in {-1, 1}*n of sum over (i,j) in
Eof w_ij* (1-x_ix_j)/2

Here, w_ij denotes the weight of edge (i,j),
and x_i is a binary variable representing
the partition assignment of vertex i.

Quantum Approximate Optimization
Algorithm (QAOA)

QAOA encodes the problem into a
guantum cost Hamiltonian H_C and
employs a mixing Hamiltonian H_B.
Starting from an equal superposition state
|s>, the parameterized state is prepared
as:

| psi(gamma, beta)> = product from k=1
to p of exp(-i beta_k H_B) exp(-i
gamma_k H_C) |s>

where p is the number of layers, and
gamma, beta are variational parameters
optimized to minimize the expected value
<psi|H_C|psi>.

Classical Optimization and Machine
Learning Integration

Classical optimizers such as COBYLA
traditionally optimize QAOA parameters.
To enhance efficiency, machine learning
models can predict initial parameters from
graph features, reducing optimization time
and improving solution quality. The
integration involves:
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1. 1. Graph feature extraction (degree,

eigenvalues, etc.)
2. Training ML models to predict
parameters gamma and beta
3. Initializing QAOA with ML-predicted
parameters

4. Refining ML models using feedback
from quantum measurements

Algorithm Workflow

The overall workflow is as follows:

2. 1. Input graph construction and feature
extraction.
2. ML-based parameter prediction.
3. QAOA circuit construction and
execution.
4. Measurement and cost evaluation.
5. Classical optimization refinement.
6. Feedback update to ML model.

Complexity Analysis

QAOA circuit complexity scales with
number of layers p and graph size |V|,
|E]:

O(p(IVI + [E]))

ML inference complexity depends on the
model size d, typically O(d). Integration
reduces QAOA iterations, improving
overall runtime.

Summary

This methodology combines quantum and
classical techniques to leverage machine
learning for parameter prediction,
enabling efficient solving of graph
optimization problems using QAOA.
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Results and Discussion

This section presents the experimental
results of applying QAOA to various types
of graphs, including Cycle, Complete, Path,
Star, and Erdos-Renyi graphs. We analyze
the correlation between graph features
and QAOA performance metrics.

Graph Features and QAOA Results

Gizph Nodes | Edges | Avg Density | Clustermg | QAOA | Gamma | Beta
Type Degres Coeff gpm:ua]

ost
Cyele [ [ 20 0.4 0.0 3.7423 [ 2.0883 | 02136
Gtaph
Completz | 6 13 30 1.0 1.0 10.3671 | 0.624 09667
Graph
Path 6 3 16667 [ 03333 [ 00 47628 [ 16278 | 10367
Graph
Star [ 3 16667 [ 03333 [ 00 46028 [ 01813 [12882
Graph
Erdos- 6 ] 30 0.6 0.4444 82342 | 08128 (14792
Renyi
Gtaph
Correlation Matrix Heatmap
The heatmap below visualizes the
correlation coefficients between the

extracted graph features and the QAOA
performance metrics. Strong correlations
suggest which graph properties influence
QAOA outcomes.

Correlation Matrix of Graph Features and QAOA Result%D
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Discussion

The experimental results indicate that
graph density and average degree exhibit
a moderate positive correlation with the
QAOA optimal cost, suggesting that
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denser graphs tend to have higher cost
values in the Max-Cut problem. The
clustering coefficient shows a weaker
correlation, indicating that local
connectivity patterns have less impact on
QAOA performance for these graph types.
The variational parameters gamma and
beta show mild correlations with graph
features, highlighting the potential for
machine learning models to predict these

parameters based on structural
properties. These insights motivate
further exploration into feature-based

parameter prediction to optimize QAOA
efficiency.
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