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Abstract—In this position paper, we emphasize the importance
of a Knowledge Graph-based system for managing hardware
dependencies and reproducibility in Quantum Machine Learning
(QML) workflows, especially when attempting to evaluate the
quantum advantage. QML applications can benefit from inte-
gration with a Knowledge Graph (KG) to effectively organize,
contextualize, and scale information for complex problem-solving
using Quantum Computing (QC) techniques. QC-based Quantum
Machine Learning (QML) is emerging as a field for solving
complex computational problems that are challenging for clas-
sical (i.e., non-quantum) systems. However, reproducibility and
benchmarking against classical machine learning (CML) models
remain challenging due to the varied and evolving quantum
hardware and computational techniques, as well as the intricate
nature of the datasets. By leveraging KGs to recognize and
abstract beyond these variables, QML can use CML approaches
more generally. This can extend to handling heterogeneous,
interconnected datasets, particularly in domains that require spa-
tiotemporal and relational modeling. Using a QML application as
a use-case example from environmental analytics, we demonstrate
that this approach enhances interpretability, scalability, and
adaptability across various QC hardware, quantum algorithms,
and applications across different domains.

Index Terms—Quantum Machine Learning, Knowledge
Graph, Machine Learning, Quantum Hardware, Workflows

I. INTRODUCTION

The recent emergence of Quantum Computing (QC) as a
mainstream computing method has yielded developments with
significant benchmarking results from leading tech companies
such as IBM and Google [1]. This has encouraged the use
of Quantum-inspired machine learning (QML). Consequently,
researchers are already evaluating the applicability and effec-
tiveness of these new QML approaches on real-world problems
across many fields [2]-[5]. IBM has provided a framework for
articulating an operational definition of quantum advantage
and for evaluating it [6]. Reproducibility and the ability to
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validate the QC workflow are significant factors in achieving
the quantum advantage. Furthermore, a QML model’s perfor-
mance is not determined by its algorithm and data alone; it
is critically dependent on the complex relationship between
the specific quantum hardware used (e.g., superconducting,
trapped-ion, or photonic) and the chosen method for encoding
classical data (e.g., Amplitude, Basis, or Angle Encoding)
into Quantum States (QSs) [5], [7]. This deep dependence
on hardware type, encoding technique, and algorithmic choice
creates significant variability, severely hindering reproducibil-
ity, cross-platform comparisons, and the generalization of
solutions.

A. Current Challenges in QML process

Unlike classical machine learning (CML), which benefits
from well-established benchmarks and produces consistent
results across many hardware platforms, the novel field of
QC and quantum-inspired ML faces unique and foundational
challenges. This is especially true for QML workflows, which
are deeply coupled to the rapidly evolving, highly variable
underlying quantum hardware. Performance benchmarks are
not easily comparable across platforms such as superconduct-
ing qubit systems (IBM, Google), trapped-ion computers, and
photonic devices. The literature shows that QML implementa-
tions critically depend on the use of different types of quantum
devices [8]-[10].

Furthermore, different architectures are specialized for dif-
ferent computational models; for example, quantum annealers
are designed for optimization problems [11], while gate-based
superconducting systems are used for circuit-based algorithms
[12]. This hardware-algorithm complexity is leading to a vast
amount of domain knowledge and implementation information
that is hard to keep track of the implementation workflows [2]-



[5], [13]-[15]. This complexity is compounded by a lack of
standardized documentation for other critical workflow com-
ponents. The choice of how to encode classical data into quan-
tum states, for instance, is a critical, often hardware-dependent
decision with no clear best practices as of the writing of this
paper. Without a structured, transparent representation of these
dependencies, the end-to-end QML workflow is opaque. This
“reproducibility gap” hinders the field’s growth, challenges
the “verifiability” of the QML application process, makes it
difficult to generalize findings, and poses a significant risk of
wasted resources on pursuing non-viable experimental paths
when implementing a QML application based on an example.

B. The Case for a Knowledge-Based Approach to QML

We recommend integrating Knowledge Graphs (KGs) to
model the QML workflow, effectively managing implemen-
tation complexities beyond simple documentation. By rep-
resenting the workflow as a KG, we can capture essential
relationships among components like experiments, datasets,
hardware, algorithms, and encoding methods. This creates
a structured, queryable, hardware-specific, and reproducible
knowledge framework. The implementation of a KG within a
published QML application’s workflow shows that any QML
application supported by a KG can enhance its epistemological
foundation by organizing the knowledge associated with the
QML process [15], [16].

II. BACKGROUND AND RELATED WORK

This section details the core challenges in QML that neces-
sitate a knowledge-based approach and reviews existing work
in QML ontologies. To support our position, we outline the
following core arguments:

1) QML Lacks Standardization and Reproducibility
Current QML applications are difficult to reproduce due
to hardware dependencies, encoding method variations,
and evolving QC techniques. Unlike classical ML, where
datasets and models can be easily shared, QML exper-
iments rely on specific quantum devices and encoding
strategies, making direct replication challenging. KGs
can document QML workflows, encoding decisions, and
hardware requirements, enabling researchers to trace,
reproduce, and refine past experiments.

2) Hardware Dependency Bias in QML Performance
QML results depend on the type of quantum hardware
used (e.g., superconducting, trapped-ion, photonic), the
number of qubits available, and error rates. Benchmarks
for QML algorithms are currently biased towards spe-
cific quantum platforms, leading to misleading conclu-
sions about their superiority over CML. KGs can store
metadata about hardware attributes and their impact
on QML models, allowing for transparent comparison
across different quantum platforms.

3) Encoding Classical Data into QSs is a Bottleneck
Different quantum encoding techniques (e.g., Ampli-
tude Encoding, Basis Encoding, Angle Encoding) af-
fect the efficiency of the QML model. The choice of

encoding method is highly dependent on the available
quantum hardware and dataset size, influencing com-
putational feasibility. KGs can help catalog encoding
techniques, map them to quantum hardware constraints,
and link them with appropriate QML models, providing
a decision-support system for encoding selection.

4) Cost Considerations in QC must be Structured
Running QML applications on quantum hardware is
expensive, requiring careful optimization of qubit usage,
gate depth, and execution time. The lack of a stan-
dardized cost analysis framework makes it difficult for
researchers to estimate resource efficiency before run-
ning quantum experiments. KGs can track cost-related
parameters, enabling researchers to predict execution
costs and optimize QML workflows accordingly.

5) KGs for Interoperability and Knowledge Sharing
A structured ontology-driven approach can organize
QML concepts, ensuring interoperability across different
QC ecosystems. KGs facilitate semantic search, knowl-
edge sharing, and automation of workflow documenta-
tion, accelerating QML adoption in real-world applica-
tions such as climate action, finance, and healthcare.
By structuring relationships between datasets, encoding
methods, algorithms, and hardware, KGs can enable
automated recommendations for QML model selection.

A. The Data Encoding Bottleneck

A critical challenge in QML is encoding classical data into
QSs, with techniques like Amplitude, Basis, and Angle
Encoding varying in computational cost and efficiency. The
choice of encoding depends on the specific problem, dataset
size, and the capabilities of quantum hardware. As noted in
our previous work [13]-[15], this choice can create bottlenecks
and inconsistencies in workflows. Thus, a knowledge graph is
essential for cataloging these techniques, linking them to hard-
ware constraints, and associating them with the corresponding
QML models, serving as a valuable decision-support system
as expressed in Figure 2.

B. Related Work in QML Ontologies

The need for organizing quantum information is not a new
idea. Martyniuk et al. explain the need for ontologies in
QC as new algorithms and hardware are developed. They
introduce the “PlanQK Project,” which provides a platform
for knowledge transfer and vendor-agnostic access to QC
resources [17]. Similarly, Martens et al. propose the Quan-
tumShare ontology to capture and share essential knowledge
to support collaboration between QC researchers [18]. While
these projects provide a valuable foundation for a general QC
ontology, our work differs significantly. We focus specifically
on the QML application workflow, presenting the process of
a queryable implementation based on a case study [13] that
provides the foundation to demonstrate how a KG can be used
to diagnose tangible reproducibility problems.

In the following sections, we discuss our position, which
takes a different perspective from the current approach of
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Fig. 1. KG example that capture the information of QML workflow based on our Use Case, with nodes “0” and “1” representing binary classes that lead to
crop frosting or not [13].
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Fig. 2. Visual representation of knowledge organization showing QML models
such as Quantum Support Vector Classifier (QSVC), Variational Quantum
Classifier (VQC), Quantum k-Nearest Neighbor (QkNN) and data encoding
techniques such as Basis Encoding, Amplitude Encoding etc, for precipitation
data in climate related applications (flooding, wildfire, crop-frosting).

TABLE I
CORE RELATIONSHIP TYPES IN THE QML-KG SCHEMA

Relationship Type Description

(Experiment) — (Algorithm)
(Experiment) — (Hardware)
(Experiment) — (Dataset)
(Experiment) — (Encoding)
(Experiment) — (Metrics)

USES_ALGORITHM
RUNS_ON
USES_DATASET
USES_ENCODING
PRODUCED_METRICS

simply implementing QML applications and documenting
their workflows. Acceptable QML results on real-world ap-
plications cannot be solely comparisons with current classical
ML results; the QML algorithms, the type of hardware used for
QC, and the number of qubits available can produce markedly
different results in QML experiments.

Our core argument is that quantum data encoding and the
representation of classical data on a quantum computer (QC)
are highly variable. Each step of the application workflow
needs to be organized from the information organization
perspective to determine why a specific quantum algorithm is
being used, under what conditions the chosen data encoding
techniques are valid, based on the type of algorithm being
used, and the hardware that is used to conduct the QML
application.

The solution we propose is the use of KGs and ontologies,
which help provide a proper understanding of how to advance
the development of QML applications for real-world use and
improve the reproducibility of the work, clearly expressing
how core-relationship types can be expressed through a QML-
KG schema as an example illustrated in Table I when all
information about the ML workflow is properly organized
using KGs. Secondly, we argue that an end-to-end QML work-
flow must be clear, including assumptions about hardware,
qubits, algorithms, and data encodings, before results can be
meaningfully interpreted, repeated, or built upon. Knowing
this before investing time and resources is key. Otherwise,
QML applications might waste money and resources on futile
attempts, as actual hardware based QC is very expensive due



to high operational costs.

Thirdly, based on the type of QC used, hardware bias could
be introduced to the QML application. The QML applications
depend highly on the type of QC and the number of qubits
available [5]. The architecture, error rates, and connectivity
of qubits directly influence the feasibility and performance of
QML algorithms [6], [7]. As QCs evolve, researchers need a
systematic way to organize, share, and reproduce knowledge
about how different QCs can be used for QML tasks. KGs offer
an efficient, optimal solution for structuring this knowledge,
enabling researchers to explore pathways tailored to specific
hardware constraints, algorithmic requirements and accuracy
metrics being used as illustrated in the KG example shown in
Figure 1 based on the use case [13] we used.

C. Epistemological Aspect of the Position and Arguments

Organizing a knowledge base for QC types and the number
of qubits available in each device through a KG provides a
structured, efficient, and reproducible framework for advanc-
ing research. By linking hardware attributes, algorithms, and
applications, the KG enables researchers to make informed
decisions and share their findings transparently. We believe
this approach accelerates progress in QML and fosters col-
laboration and innovation across the QC community. Cost
analysis is critical given QCs’ unique requirements and limita-
tions. Factors such as qubit usage, gate fidelity, circuit depth,
execution time, and quantum hardware access fees influence
costs. A KG can effectively organize and represent these
aspects, offering researchers and practitioners a structured way
to evaluate and compare the cost of QML applications. This
ensures informed decision-making and promotes transparency
in resource utilization.

A universal fault-tolerant QC that is capable of efficiently
solving problems like large integer factorization and efficiently
searching an unstructured database requires a very large
number of qubits with very low error rates and extended
coherence times, which is currently a challenging task to
achieve [19], [20]. The current experimental progress towards
universal fault-tolerant QCs is expected to be achieved only
several decades from now [21]. However, noisy intermediate-
scale quantum (NISQ) computers are already available today,
making significant milestones in the field of QC [10], [22].
NISQ devices, although limited by noise and a relatively
small number of qubits, provide a valuable platform for
experimentation and learning [22]. They allow researchers
and developers to investigate practical quantum applications,
optimize quantum circuits, and identify which problems might
benefit the most from specific QC types.

We support our position with (1) the organization of the
QML workflow using a KG and (2) empirical observations of
QML applications across various encoding techniques and QC
systems, including IBM Quantum simulator [23] and applica-
tions with our published real worl QML based application as
an example use case [13]. Implementing a KG for that use case
illustrated in figures 1 and 2, which enhance the understanding
and advancement of that developed QML application for crop-

frosting prediction using binary classification using NASA
Earth observational data and help the research community on
improving reproducibility of the example QML use case [13]
by properly organizing workflow information.

Secondly, we argue that if the end-to-end QML workflow
is not clear enough to evaluate before implementation by an
independent developer who wishes to adopt the work from a
research paper and implement the work for their customized
application, they must be able to understand the specific QML
system used to avoid expensive dead ends or unexpected
biases. QML applications depend highly on the type of QC
and the number of qubits available [24], [25]. The architecture,
error rates, and connectivity of qubits directly influence the
feasibility and performance of QML algorithms [22], [26]. As
QCs evolve, researchers need a systematic way to organize,
share, and reproduce knowledge about how different QCs can
be used for various QML tasks [22], [27].

Therefore, KGs can offer an efficient, optimal solution for
structuring this knowledge, enabling researchers to explore
pathways tailored to specific hardware constraints and asso-
ciated algorithmic requirements [28], [29]. Using a KG to
organize QML approaches based on QC types and number
of qubits availabile in the QC system used (i.e 127 qubits
IBM Quatum System One or 156 qubits based IBM Quan-
tum System Two) provides a structured, efficient, and repro-
ducible framework to advance research. By linking hardware
attributes, algorithms, and applications, the KG enables re-
searchers to make informed decisions and share their findings
transparently. We believe this approach accelerates progress
in QML and fosters collaboration and innovation across the
QML research communities.

Cost analysis is critical given the unique requirements and
limitations of QCs. Factors such as number of qubits usage
(127 or 156 qubits), circuit depth, execution time, and quantum
hardware access fees influence costs. A KG can effectively
organize and represent these aspects, offering researchers and
practitioners a structured way to evaluate and compare the
cost ahead of QML application implementation. This ensures
informed decision-making and promotes transparency in re-
source utilization and results comparisons.

QML approaches must scale to tackle large problems
(e.g., those requiring 100+ qubits), and integrating High-
Performance Computing (HPC) becomes essential [30]-[32].
In the past, with classical computing, HPC provided the
classical computational backbone needed for preprocessing,
quantum-classical hybrid workflows, and error mitigation in
QC to effectively use NISQ systems is an emerging approach
[6]. However, managing the complexities of QML+HPC work-
flows for large-scale problems requires an efficient organi-
zational framework [6], [32], [33]. Therefore, using KGs to
facilitate project workflows by integrating metadata, depen-
dencies, and workflows across QML and HPC systems will
be critical. This could potential improve efficiency, ensures
reproducibility, and supports informed decision-making.



III. CONCLUSION

QML is a promising field, but it faces severe reproducibility
and standardization challenges. To illustrate these challenges,
our research, previously published as a paper [13], uses a
real-world case study that applies QML classifiers (VQC and
QSVC) to a NASA Earth Observation dataset for climate
related problem. In that work, we discovered that the same
VQC algorithm yielded different performance when run on a
simulator versus a real 127-qubit IBM QC. This experience
provides concrete evidence for the urgent need for a better
information and knowledge organizational framework. Each
step of the QML application workflow needs to be organized
from the information organization perspective, including a
KG framework to capture, organize, and query these complex
QML workflows for managing complexities of hardware-
algorithm dependency and enhance the reproducibility of
QML applications and experiments.
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