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Abstract

Quantum machine learning (QML) is a machine learning approach that uses quantum computa-
tion to improve learning performance. Research in this area has primarily followed a model-centric
approach. However, near-term quantum hardware shows that data preparation also plays an im-
portant role, and can influence the quality and scalability of the learning process. Existing QML
research focuses on circuits, kernels, and variational models; however, the data requirements that
shape these methods remain less explored. This topical review addresses two questions. First,
what forms of data processing are required across representative QML methods? Second, how
can a data-centric approach improve the accuracy, scalability and resource use in QML models?
A taxonomy was introduced to classify QML architectures according to their requirements for
dimensionality reduction, encoding, dataset balance and compression. Based on this taxonomy,
a data-centric QML (dc-gml) framework is proposed. It integrates various subprocesses into a
coherent data flow, such as data ingestion, abstraction, tokenization, quantum encoding, and syn-
thetic data generation. Results from recent benchmarks and case studies show that improvements
in near-term QML optimizations often stem from data-focused practices rather than model refine-
ment alone.

Key-words: Quantum machine learning, data-centric QML, quantum data encoding, quantum
data tokenization, model-centric QML

1 Introduction

Quantum machine learning (QML) brings quantum computation into the machine learning workflow
to increase problem-solving capacity and expand the range of problems that can be addressed [1-3].
Research in this area has focused mainly on algorithm design and the associated refinement of quantum
circuit architectures. In contrast, the roles of data preparation and representation have received less
attention [3,4].

QML may offer advantages over classical machine learning (ML) methods. However, current quan-
tum processors can only process limited-size datasets [5-7]. Quantum computer systems commonly
represent information as qubits by using amplitude vectors. This representation poses a challenge when
classical’ ML datasets are mapped to quantum form [8]. This mapping becomes a bottleneck when
the dataset is large or when the data structure does not align with the constraints of the near-term
quantum hardware.

A data-centric approach provides a method for examining these issues from a broader perspective.
For instance, dimensionality reduction methods, such as singular value decomposition (SVD), can
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I Classical refers to the datasets, algorithms, and methods commonly used in classical machine learning. Quantum
refers to data representations and methods, including architectures and circuits, designed for a target quantum computing
platform.



reduce the complexity of the data input before quantum encoding. This can help to prepare large
datasets for current quantum technologies. In this way, it makes sense to put effort into understanding
how data should be represented before constructing quantum circuits and associated gates. Therefore,
data representation is an important consideration in quantum machine learning, because the structure
of the quantum state directly influences the performance and feasibility of the learning procedures [9].

If a classical dataset can be reliably mapped to a quantum information format, quantum machine
learning is a natural extension of the classical ML approaches [10]. However, this mapping process is
challenging. The transfer of data between classical and quantum systems requires appropriate data
representation, scaling and precision. Such design choices influence the feasibility of the downstream
workflow computations.

Results from classical machine learning demonstrate that many improvements arise from a data-
centric perspective rather than from model refinements alone [11,12]. This perspective favors the
quality, structure and consistency of the data. Similar considerations apply to the QML. The per-
formance of a quantum model, measured in terms of accuracy and scalability, depends on how the
data are presented in a quantum circuit [10,11]. Well-designed data representations reduce the burden
on quantum algorithms and align the dataset with the geometry of the quantum state space [13,14].
These data representations play a role in determining whether a QML method can exploit the available
underlying quantum resources.

The resource limitations of the current quantum processor hardware, together with restricted access
to larger quantum systems for simulation, necessitate a data-centric approach. A typical QML pro-
cessing workflow begins by handling a dataset, followed by quantum state preparation (data encoding),
parameterized quantum circuits, measurement and optimization. Current QML approaches have been
validated on noisy intermediate-scale quantum (NISQ) hardware, where quantum gates, qubit connec-
tivity and coherence times create constraints on problem sizes. Such constraints cause a bottleneck
in data encoding and loading high-dimensional data into a small number of qubits often dominates
the computational cost of the entire algorithm [2]. For example, the encoding strategy affects both
the number of qubits and the required circuit depth, which in turn determines the accuracy of the
system outputs and extent of resource usage. A recent benchmarking work on angle versus amplitude
encoding found that the choice of data embedding can lead to accuracy drops or gains of up to 30%
for a fixed circuit architecture [12]. Optimizing data handling provides measurable improvements to
address these constraints [15-17].

This topical review addresses two questions:

[Q1] What data requirements arise in representative QML methods?

[Q2] How can a data-centric approach improve the quality and scalability of QML algorithms?

Data-centric quantum machine learning (dc-qml) framework offers a way to answer these questions.
It introduces a unified view in which datasets are partitioned into smaller data units called tokens,
whichcan be encoded and manipulated within quantum workflows [15]. This approach allows for system
modularity and reduces the complexity of the increased data dimensionality. It also aligns the workflow
with the parallel processing used in quantum computing environments [18,19]. The framework can be
deployed on local systems or cloud-based platforms, depending on computing resource availability and
operational constraints [20,21].

The contributions of this topical review are as follows. This study examines the data-centric view
of quantum machine learning and introduces the following elements:

e dc-gml: A framework that provides a data—to-model design workflow, that integrates data in-
gestion, tokenization, encoding and generation.

o Tokenization and compression: Discusses token-based representations and QRAC-inspired en-
coding schemes that reduce qubit usage and circuit depth.

e Synthetic data: reviews recent generative models and feedback cycles in a workflow that co-
optimizes the data and models.

Table 1 lists the acronyms and terms used throughout this topical review, which are structured as
follows. Section 2 presents the proposed taxonomy for data processing in QML. Section 3 discusses the
tokenization and compression. Section 4 describes the proposed dc-gml framework. Section 5 provides
a more detailed discussion along with the research challenges presented in Section 6. Finally, Section
7 concludes the paper.



Table 1: List of acronyms and terms used in the paper

Acronym Term

Description

Datasets

Classical ML datasets: MNIST, Fashion-MNIST, Iris and Wine are used for hybrid and
baseline comparisons. Quantum datasets: QSFA and GASP-generated datasets simulate
encoded qubit states or quantum feature distributions.

Embedding Representation of data within a high-dimensional latent space, either quantum or classical,
to preserve data relational properties.
Encoding The process of mapping classical or tokenized data into quantum states.

Model-centric

A conventional paradigm in classical ML that prioritizes model architecture and hyperpa-
rameter updates over data refinements.

GASP Quantum Generative Adversarial Sampling Pipeline.

NISQ Noisy Intermediate-Scale Quantum. Describes current generations of quantum hardware
with limited qubit counts and non-negligible noise, constraining circuit depth and training
stability.

Performance Combination of model quality (measured by accuracy) and scalability (assessed on how well

the systems handle growth).

Performance-Accuracy

Measure of correct predictions to total predictions. Used to assess the quality of models such
as QSVM, QNN, and QGAN.

Performance- It refers to the ability of a QML model to maintain accuracy as the dataset size or circuit

Scalability depth increases.

QASA Quantum Adaptive Self-Attention. Transformer-like model using parameterized quantum
circuits to learn adaptive attention weights through quantum superposition.

QGAN Quantum Generative Adversarial Network.

QKSAN Quantum Key—Sequence Attention Network. Quantum analogue of self-attention, represent-
ing key—query—value relations as quantum states for interference-based attention computa-
tion.

QNN Quantum Neural Network.

QRAC Quantum Random Access Code.

QSVM Quantum Support Vector Machine.

QRWKV Quantum Recurrent Weighted Key—Value. Quantum version of RWKYV transformers inte-
grates recurrent dynamics and key—value memory using quantum gates to capture temporal
dependencies.

QSAM Quantum Self-Attention Mechanism.

QSFA Quantum Synthetic Feature Augmentation.

Token The smallest unit of structured data used in the proposed dc-gml framework. Tokens may
represent attributes or compressed data units.

Tokenization The transformation of raw data into discrete tokens, preparing the data for downstream QML
workflow processing.

Transformers Classical ML architectures based on attention mechanisms. Serve as the baseline for com-

paring quantum counterparts such as QKSAN, QRWKYV, and QASA.

2 Data Processing Taxonomy in QML

A data-processing taxonomy was developed specifically for this study to classify QML methods ac-
cording to the data type (classical, quantum) and algorithm type (classical, quantum).

The survey presented in this paper reveals that most contributions in the literature fall under
the classical data-quantum algorithm paradigm, with relatively few approaches addressing quantum
data—quantum algorithms or quantum data—classical algorithms. Classical data-quantum algorithms
dominate across topics such as quantum convolutional neural networks [22-24], quantum support vector
machines (QSVM) [25, 26], generative models [27, 28] and reinforcement learning [29,30]. Quantum
data and quantum methods remain limited in the literature but include quantum native datasets [31],
QSVMs trained on circuit data [32] and TensorFlow Quantum prototypes [33]. Quantum data and
classical approaches were mainly introduced in early research, as proposed in [34].

In contrast, data handling practices varied across the board. High-dimensional classical data are
typically reduced to a lower-dimensional space using techniques such as Principal Component Analysis
(PCA) or autoencoders [35]. QML methods using specific quantum datasets rely on quantum PCA
and tensor networks [18,36,37]. Hybrid approaches integrate these groups of methods with research
that proposes token-based representations and QRAC-inspired embeddings for mapping to quantum
circuits [38]. The following common challenges were observed: encoding efficiency, data dimensionality
reduction and the associated circuit design issues.

The application context guided the selection of a paradigm for this review. In chemistry and
materials science, quantum states provide relevant inputs for both quantum data-quantum algorithm
and quantum data-classical methods. Finance and healthcare rely almost exclusively on classical data-
quantum algorithm processing workflows [39,40]. Natural language processing, an entirely classical



approach, has motivated classical data-quantum algorithms studies onto encoding data tokens into
quantum states for downstream processing [13,41]

Overall, the literature surveyed in Tables 2 and 3 demonstrates that despite methodological variety,
data handling is a common aspect that improves QML model performance in terms of accuracy and
scalability.

Another identified issue is the methodological redundancy. Several pieces of work replicate ideas
under slightly different names—QCNN variants [22,23,42], or QSVM applications [25,26,43] without
providing a theoretical analysis or even comparative experimental evaluation. Moreover, encoding
methods are usually introduced without rigorous analysis of the system resource requirements or the
need for system scalability. This raises questions regarding their applicability beyond simplified or
small-scale problems.

Data requirements by algorithm type. QML algorithms impose specific data requirements and
constraints, which are summarized as follows:

e Quantum support vector machines (QSVMs) [59]: Input data should be scaled numerically.
Dimensionality reduction is typically used to minimize downstream encoding overhead in the
workflow.

e Quantum neural networks (QNNs) [1,10,60]: Input data should be vectorized and numerically
bounded (embedding). Encoding should be handled appropriately given the noise and circuit
depth constraints.

e Hybrid classical-quantum neural networks [60,61]: Data conversion should preserve numerical
range compatibility between classical outputs and quantum data encoding.

e Quantum generative adversarial networks (QGANSs) [62]: Requires large datasets. Appropriate
encoding and measurement strategies are required to integrate the components of the classical
and quantum systems.

In summary, QML algorithms require well-structured, numerically bounded and correctly scaled
data to ensure compatibility with the quantum encoding, circuit depth and noise constraints of available
computing platforms.

3 Data Compression and Tokenization

A token represents a minimal structured data unit that encapsulates small abstractions or attributes
extracted from the raw data. Tokenization, as defined in this topical review, is a core scheme that con-
verts continuous or unstructured data into discrete representations. This process allows compression,
dimensionality reduction and data preparation for quantum encoding.

3.1 Prior Approaches to Tokenization

Existing QML and classical ML mechanisms demonstrate how tokenization has been explored for data
handling:

e (Cognitive and semantic aspects: Beyond engineering implementations, tokenization can be ob-
served through semantic compression. Shani et al. [63] introduced a language model that maps
data inputs into compact tokens, such as representations in classical ML, which balances com-
pression with semantic fidelity. This view addresses tokenization as a technical mechanism as
well as a conceptual bridge between the efficiency and data meaning. In a quantum computing
setting, the same principle holds for hardware constraints: the number of qubits and feasible cir-
cuit depth remain restricted by current quantum processor technologies [64]. Tokenization can
be used as a practical mechanism to reduce the dimensionality of data inputs, in which complex
data are transformed into smaller token vectors.

e Modular quantum operations (OTP) [65]: Probabilistic one-time programs encode logical func-
tions (e.g., G1 gates) onto single-qubit quantum states that operate as modular tokens. This
design separates quantum resource exchange from classical execution, resulting in an increase in
the gate rate by four orders of magnitude compared to earlier schemes.



Table 2: QML paradigms are categorized by data types and algorithmic approaches - Part 1. To provide
historical context, the studies are summarized in publication date order.

Algorithm Type

Key Results

Bosco et al., 2024 [44]

Dorsey et al., 2024 [45]
Jeng et al., 2024 [46]

Lee et al., 2024 [22]
Monnet et al., 2024 [47]

Andrés et al., 2023 [30]

Herman et al.,, 2023

48]

Mashtura et al., 2023
[49]

Ovalle Magallanes et
al., 2023 [42]

Placidi et al., 2023 [32]
Saxena and Saxena,
2023 [26]

West et al., 2023 [17]

Hur et al., 2022 [23]

Melvin, 2022 [28]

Otgonbaatar et al.,
2022a [50] Otgonbaatar
et al., 2022¢ [51]

Peddireddy et al., 2022
(52]

Zeguendry et al., 2022
(53]
Alam et al., 2021 [54]

Batra et al., 2021 [39]

Kariya
2021 [25]

and Behera,

Schatzki et al.,
[31]

Sierra-Sosa et al., 2021
[40]

Skolik et al., 2021 [29]

2021

Stein, 2021 [55, 56]

Thumwanit et al., 2021
(38]

Zoufal, 2021 [27]

Integrated quantum encoding strategy

Quantum Fourier Transform Classifier

Multidimensional Quantum Convolu-
tional Classifier (MQCC)

Quantum CNN (QCNN)
Hybrid quantum-classical QCNN

Quantum neural network (QNN)

Variational Linear Quantum Model

Quantum CNN (QCNN)

Quantum CNN (QCNN) using angle
encoding

Quantum support vector machine
(QSVM)
Quantum support vector machine
(QSVM)

Genetic Algorithm for State Prepara-
tion (GASP) and Variational Circuit

Quantum Convolutional Neural Net-
work (QCNN)

Quantum Generative Adversarial Net-
work (QGAN)

Amplitude and entangling N-layer
QML. Quantum Transfer Learning

Tensor Ring Variational Quantum Cir-

cuit (QC)

Quanvolutional =~ Neural = Networks
(QNNSs), Variational Quantum Classi-
fier (VQC)

Quantum convolutional neural net-
work (QCNN)

Quantum support vector machine
(QSVM)
Quantum support vector machine
(QSVM)

Quantum Neural Network (QNN)

Variational Quantum Circuit (VQC)
Quantum Deep Q-Learning

Quantum Neural Network (QNN)

Quantum Random Access

(QRAC)

Coding

Quantum generative adversarial net-
work

Achieved acceptable accuracy with integrated encod-

ing, outperforming classical CNNs in some configura-
tions.

A quantum algorithm for antimalarial drug discovery.

An algorithm for multidimensional quantum convolu-
tion.

An architecture to handle a large number of data di-
mensions.

Studied effects of data encoding on QCCNN perfor-
mance.

Proposed dimensionality reduction strategies.

Introduced quantum models on a Boolean cube.

Achieved 90.9% accuracy on Fashion MNIST and
93.3% on MNIST using parallel quantum feature en-
coding.

Achieved 90% accuracy on MNIST and 78.50% on
Fashion MNIST using angle encoding.

MNISQ, a quantum circuit dataset, achieving 97.91%
accuracy.

Achieved 48.3% to 50% accuracy on pancreatic cancer
classification.

Achieved up to 96% accuracy with reduction in circuit
depth.

Achieved 99% accuracy on MNIST and 94% on
Fashion MNIST with fewer parameters than classical
CNNs.

A framework for high-dimensional signal processing.

Quantum transfer learning for small and large-scale
datasets.

Tensor ring parameterized VQC, achieving 83.33% ac-
curacy on the Iris dataset.

High accuracy and low loss results compared to clas-
sical ML.

A hybrid quantum-classical model for image classifi-
cation.

Comparable accuracy to classical ML methods for
drug discovery.

Studied QSVM performance in the NISQ era.

Entangled datasets are inherently quantum and can
be used directly without encoding.

Achieved 70% (2-qubit) and 72% (3-qubit) accuracy
on diabetes type 2 classification.

A variational quantum algorithm for deep reinforce-
ment learning.

Up to 12.51% improvement in classification accuracy
and 98.5% reduction in parameters compared to clas-
sical methods.

Trainable discrete feature embeddings for QML.

Generative QML algorithms and their applications.




Table 3: QML paradigms are categorized by data types and algorithmic approaches - Part II. To
provide historical context, the studies are summarized in publication date order.

Algorithm Type

Key Results

Zoufal, 2021 [27]
Chen et al., 2020 [35]

Kerenidis and Luongo,
2020 [16]

Kumar et al., 2020 [57]

Sierra-Sosa et al., 2020
(33]

Kerenidis et al., 2019
(58]

Yu et al., 2019 [36]

Rupp, 2015 [34]

Quantum generative adversarial net-
work

Hybrid model: tensor network and
variational quantum circuit

Quantum  slow feature analysis
(QSFA) and Quantum Frobenius
Distance (QFD)

Variational QML algorithm using a
dressed quantum network

TensorFlow QCNN
Quantum CNN (QCNN)
Quantum PCA-based data compres-

sion

Classical ML algorithms (e.g., SVM)

Generative QML algorithms and their applications.
A hybrid model that outperforms principal component
analysis (PCA) as a feature extractor.

Achieved 98.5% accuracy on MNIST dataset.

An encoding scheme for quantum circuit implementa-
tion.

Discussed 8.9% improvement in classification accuracy
using amplitude encoding

A shallow quantum circuit based on a classical CNN.
A quantum algorithm for data compression exponen-
tially faster than classical PCA.

Surveyed classical ML applied to quantum mechanics

problems.

e Representation prediction architectures (V-JEPA) [66]: Raw video data are decomposed into
spatio-temporal patches that serve as tokens, creating a 1-D data sequence. Operating in this
vector space allows the model to ignore irrelevant details while retaining its predictive capability.

o QML equivalents: Quantum random access coding (QRAC) encodes multiple classical bits into
a single qubit, which compresses information into quantum tokens [38]. Similarly, quantum
operations can be treated as tokens in Quantum Assembly Language (QASM) within the context
of the MNISQ dataset, as discussed in [32].

Hardware constraints reinforce the same previously mentioned principle: the number of qubits
and maximum feasible circuit depth remain limited by currently available technologies [64]. Thus,
tokenization is a practical mechanism for creating small abstractions from data inputs.

3.2 Quantitative Preliminaries

Quantitative studies have suggested that handling data more systematically may lead to performance
improvements in QML that are likely to exceed those obtained from purely algorithmic refinements.
The extraction of small abstractions from data and the use of quantum data-encoding strategies have
been shown to directly affect the model accuracy. For instance, Stein et al. [15] reported an accuracy
improvement of up to 12.51% with a 98.5% reduction in the number of system parameters compared
to classical approaches. Kerenidis et al. [16] achieved 98.5% accuracy on MNIST using QSFA with
polylogarithmic runtimes. West-Maxwell et al. [17] demonstrated that approximate encoding via
GASP achieved 96% accuracy with a reduced circuit depth. Other results cover a wide spectrum, from
48-50% in pancreatic cancer classification using QSVMs [26], to 97.9% with QSVMs on the MNISQ
dataset [32], and up to 99% with QCNNs [23]. Parallel feature-encoding data abstractions achieved
90.9% accuracy on the data and 90.9% on the Fashion-MNIST dataset [49].

Fig. 1 shows the performance results obtained from the surveyed literature. It shows how data
handling, such as dimensionality reduction, approximate encoding and hybrid preprocessing affects
performance in terms of accuracy and scalability. Such quantitative analysis substantiates the core
argument of a data-centric approach: systematic data preparation, further compression and optimized
encodings can play an important role in quantum machine learning methodologies [67].
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Figure 1: Reported accuracy and system parameter reduction in QML studies. Results range from
48-50% in medical datasets [26] to nearly 99% on MNIST with QCNNs [23], with intermediate values
such as 97.9% using QSVMs [32], 96% with GASP [17], and 93.3% with parallel QCNNs [49]. Stein [56]
reported a 12.5% accuracy gain with a 98.5% reduction in system parameters. This result suggests that
data preparation and quantum data encoding may have stronger effects on accuracy and scalability
than algorithmic refinement alone.

4 Data-Centric QML design: models and data

As summarized in Tables 2 and 3, QML adopts a model-centric design approach by default that focuses
on architecture adjustments, hyperparameter tuning and the definition of alternative loss functions. A
recent study provided a detailed review of model-centric QML methods and system architectures for
engineering applications [3].

By contrast, a data-centric design approach treats data preparation, encoding and broader data
handling as equally important. It focuses on the properties of the data used for training and inference,
and recognizes that iterative refinement is required to obtain more accurate scalable models. This
approach is aligned with data-centric principles in classical machine learning, which prioritize data
quality and representation over architectural adjustments [4]. In QML, these ideas are constrained
by the limits of current quantum systems, where the efficiency of data encoding and compression
determines whether an algorithm remains feasible in near-term quantum processor hardware.

The design space of data-centric QML (dc-gml) is therefore conceived as an integrated ” continuum”
of data and model workflows along with deployment stages, as shown in Fig. 2. The following discussion
focuses on the proposed dc-gml framework and its rationale as a guideline for future QML work
development.

In this framework, process understanding defines each workflow stage. In traditional model-centric
QML, process understanding occurs mainly between model development and model evaluation, and
rarely extends to the data phase. In dc-gml, process understanding spans the entire workflow. It iterates
through data, models, and development phases and cycles back until the accuracy and scalability
requirements for a target application are met.

4.1 Data Ingestion

High-quality datasets are required for reliable learning. Typically, the data ingestion process con-
sists of a subsystem capable of collecting experimental data, checking data provenance, standardizing
measurement protocols and creating data annotation. Data ingestion ensures fidelity of the physical
simulations downstream. In line with data-centric Al principles, priority is given to improving the
data annotation (e.g., labels in classification tasks) and reducing noisy samples before designing and
evaluating complex quantum circuits. Classical data preprocessing steps such as normalization, outlier
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Figure 2: Evaluation and iteration in data-centric QML (dc-gml). Unlike model-centric workflows,
dc-gml links model evaluation back to data preparation. The loop adjusts parameters and also revisits
data design through augmentation, tokenization and synthetic data generation [62,68,69]. Tasks
run across QPUs within a unified classical-quantum workflow. This structure reflects the idea of a
universal quantum computer introduced by Deutsch, in which classical control coordinates quantum
operations [70].

removal and data imputation can be used prior to quantum data encoding. Recent work has also
shown that quantum processing can directly improve data quality [71]. In this approach, data inges-
tion serves as both an entry point in the design space and as a possible stage for quantum-assisted
quality improvement. The partitioning of data into training and testing sets should be statistically
justified to reduce overfitting and any domain shifts should be recorded. This is standard practice in
classical machine learning.

4.2 Small-scale Abstraction

Small-scale abstraction, a superset of feature mapping, reorganizes raw data into structured, high-
level inputs. This workflow step extracts important characteristics from the original data. Such
features can be obtained using classical algorithms running on classical hardware prior to quantum
data encoding. PCA or autoencoders can be used to remove redundancy and noise, resulting in more
compact downstream quantum inputs.

Quantum Principal Component Analysis (QPCA) can achieve dimensionality reduction with favor-
able scaling compared with classical PCA methods [36]. Tensor ring representations also provide better
handling of high-dimensional data inputs [52]. Approximate encoding can produce low-depth circuits
that are robust to noise, with balanced accuracy and scalability, as discussed in [17]. In contrast, other
compression encoding schemes reduce circuit resource demand as described previously [57]. Hybrid
methods integrate classical dimensionality reduction, such as PCA and autoencoders with quantum
encoding [39,49, 54].

Limited quantum processing resources can be addressed by using compression schemes that miti-
gate errors and noise in the datasets. Current issues include minimizing information loss to address
algorithm-specific compression requirements and integrating more quantum-driven methods, such as
tensor networks [18,37]. Material discovery is an application area in which small-scale abstraction has
been evaluated with reasonable results [72].

In the dc-gml design approach, small-scale abstraction is the stage in which raw or preprocessed
data signals are compressed to prepare them for tokenization and encoding.



4.3 Tokenization and Segmentation

Following small-scale abstraction, tokenization splits a high-dimensional data sample into smaller data
pieces (tokens), which can be processed independently or in parallel. Token-based representations,
commonly used in classical ML Transformer-based language models [73], have also been considered for
QML. In this case, tokens are specified as fixed-length data segments of a classical vector mapped to
an individual or small group of qubits.

This modular approach allows parallel quantum state preparation; hence, it reduces the quantum
circuit depth [15,19,59,74]. For example, the data input of V' tokens can be represented in [log, (V)]
qubits. Pre-trained classical embeddings can also be translated into quantum embeddings in a manner
that preserves the structural relationships between these modalities. Some of these challenges include
encoding extended token sequences and managing associated quantum circuit complexity. Techniques
such as quantum recurrent processing and tensor networks have been proposed to mitigate these
issues [18,37]. Tokenization also aids with compression encoding through quantum random access
codes (QRAC) [38], in which n classical bits are encoded into a single qubit with success probability
p > 1/2 [75]. For instance, by grouping features into tokens and applying QRAC, qubit resources can
be traded against success probability.

Discrete feature embeddings produce embeddings similar to those of classical tokens in natural lan-
guage processing (NLP). Placidi et al. [32] introduced the MNISQ dataset, which represents quantum
circuits as tokenized sequences in quantum assembly language (QASM). In this case, the operations are
treated as tokens. Data re-uploading strategies, as discussed in [76], resemble sequential tokenization,
in which data are repeatedly encoded into a sequence of quantum circuits.

Algorithm 1 Tokenization and segmentation

Require: Classical feature vector 2 € R?, segment size m, encoding method &
Ensure: Quantum state prepared on [d/m] qubits qu,

1: Partition = into K = [d/m] segments (") ... 25 each of length m (padding with zeros if
necessary).

2: for k=1 to K do

3. 2" < Preprocess(z(®)) {e.g., scaling or PCA}

4:  Prepare qubit g in state |0)

5. Apply encoder £(2®)) to gx {e.g., amplitude, angle or QRAC}

6: end for

7: return Quantum register (q1,...,qx) representing the encoded data

The pseudo-code in Listing 1 illustrates a simplified tokenization and segmentation algorithm. A
feature vector is partitioned into fixed-size segments, each of which can be optionally preprocessed
(e.g., scaling or PCA) before being encoded by a quantum encoder. This modular scheme supports
heterogeneous encoders and achieves parallelism across the quantum registers. Parallelism exploits
quantum superposition to simultaneously process multiple tokens [18]. In summary, the proposed
tokenization stage provides building blocks for the next step, termed quantum data encoding, in which
tokens are transformed into quantum states that are suitable for computation.

4.4 Quantum Data Encoding

After tokenization, each token is mapped to a quantum state. This mapping, referred to as encoding,
influences the model performance. Comparative studies have reported accuracy differences of 10-30%
between amplitude and angle encoding when the circuit architecture is fixed [12]. Therefore, the choice
of encoding requires a balance between the number of qubits and the complexity of the state prepa-
ration. High-dimensional data do not always require a direct correspondence between dimensionality
and qubit count. Many tasks can be performed using compact quantum representations.

QML inherently relies on vector space embeddings, in which quantum states are represented in high-
dimensional Hilbert spaces. Multiple encoding families of methods have been explored in the literature.
Amplitude encoding allows a classical vector of length IV to be compressed into log, N qubits. However,
this may require complex state preparation circuits [12,17,33,36,49,53,77]. By contrast, angle encoding
maps each feature component to a rotation angle on an individual qubit [42,47]. Angle encoding
increases the number of qubits required by using simpler gates. Discrete Boolean data embedding



was introduced by Herman et al. [48]. Structured embeddings, such as tensor networks, can capture
correlations in a compact manner [35,52]. Quantum feature maps, motivated by kernel methods,
embed classical data into larger Hilbert spaces [26].

[ Classical data vector (e.g. 64 bits) ]
}
[ Tokenization and Segmentation ]
! l
Token 1 Token2 | e
[ Quantum Data Encoding ]

~

Figure 3: Tllustrative scheme of quantum data encoding. A classical vector data (e.g., 64 bits) is
partitioned into fixed-length tokens, which are mapped to qubits using methods such as amplitude
encoding or QRAC. The diagram illustrates a specific configuration and is not intended to represent
a general case. In the context proposed in this paper, tokenization combined with quantum data
encoding allows for (i) modular circuit design, (ii) explicit control of trade-offs between qubit count
and decoding accuracy, and (iii) parallel execution of tasks across quantum registers in system-level
implementations.

Encoding is the bridge between tokenized data and quantum computation, where accuracy and
scalability should be balanced. It is connected to the next workflow stage (Fig. 2), where the states
are processed and optimized within the quantum circuits.

4.5 Data preparation for quantum states
Universal quantum computer model

A universal quantum computer (UQC) is a conceptual computing machine that manipulates data using
quantum circuits that operate on qubits [70]. This framework serves as a pertinent abstraction for
quantum computation [10]. In this model, qubits allow for superposition and equip the system with
capabilities that lack direct counterparts in classical computing. Multi-qubit systems expand the QML
computational space via tensor products, and quantum circuits implement algorithms by arranging
quantum gates into ordered sequences.

A universal gate set can approximate any unitary transformation to arbitrary accuracy. This
property provides the UQC model with additional capacity that allows different physical system im-
plementations to capture correlations within a compact framework. Representative platforms include
photonic, superconducting, atomic and spin-based system architectures, all of which are governed by
the same underlying formalism [10]. The universal UQC model provides a theoretical basis for data
encoding and representation in dc-gml.

Quantum states and quantum gates
Quantum states follow a compact vector notation. A single qubit is represented as

1) = al0) + BI1),
with amplitudes that satisfy
o + 18> = 1.
Multi-qubit states extend this structure through tensor products. A two-qubit system follows the
form:

[¥) = a|00) + B[01) +~[10) + 4[11),
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Figure 4: One qubit state represented on the Bloch sphere. The amplitudes o and g determine the
position of the state vector. This geometric view provides an intuitive way to interpret classical data
in terms of a quantum-computing counterpart.

as presented in [10]. Such states represent correlations and entanglement when they cannot be sepa-
rated into independent components within a particular vector space.

The quantum gates change these states. For instance, single-qubit gates rotate amplitudes or
introduce phases, whereas multi-qubit gates implement controlled operations or tensor-product con-
struction [3].

Data preparation for state vector simulation

Data preparation in dc-gml builds on the ideas introduced in the previous subsections. A classical
data value is mapped into amplitudes that follow the expression:

al0) + f[1).

This establishes a direct link between real-valued features and their quantum representations. The
mapping also provides a geometric interpretation, because each qubit corresponds to a point on the
Bloch sphere. This relationship is shown in Fig. 4, where each qubit corresponds to a binary index in
the global state vector. The entire quantum state is stored as a one-dimensional complex vector of size
2V [18]. This data representation matches the Hilbert space dimension and preserves the full amplitude
without reduction. The vector should be normalized before use and ordered on a computational basis.

Large quantum states are likely to introduce memory constraints into the systems. In this case,
the state vector can be distributed across multiple devices when it no longer fits into single-device
memory. The gate operation was described in [18] as the major computational cost in the state-vector
simulation. This is because each transformation affects an entire vector. Performance improves when
gate operations targeting multiple qubits are executed in parallel.

Gate fusion further improved the performance. Several small gates are combined into a single larger
operation. This fused operator completes execution in a single step, reducing memory data transfer
and shortening the execution path. These optimizations are particularly useful for dec-gml workloads
in quantum circuits with many small gates.

The state-vector representation describes the Hilbert space. In contrast, the following section
presents tensor network methods that provide structural abstraction and compression to address com-
plexity.

4.6 Data preparation for tensor network states

Tensor networks provide a more compact representation of quantum states, distinct from the full-
state-vector approach discussed earlier. Instead of keeping track of all amplitudes, the global state is
represented as a network of smaller connected tensors. Such connections are represented by indices that
capture correlations across the system to reduce memory usage when entanglement remains limited
[18,37].
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In this context, quantum simulations proceed by contracting pairs of connected tensors. In a
network comprising N tensors, a total of N — 1 contractions are required. Contraction is associative,
meaning that there are multiple possible sequences of contractions. The choice affects the system
performance. Therefore, data preparation should consider the network structure and the planned
contraction strategy. A matrix product state (MPS) is a particular case of a tensor network arranged
as a linear chain. Each qubit is represented by a local tensor with two bond indices and a physical index
[37]. To create an MPS from a general state, a dimensionality-reduction technique such as singular
value decomposition (SVD) is applied recursively. This method produces a suitable representation
of the state, provided that all the resulting SVD singular values are retained. Other dimensionality
reduction techniques may also be used, including the Gram-Schmidt QR method. Memory usage can
be reduced by removing small singular values during the decomposition. The number of retained
values defines bond dimensions (). A smaller (x) reduces the computational cost and introduces an
approximation that resembles lossy compression. This approach remains useful for quantum machine
learning tasks when data correlations are not uniformly strong [20].

These properties also support qubit compression. A four-qubit system requires typically a vector
with a size of 2¢. MPS decomposition reduces the rank of the quantum state and produces a more
compact form when correlations remain limited. A compressed representation needs only two effective
qubits.

Tensor networks also allow simulations that are beyond the limits of state-vector methods. The
memory required for a state vector grows to 2%V, which restricts simulations on a single device once the
number of qubits becomes large. Simulations above 33 qubits exceed the capacity of a device, and a
50-qubit state vector already requires several petabytes of memory [78]. In contrast, MPS simulations
can be run on a single device when the bond dimensions are controlled. Schieffer et al. [37] reported
simulations with 60 qubits for several quantum circuits and up to 90 qubits for a GHZ circuit. Runtime
scaling differs from the exponential behavior observed in state-vector simulations and follows power-law
or linear patterns that depend on the quantum circuit structure.

4.7 Al Generator for Synthetic Data

As shown in the left block of Fig. 2, the data phase can be expanded using generative AI models,
which produce large-scale synthetic data samples to augment, re-balance and evaluate quantum work-
flows. Beyond conventional preprocessing, synthetic data generation step extends the token space
and allows for controlled perturbations of the data inputs. Gaussian-process generators and diffusion
models, including CLIP-guided stable diffusion [79], can inject structured noise into the seed data and
regenerate new data variants (e.g., diverse tensor network states) [68,69]. The resulting samples can
be modularized into tokens and encoded into quantum states in the dc-gml downstream processing
workflow (on the right-hand side of Fig. 2).

Recent work has suggested that synthetic data can be co-designed with quantum workflows. Diffu-
sion methods in classical ML have been adapted to generate parameterized quantum circuits (PQCs)
by proposing circuit structures and gate parameters. These elements can then be evaluated down-
stream [80]. Quantum Generative Adversarial Networks (QGANs) have been investigated as quantum-
native generators for data augmentation. A recent study surveyed QGAN architectures and training
protocols, from theory to early demonstrations, as approaches capable of producing representative
data distributions with hardware-amenable training loops [81]. Empirically, QGAN-based augmenta-
tion has been reported to outperform common classical heuristics (e.g., random geometric transforms)
on computer vision benchmarks [82]. Hybrid quantum—classical QGAN variants have also been ex-
plored for tabular time-series data with quantitative evaluations of the distance between the real and
generated data distributions [83].

In this context, Uotila et al. [71] discussed how quantum processor resources can be explored for
data preprocessing and transformation. This particular work shows that extracting values from noisy
or incomplete data is consistent with data-centric QML, in which data preparation is regarded as
equally important as algorithm design. These results suggest that synthetic data generation, whether
classical or quantum, can be used not only to address unbalanced data but also to produce controllable,
token-level variations tailored to specific quantum data encoders.

AT generators for synthetic data are configurable steps that can precede or run in parallel with tok-
enization and encoding in the proposed dc-gml framework. Two complementary paths are considered:
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e (i) Classical generators for quantum encoding: diffusion and CLIP-guided pipelines create token
candidates that are later mapped to quantum states [68,69].

e (ii) Quantum-native generators: QGANs produce distributions directly on quantum processing
units (or simulators), generating samples or circuit components for subsequent quantum modules
[81,82].

Ablation studies are encouraged on both paths. The ablation methodology isolates the role of
each component by removing or varying it and observing the resulting changes in the performance.
Such studies can compare configurations with and without generated synthetic data, classical versus
quantum generators and how different encoders (such as amplitude or angle) respond to the synthetic
data variability. Although this type of data generation has not yet been systematically applied to
QML, it illustrates how the dc-gml framework can address the shortage of high-quality datasets.
Generative Al workflows that co-design data and models under quantum resource constraints can be
further developed within a continuous cycle of QML refinement [84].

4.8 Quantum Model Training and Error Optimization

The QML model parameters can be adjusted manually at the beginning of the design process. Small
circuits can be probed, gates can be tuned manually and the computed loss values are inspected to
obtain a coarse parameter setting before the start of automated model training. After this initialization,
parameterized quantum circuits are trained using gradients computed using the parameter-shift rule
or finite differences. When classical training is used, the optimization can proceed end-to-end using
algorithms such as backpropagation. The weights are updated in the backward pass, and standard
loss functions such as cross-entropy or mean-squared error are used in the optimization procedure.
Following this, optimizers are selected from a pool that includes stochastic gradient descent, Adam
or gradient-free methods with pre-configured learning rates, early optimization stopping applied and
gradient clipping used to stabilize optimization updates. This represents a model training procedure
similar to a standard machine learning workflow.

However, Martin et al. [85] elaborated on the issue of model training, which has evolved beyond
conventional routines. This new methodology is termed evolving machine learning and it proposes
more adaptive and automated pipelines in which optimization, model architecture selection and data
handling are integrated within a continuous processing loop. From this perspective, QML training can
benefit from approaches that co-adapt encodings, tokenization schemes and data augmentation as part
of the optimization cycle. Such approaches extend the role of training within a broader model-data
co-design process. Process understanding begins in the data handling phase, proceeds through model
development and then returns to the data phase, as represented by the top arrow in Fig. 2.

Hyperparameters are still tuned by adjusting ”higher level variables” such as circuit depth, entan-
gling patterns, number of layers in chosen model architectures, batch size and learning rate - to cite
a few. Optimization search strategies may be manually configured, grid-based, Bayesian or evolution-
ary, but they all share the goal of minimizing a specific loss function within the existing hardware
constraints [64]. In this case, the search also aims to strike a balance between classical and quantum
processing splits [86]. Model training in quantum machine learning should also address barren plateaus,
where gradients vanish across regions of the cost/loss function exploration space and therefore hinder
optimization of quantum circuits [87]. Mitigation strategies include the use of local cost/loss functions,
data re-uploading when the number of qubits is limited and frugal measurement schemes. Parameter
initialization and ”handcrafted” circuit design have also been discussed as additional approaches to
the barren plateaus problem [88]. Thanasilp et al. [89] reported encouraging results showing that
data-centric designs for encodings and kernel families can be used in this context.

A workflow for QML model training based on these methodologies is presented in the box below,
and is directly linked to the surveyed models in Tables 2 and 3.

QCNN models trained with angle or amplitude encoding have achieved near state-of-the-art ac-
curacy on the MNIST and Fashion-MNIST datasets under compact parameterizations [22,23,47,49].
Variational classifiers and QNNs follow similar model regimes where compression and data re-uploading
ensure feasibility on current hardware [30,54,57]. In contrast, QSVMs rely on well-conditioned small-
scale abstractions (feature maps). Therefore, model training and error optimization focus on kernel se-
lection and regularization rather than circuit depth [26,39,59]. QGAN models are trained adversarially
and the alternating generator and discriminator are updated under measurement constraints [27,62].
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Quantum Model Training

Initialize model/circuit — Choose loss function —
Select optimizer — Tune hyperparameters —
Minimize errors — Monitor barren plateaus —
Validate — Early stopping

The results reported in [90] demonstrate that hybrid QNN models can perform entity matching in
classification tasks with compact data representations. Across such families of QML algorithms, suc-
cess measured as high accuracy and scalability of trained models still depends on disciplined encoding,
controlled circuit depth and improved data handling. Data-centric practices reinforce such efforts:
data balance is maintained, batches are stratified and outliers are reviewed. Data representations are
refined to reduce variance, which typically aids in model convergence.

4.9 Refinement Continuum: Evaluation and Iteration

Evaluation and refinement are not isolated end stages but rather integral parts of the entire workflow
(Fig. 2). Traditional model-centric workflows tend to cycle from model to model, adjusting the model
architecture constructs, weight matrices and hyperparameters. In contrast, a data-centric workflow
extends this by introducing a development—data loop, where the evaluation outcomes inform new
data ingestion, augmentation and tokenization strategies.

Rigorous evaluation of the QML ”end solution” should consider multiple dimensions, including
not only accuracy (how good the outputs are), but also scalability aspects (how well the system
handles growth). Such aspects include the circuit depth, qubit count and robustness to noise under
existing hardware constraints [64]. Ablation experiments using factorial design methodologies should be
conducted to determine the effects of each system design choice, both individually and in combination.
Whenever accuracy and scalability bottlenecks are detected, the process understanding iteration does
not simply require adjusting learning rates or the number of layers. This implies revisiting the data
quality, expanding the data sample size with real and synthetic data, or even re-evaluating tokenization
granularity using compression techniques. In a data-centric workflow, hyperparameter optimization is
meaningful only when paired with renewed data design.

AT data generators help create new tokenized datasets that enrich the training data and probe the
limits of quantum encodings. Such tools can evaluate feedback to trigger data renewal, rather than
being confined to circuit adjustments. Recent research on classical ML confirms this argument by
showing that improvements in dataset design and augmentation often outweigh model-side refinements
in terms of the overall performance (both accuracy and scalability) [85].

Table 4: Analysis of alignment of selected recent studies with the de-gmi framework. A checkmark (V)
is alignment, a tilde (~) represents partial alignment and a dash (-) is a lack of alignment. Synthetic
data workflows remain unexplored.

Related work Tokenization Quantum  Dataset Synthetic Development Hybrid Work-
Data Balancing Data Gen- — Data Loop flow
Encoding eration

Routh & Singh (2025) ~ — — — v

91

Uddin et al. (2025) [92] v ~ v - - v

Sharma et al. (2025) v v - - ~ v

[93]

5 Discussion

The following subsections discuss how the dc-gml rationale appears in recent work and broader data-
centric practices in QML. Table 4 shows that the latest work has already adopted tokenization and
hybrid workflow. However, data-centric elements, such as feedback loops, dataset balancing and syn-
thetic data, have only been partially addressed.
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5.1 Linkage of recent studies to the dc-gml framework
5.1.1 Hybrid quantum—classical data generation

Routh and Singh (2025) [91] integrated a classical ML transformer architecture with a parameterized
quantum circuit for text generation. Tokenization and encoding were identified as key aspects of the
performance in this study; however, the evaluation was not sufficiently elaborated and the token-to-
qubit mapping was unclear. From a dc-gml standpoint, systematic encoding strategies and generative
tokens (e.g., diffusion-based) would enrich representations and better capture circuit depth.

5.1.2 Hybrid transfer learning with SMOTE balancing

Uddin et al. (2025) [92] proposed a hybrid model using GPT-Neo embeddings with LoRA and quantum
circuits. This is complemented by Synthetic Minority Over-sampling Technique (SMOTE), which
generates synthetic data for minority classes to improve the class balance in classification applications.
This work demonstrates data-side processing across GPU hardware and simulators. However, its
dependence on SMOTE and its limited encoding details constrain its scalability. The dc-gml can
address this by exploring synthetic data pipelines to generate token-level diversity rather than relying
on heuristic oversampling.

5.1.3 Quantum-enhanced natural language generation

Sharma et al. (2025) [93] developed benchmarks for QKSAN, QRWKV and QASA against classical
transformer architectures [73]. This study demonstrates that dataset curation and multi-metric evalu-
ation can improve data-related diversity. The dc-gml extends this work by linking evaluation outcomes
back to the data design, thus producing dataset variation and synthetic augmentation. These recent
studies confirm the argument of this topical review that QML approaches can benefit from data-side
practices, such as tokenization, balancing, and curation, rather than relying solely on algorithmic
adjustments.

5.2 Data-Centric Practices in QML

Small-scale abstraction, encoding optimization and data resampling strategies show that careful data
preparation can lead to measurable improvements even when model configuration parameters are
fixed during the loop of process understanding. For instance, tailored abstractions in the form of
feature maps [44] and domain-specific, small-scale abstractions [42] may reduce the circuit overhead
by embedding relevant patterns into quantum states.

Data resampling and augmentation have contributed to these improvements. Borrowing from
classical ML, these methods re-balance datasets or augment data samples to help mitigate bias, thus
improving the generalization properties of the model [48]. Transfer learning further illustrates a data-
centric approach: hybrid models trained on one task can be fine-tuned on another, reusing the data-
induced knowledge rather than starting from scratch [39]. Hybrid preprocessing pipelines demonstrate
the synergy between classical and quantum transformations [94]. Using dimensionality reduction or
filtering steps before encoding, the data are simplified and better aligned with the existing resource
limitations of quantum processing devices. Compression methods have the similar purpose of ensuring
that high-dimensional data can be expressed within the limited availability of qubits [17].

5.3 Towards Standardization and Automation

A key implication of this new perspective is the need for standardized data-oriented development prac-
tices in QML. Standardized benchmarks, encoding protocols, and more importantly, adequate evalua-
tion metrics are necessary for reproducibility across platforms. Beyond standardization, automation is
a promising avenue for future research. Similar to AutoML [95,96], which automates hyperparameter
exploration in classical machine learning, preliminary research results suggest that next-generation
AutoQML systems will automate the search for encoding strategies, small abstractions and data aug-
mentation workflows in quantum machine learning [97]. Native quantum augmentation is an emerging
research field. QGANs and diffusion-based data generators provide the basis for producing represen-
tative token-level distributions tailored to quantum encoders [81].
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6 Research Challenges

The issues below provide a snapshot of the areas in which current practices are still underdeveloped.

6.1 Scaling and system co-design

End-to-end performance is limited by state preparation and data loading. Amplitude encodings offer
efficient data compression; however, their gate complexity increases with the input size. Angle encoding
trades qubits for simpler preparation. Choosing among them is a system decision rather than a purely
algorithmic decision. Workflows should schedule tasks across GPUs for data ingestion, small-scale
abstraction and tokenization. Progress depends on coordinated efforts in hardware and software design
and on the integration of QPUs at both the node and system levels [98-100]. Large-scale simulators
are important tools for development and ablation studies [18]. Recent studies have examined the use
of customized FPGA accelerators to scale quantum circuit simulations, although the cost of processing
high-dimensional data remains a challenge [101].

Open issues. Computing cost-aware encoding under high dimensionality, placement and scheduling
strategies for QPU-CPU/GPU pipelines, and appropriate resource system monitoring including depth,
qubit count and wall-clock.

6.2 Training stability, noise and mitigation

Variational training in QML faces the barren plateaus problem, where vanishing gradients stall the
optimization procedure [87]. Local cost/loss, layer-wise growth, careful initialization and circuit design
have been demonstrated to address this issue [88].

On hardware, error-mitigation methods such as zero-noise extrapolation, probabilistic error can-
cellation, randomized compiling and readout calibration should be integrated into the training loop
rather than being applied only after the computation is complete [60].

Open issues. Tuning of encoding to control expressivity; measurement-frugal training protocols
that preserve sample efficiency; and standardized monitoring of mitigation actions and their effects on
cost/loss metrics.

6.3 Quantum data constraints

The limitations of measurement and the no-cloning theorem complicate data annotation, as the latter
states that it is not possible to create an exact copy of an arbitrary unknown quantum state [102]. This
constraint affects the diagnostics and reproducibility of quantum data. In practice, repeated sampling,
careful shot allocation and token-aware batching are necessary to derive statistics in the presence of
noise.

Open issues. Protocols for data access that minimize state disturbance, labeling annotation work-
flows compatible with non-duplicable data and evaluation methodologies that reflect realistic sampling
limits.

6.4 Synthetic data: validation, safety and quantum-native generation

Generative Al extends the data processing beyond cleaning, resampling and augmentation. This
introduces the possibility of generating artificial data seeded from real datasets across many iterations
and experiments. These generators align well with the dc-gml design philosophy because they introduce
important data variability that can improve the performance of the QML model. However, Al-based
data generation should be exploited with caution to avoid error amplification and downstream bias.
Diffusion and multimodal methods, such as CLIP-guided generation, can broaden token coverage in
classical to quantum workflows. QGANSs provide quantum native generators with hardware-compatible
training [68, 69, 81]. Early results showed that QGAN-based augmentation outperformed classical
heuristics across computer vision and tabular time-series tasks. In parallel, domain-specific research
has begun to quantify the statistical distance between real and synthetic data distributions [83,103].

Open issues. Small-sample fidelity metrics suitable for QML, diagnostics of mode collapse and
instability in QGANSs, audits for bias and safety, and downstream monitoring that link synthetic
generation to accuracy, robustness, depth and qubit usage.
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6.5 Standardization, benchmarks and automation

Comparable claims require shared datasets, encoding protocols and evaluation metrics. Recent work
has shown how encoding choices shift the accuracy using double-digit percentages in fixed circuits.
This suggests that encoding-aware benchmarks are required [47]. MNISQ offers a large-scale circuit
dataset for method comparison [32], and studies on data locality and QCNN design further motivate
controlled data ablation [22,46].

Open issues. Task-specific, encoding-aware benchmarks, dc-qgml checklists in experimental work
and AutoQML software tools that co-optimize data, encoding, and circuits.

6.6 Alignment with the dc-gml framework

To make dc-gml studies interpretable and reproducible, the following should be documented in the
form of metadata [104]: (i) data lineage, data annotation protocols and changes made to dataset;
(ii) tokenization granularity, quantum data encoding method family and data loading cost; (iii) QML
model training ”pathologies” and mitigations; (iv) synthetic-data generators, validation metrics, and
safety audits for real-world deployments and pilots; (v) resource profiles that include qubit counts,
circuit depth and transpilation results, together with system level placement of workflow tasks on
CPU, GPU and QPU resources in-house or in cloud infrastructures [20,21]; and (vi) ablations based
on experimental factorial design that isolate data-side gains from model circuit-side gains.

7 Conclusions

This topical review addresses two questions: (1) What data requirements exist for representative QML
methods? (2) How can a data-centric approach improve the quality and scalability of QML algorithms?

Regarding the first question, this review aims to describe the data preparation requirements of
methods such as QSVMs, QNNs, and QGANs. Such methods require dimensionality reduction, efficient
encoding schemes, balanced datasets and compression techniques to operate within the limits of NISQ
hardware. The analysis showed that poorly conditioned data inflated circuit depth and qubit demands.
In contrast, structured data quantum encodings and careful preprocessing improve accuracy.

To answer the second question, the proposed dc-gml framework was introduced as a ”continuum”
that connects data and models. This framework suggests that tokenization, modular encoding and
synthetic data generation are equally important for quantum circuit refinement and evaluation.

This study recognized the importance of model-driven design for QML model training and online
retraining. These practices remain core to current workflows. However, the results presented here
suggest that QML performance and scalability also depend on a continuous feedback loop between
data and model refinement.

In this sense, dc-gml does not replace the model-driven design. Instead, it provides a complementary
approach in which data and models are co-designed within an iterative quantum-—classical workflow.
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