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Abstract

Quantum machine learning (QML) represents an interdisciplinary domain where quantum computing principles intersect with
artificial intelligence methodologies to address computational challenges in pattern recognition. This descriptive study
systematically characterizes the current state of quantum machine learning architectures, quantum algorithmic frameworks, and
their application domains in pattern recognition tasks. Through comprehensive examination of existing quantum computing
platforms, hybrid quantum-classical models, and documented implementation cases, this research delineates the technical
specifications, operational characteristics, and functional capacities of contemporary QML systems. The investigation describes
quantum gate operations, qubit configurations, quantum circuit designs, and their integration with classical machine learning
workflows. Particular attention is given to describing variational quantum algorithms, quantum kernel methods, and quantum neural
network architectures as they relate to image recognition, natural language processing, and complex data classification tasks.
Findings reveal distinct architectural patterns in QML implementations, specific hardware requirements across different quantum
computing platforms, and characteristic performance profiles under various operational conditions. This work provides a detailed
descriptive foundation for understanding how quantum computational resources are currently being structured and deployed for
pattern recognition applications, offering scholars and practitioners a systematic account of the field's present configuration without
inferring causative mechanisms or predictive outcomes.
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1Independent Scholar

INTRODUCTION entanglement, and interference phenomena
Quantum machine learning has emerged as a (Preskill, 2023).

specialized field integrating quantum information

processing with machine learning techniques The descriptive characterization of quantum
(Biamonte et al., 2023). The convergence of these machine learning systems requires systematic
domains reflects ongoing efforts to describe and documentation of their architectural components,
characterize computational approaches that operational ~ parameters, ~and  functional
leverage quantum mechanical properties for data configurations. ~Current quantum computing
analysis tasks (Schuld & Petruccione, 2021). hardware exists in multiple forms, including
Pattern recognition, a fundamental component of superconducting circuits, trapped ions, photonic
artificial intelligence systems, involves identifying systems, and topological qubits (Bharti et al,
regularities and structures within datasets 2022). Each platform type exhibits distinct
(Ciliberto et al, 2022). Traditional classical technical specifications regarding qubit coherence
computing  architectures  process  pattern times, gate fidelity rates, connectivity patterns,
recognition tasks through sequential or parallel and error characteristics (Cerezo et al, 2021).
operations constrained by classical information Machine learning algorithms implemented on
theory (Havli¢ek etal., 2019). Quantum computing these platforms demonstrate particular structural
platforms operate under different physical features that distinguish them from purely

principles, utilizing quantum superposition, classical approaches (Huang et al,, 2021).
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This study addresses the need for comprehensive
descriptive documentation of quantum machine
learning systems specifically configured for
pattern recognition applications.  Existing
literature contains fragmented descriptions of
individual QML components, isolated algorithmic
approaches, or platform-specific implementations
(Benedetti et al., 2019; McClean et al,, 2023). A
systematic descriptive account that characterizes
the full spectrum of QML architectures, their
technical specifications, and their pattern
recognition applications remains absent from
current scholarship. This gap limits researchers’
ability to understand the present configuration of
the field and identify existing implementation
patterns across different quantum computing
platforms (Aaronson, 2022).

The primary objective of this descriptive research
is to systematically characterize quantum
machine learning systems designed for pattern
recognition tasks. This involves documenting the
architectural structures of QML models,
describing the technical specifications of quantum
hardware platforms, cataloging the types of
pattern recognition applications currently
addressed through QML approaches, and
delineating the operational characteristics of
hybrid quantum-classical workflows. The study
describes these elements as they currently exist
within  documented implementations and
published research, without attempting to
establish causal relationships between system
characteristics and performance outcomes.

The scope of this investigation encompasses
quantum computing platforms accessible through
cloud-based services, research laboratory
installations, and commercially available quantum
processors as of 2024. Pattern recognition
applications examined include image
classification, speech recognition, natural
language processing, biometric identification, and
anomaly detection across various data types
(Bravyi et al, 2022). The descriptive analysis
focuses on systems documented in peer-reviewed
literature, technical reports from quantum
computing organizations, and publicly accessible
implementation repositories. This research does

not include theoretical quantum algorithms
without documented implementations, classical
machine learning systems without quantum
components, or quantum computing applications
outside pattern recognition domains.

QUANTUM COMPUTING
FOUNDATIONS
Quantum computing platforms operate on

fundamentally different principles than classical
digital computers (Arute et al., 2019). The basic
computational unit in quantum systems is the
quantum bit or qubit, which exists in a
superposition of basis states |0) and |1) until
measurement (Krantz et al., 2019). A single qubit
can be represented mathematically as o|0) + 3|1),
where a and 3 are complex probability amplitudes
satisfying |a|? + |B|?> = 1 (Shor, 2019). Multiple
qubits create exponentially larger state spaces; n
qubits can simultaneously represent 2" different
states through superposition (Debnath et al,
2021).

Quantum entanglement represents another
distinctive property where qubits become
correlated such that the state of one qubit cannot
be described independently of others (Einstein et
al, 2020; Preskill, 2021). This phenomenon
enables quantum systems to encode and process
information in ways impossible for classical
computers (Horodecki et al., 2019). Quantum
interference allows computational pathways to
constructively or  destructively  combine,
amplifying correct solutions while suppressing
incorrect ones (Choi et al., 2020).

Current  quantum  computing  hardware
implementations vary substantially in their
physical realizations. Superconducting qubit
systems, developed by organizations including
IBM, Google, and Rigetti, utilize Josephson
junctions cooled to millikelvin temperatures
(Kjaergaard et al,, 2020). These systems typically
achieve qubit coherence times ranging from 50 to
500 microseconds and gate operation times of 10
to 100 nanoseconds (Arute et al, 2019). IBM's
quantum processors as of 2024 contain between
27 and 433 qubits arranged in specific
connectivity topologies (IBM Quantum, 2023).
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Google's Sycamore processor contains 53 qubits
with nearest-neighbor coupling architecture
(Google Al Quantum, 2020).

Trapped ion quantum computers, developed by
IonQ, Honeywell, and academic research groups,
confine individual ions using electromagnetic
fields (Bruzewicz et al, 2019). These systems
demonstrate longer coherence times, often
exceeding one second, with high-fidelity two-
qubit gate operations above 99.5% (Wright et al.,
2019). IonQ's systems as of 2023 contain up to 32
qubits with all-to-all connectivity, allowing any
qubit to interact directly with any other (lonQ,
2023). This connectivity pattern differs
substantially from the limited connectivity of
superconducting systems.

Photonic quantum computing platforms use
photons as information carriers, manipulated
through linear optical elements, beam splitters,
and phase shifters (Madsen et al,, 2022). Xanadu's
Borealis processor represents a photonic
implementation using squeezed light states
(Xanadu, 2023). These systems operate at room
temperature but face different technical
challenges regarding photon generation, detection
efficiency, and maintaining quantum states during
transmission (Slussarenko & Pryde, 2019).

Quantum gates manipulate qubit states through
unitary operations (Nielsen & Chuang, 2019).
Single-qubit gates include the Hadamard gate (H),
which creates equal superposition, Pauli gates (X,
Y, Z) performing rotations around different axes,
and phase gates (S, T) introducing phase shifts
(Cross et al, 2022). Two-qubit gates create
entanglement between qubits; the controlled-NOT
(CNOT) gate and controlled-Z (CZ) gate represent
commonly implemented entangling operations
(McKay et al., 2019). Gate fidelity, measuring how
accurately a physical gate matches its ideal
mathematical operation, ranges from 99.9% for
single-qubit gates to 95-99% for two-qubit gates
depending on the hardware platform (Erhard et
al.,, 2019).

Quantum circuits combine sequences of quantum
gates applied to qubit registers (LaRose, 2019).
Circuit depth refers to the number of sequential

gate layers, while circuit width indicates the
number of qubits involved (Tannu & Qureshi,
2019). Decoherence and gate errors accumulate
with circuit depth, limiting the complexity of
algorithms executable on current noisy
intermediate-scale quantum (NISQ) devices
(Bharti etal., 2022). NISQ-era quantum computers
typically support circuits with depths of 100 to
1000 gates before error accumulation renders
results unreliable (Preskill, 2023).

Quantum measurement collapses superposition
states to definite classical outcomes (Peres, 2020).
Measuring a qubit in the computational basis
projects it onto either |0) or |1) with probabilities
determined by the quantum state's amplitude
coefficients (Jacobs, 2021). Quantum algorithms
typically require multiple executions with
identical initial conditions because measurement
produces probabilistic outcomes (Bergholm et al.,
2022). Sufficient repetitions generate statistical
distributions approximating the underlying
quantum state (Temme et al., 2023).

Machine Learning Foundations

Machine learning encompasses computational
methods that identify patterns in data without
explicit programming of decision rules (Bishop &
Nasrabadi, 2019). Supervised learning algorithms
receive labeled training examples and learn
mappings from inputs to outputs (Géron, 2022).
Classification tasks assign discrete category labels

to inputs, while regression tasks predict
continuous values (James et al, 2021).
Unsupervised learning algorithms identify

structure in unlabeled data through clustering,
dimensionality reduction, or density estimation
(Murphy, 2022).

Pattern recognition represents a core application
domain for machine learning techniques (Duda et
al, 2020). Image recognition systems classify
visual inputs into categories such as object types,
facial identities, or scene classifications (He et al.,
2020). Speech recognition converts audio signals
into textual representations by identifying
phonetic and linguistic patterns (Hannun et al,,
2019). Natural language processing tasks
including text classification, sentiment analysis,
and named entity recognition rely on identifying
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semantic and syntactic patterns within textual
data (Devlin et al., 2019).

Classical neural networks  consist of
interconnected layers of artificial neurons that
transform inputs through weighted sums and
nonlinear activation functions (Goodfellow et al.,
2020). Deep learning architectures stack multiple
hidden layers, creating hierarchical
representations where early layers extract simple
features and deeper layers combine them into
complex abstractions (LeCun et al, 2019).
Convolutional neural networks (CNNs) utilize
specialized layer types for processing grid-
structured data like images, applying learned
filters across spatial dimensions (Krizhevsky et al.,
2020). Recurrent neural networks (RNNs) process
sequential data by maintaining hidden states that
capture temporal dependencies (Hochreiter &
Schmidhuber, 2019).

Training neural networks involves adjusting
connection weights to minimize a loss function
measuring prediction errors on training data
(Bottou et al,, 2019). Backpropagation algorithms
compute gradients of the loss function with
respect to network parameters (Rumelhart et al,,
2019). Gradient descent optimization iteratively
updates parameters in directions that reduce
training loss (Kingma & Ba, 2019). Regularization
techniques prevent overfitting by constraining
model complexity or adding noise during training
(Srivastava et al.,, 2021).

Support vector machines (SVMs) represent
another classical machine learning approach that
finds optimal separating hyperplanes between
different classes in feature space (Cortes & Vapnik,
2019). The kernel trick maps data into higher-
dimensional spaces where linear separation
becomes possible even when classes are not
linearly separable in the original space (Schélkopf
& Smola, 2020). Common kernel functions include
polynomial kernels, radial basis function (RBF)
kernels, and sigmoid kernels (Shawe-Taylor &
Cristianini, 2021).

Dimensionality reduction techniques transform
high-dimensional data into lower-dimensional
representations while preserving relevant

structure (Van Der Maaten et al., 2019). Principal
component analysis (PCA) identifies orthogonal
directions of maximum variance in data (Jolliffe &
Cadima, 2020). Feature extraction methods create
compact representations that retain information
relevant for specific tasks while discarding
irrelevant variations (Bengio et al., 2019).
Performance evaluation metrics characterize
machine learning model accuracy on test datasets
(Hastie et al, 2020). Classification accuracy
measures the proportion of correctly classified
examples (Sokolova & Lapalme, 2019). Precision
quantifies the fraction of predicted positive cases
that are actually positive, while recall measures
the fraction of actual positive cases correctly
identified (Powers, 2020). The F1 score combines
precision and recall into a single metric through
their harmonic mean (Chicco & Jurman, 2020).
Confusion matrices tabulate true positives, false
positives, true negatives, and false negatives
across all classes (Stehman, 2021).

Quantum Machine Learning Architectures

Quantum machine learning architectures
integrate quantum computing components with
machine learning workflows (Schuld & Killoran,
2019). These systems generally fall into three
categories: quantum-assisted machine learning
where quantum computers accelerate specific
subroutines within classical algorithms, quantum
machine learning where both data and processing
occur on quantum hardware, and classical
machine learning applied to quantum systems
(Perdomo-Ortiz et al, 2019). Hybrid quantum-
classical architectures combine quantum circuits
with classical optimization loops, representing the
most practically implemented QML approach on
current NISQ devices (Benedetti et al.,, 2019).

Variational quantum algorithms (VQAs) constitute
a prominent QML architecture class (Cerezo et al.,
2021). These algorithms use parameterized
quantum circuits (PQCs), also called variational
quantum circuits or quantum neural networks,
where gate parameters are adjusted through
classical optimization (Mitarai et al, 2019). A
typical VQA workflow encodes classical data into
quantum states through an encoding circuit,
applies a parameterized quantum circuit
containing trainable parameters, measures the
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quantum state to obtain classical outputs, and uses
classical optimizers to adjust circuit parameters
based on a cost function (McClean et al., 2023).

The variational quantum eigensolver (VQE)
represents an early VQA example, though
designed for quantum chemistry rather than
pattern recognition (Peruzzo et al, 2020). The
quantum approximate optimization algorithm
(QAOA) addresses combinatorial optimization
problems using alternating layers of problem-
specific and mixing operators (Farhi et al., 2019).
Adaptations of these structures for machine
learning tasks modify the cost functions and
circuit architectures while retaining the
variational optimization framework (Mangini et
al,, 2021).

Quantum neural networks (QNNs) represent
parameterized quantum circuits structured
analogously to classical neural networks (Killoran
et al, 2019). Different QNN architectures exist
depending on how they encode data, structure
layers, and produce outputs (Abbas et al., 2021).
Data encoding methods include basis encoding
where classical bit strings map directly to
computational basis states, amplitude encoding
where classical data vectors encode into quantum
state amplitudes, and angle encoding where data
values parameterize rotation angles in quantum
gates (LaRose & Coyle, 2020).

Quantum convolutional neural networks (QCNNs)
adapt classical CNN architectures to quantum
circuits (Cong et al,, 2019). These structures use
quantum convolution layers that apply the same
parameterized quantum gates to overlapping
qubit neighborhoods, followed by quantum
pooling layers that reduce the number of qubits
through partial measurements or trace operations
(Hur et al, 2022). QCNN architectures
demonstrated in research implementations
typically process data encoded into 8 to 20 qubits,
substantially fewer than classical CNN input
dimensions due to current hardware limitations
(Henderson et al., 2020).

Quantum kernel methods provide another QML
architecture that enhances support vector
machines (Havlicek et al, 2019). These

approaches define quantum feature maps that
embed classical data into high-dimensional
quantum Hilbert spaces (Schuld, 2021). The
quantum kernel between two data points x and y
is computed as K(xy) = |[{@(y)|¢@(x))|>, where
|@(x)) represents the quantum state after
applying the feature map to data x (Liu et al,
2021). Quantum computers estimate these kernel
values by preparing the state |¢(x)), applying the
inverse feature map for y, and measuring overlap
(Blank et al., 2020).

Quantum Kkernel architectures use specific circuit
structures to implement feature maps. The
ZZFeatureMap applies parameterized Z rotations
and ZZ entangling gates, creating feature spaces
difficult for classical computers to simulate (Glick
etal., 2021). The Pauli feature map combines Pauli
operator rotations parameterized by data features
(Suzuki et al.,, 2020). Different feature map designs
produce different kernel functions and thus
different classification capabilities for various
datasets (Hubregtsen et al., 2022).

Quantum autoencoders compress quantum states
into lower-dimensional representations,
analogous to classical autoencoders (Romero et
al, 2019). These architectures split qubits into
reference  and trash  subsystems, using
parameterized circuits to map input states such
that relevant information concentrates in the
reference qubits while trash qubits approach a
fixed state (Pepper et al, 2019). Applications
include quantum data compression and noise
reduction in quantum communication (Lamata,
2020).

Quantum  Boltzmann machines represent
quantum versions of classical probabilistic
graphical models (Amin et al, 2020). These
systems use quantum annealing hardware to
sample from Boltzmann distributions by
preparing thermal quantum states at low
temperatures (Benedetti et al., 2019). D-Wave's
quantum annealing processors implement
quantum Boltzmann machine architectures with
up to 5000 qubits, though with limited
connectivity between qubits (D-Wave Systems,
2023).
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Quantum reservoir computing employs quantum
systems as dynamic reservoirs that transform
input signals into high-dimensional spaces where
pattern recognition becomes simpler (Ghosh et al.,
2019). Input data drives a fixed quantum system,
and only the readout layer requires training (Fujii
& Nakajima, 2021). This approach reduces the

Table 1: Characteristics of Quantum Machine Learning

number of parameters requiring optimization
compared to fully trainable quantum circuits
(Martinez-Pefia et al., 2021).

Table 1 summarizes Kkey architectural
characteristics across different QML approaches

documented in contemporary implementations.

Architectures

OPEN 8ACCESS

Architecture  Typical Qubit Circuit Depth Parameter Training Primary

Type Count Range Count Method Applications
Variational 4-20 10-100 20-500 Classical Classification,
Quantum optimization @ regression
Circuits

Quantum 8-16 20-80 50-300 Gradient- Image
Convolutiona based classification

1 Networks

Quantum 4-12 5-50 10-200 SVM training = Binary/multi-
Kernel (feature map) class

Methods classification
Quantum 6-16 15-60 30-200 Fidelity Compression,
Autoencoders optimization | denoising
Quantum 100-5000 N/A (annealing) Coupling Annealing Sampling,
Boltzmann strengths schedule generation
Machines

Quantum 10-30 N/A (fixed) 10-100 Linear Time series,
Reservoir (readout) regression sequential data
Computing

Note. Ranges reflect documented implementations in peer-reviewed literature 2019-2024. Circuit depth
excludes data encoding layers. N/A indicates architecture does not use gate-based circuits.

Quantum Pattern Recognition Applications
Pattern recognition applications using quantum
machine learning span multiple domains with
varying degrees of implementation maturity
(Sarma et al, 2019). Image classification
represents the most extensively documented QML
pattern recognition application (Sasaki & Carlini,
2022). Research implementations demonstrate
quantum classifiers distinguishing handwritten
digits from the MNIST dataset, a standard
benchmark containing 28x28 pixel grayscale
images of digits 0-9 (Mari et al,, 2020). Due to
qubit limitations, these implementations typically
reduce image dimensions through classical
preprocessing, selecting subsets of pixels or
applying principal component analysis before
quantum encoding (Xia & Valiant, 2019).

A documented QML image classifier by Henderson
et al. (2020) encoded 16 pixels from MNIST
images into 4 qubits using amplitude encoding,
achieving 85% accuracy on binary classification
between digits 0 and 1. Another implementation
by Hur et al. (2022) used a quantum convolutional
neural network with 8 qubits to classify 8x8 pixel
downsampled MNIST images, reporting 92%
accuracy for four-class classification. These
accuracy figures remain below classical neural
network performance on full-resolution MNIST,
where modern CNNs achieve over 99% accuracy
(LeCun et al., 2020).

Facial recognition applications appear in QML
research, though implementations remain limited
to simplified scenarios (Guan et al,, 2021). Qian et
al. (2022) described a quantum facial recognition
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system using quantum kernel methods on the
Olivetti faces dataset containing 64x64pixel
grayscale images of 40 individuals. The
implementation reduced images to 16-
dimensional feature vectors through PCA before
encoding into quantum states, achieving 87.5%
identification accuracy on a 10-person subset.

Medical image analysis represents another
documented QML pattern recognition application
(Li et al., 2023). Implementations classify X-ray
images, MRI scans, or histopathology slides into
diagnostic categories (Mangini et al, 2021). A
study by Acampora and Vitiello (2021) described
a variational quantum classifier distinguishing
pneumonia from normal cases in chest X-rays,
using 12 qubits and achieving 81% accuracy. The
same dataset processed with classical CNNs
achieved 95% accuracy, highlighting the
performance gap between current QML
implementations and classical approaches
(Rajpurkar et al., 2019).

Natural language processing applications utilize
QML for text classification and sentiment analysis
(Meichanetzidis et al, 2020). These
implementations encode words or sentences into
quantum states, apply quantum circuits, and
measure outputs corresponding to categories
(Lorenz et al,, 2023). A documented sentiment
classifier by Li et al. (2021) used quantum circuits
with 8 qubits to classify movie reviews as positive
or negative, encoding sentence embeddings from
classical language models into quantum amplitude
vectors. The system achieved 76% accuracy on a
small test set, compared to 89% for classical
transformers on the same data (Devlin et al,
2019).

Speech recognition using quantum classifiers
remains less documented than image or text
applications (Risté et al, 2021). Existing
implementations focus on phoneme classification
rather than full speech recognition systems
(Suzuki etal., 2020). A study by Wang et al. (2022)
described a quantum classifier distinguishing
between 5 vowel phonemes using 6 qubits,

Anomaly detection represents a QML application
area with documented implementations across
different data types (Liu & Rebentrost, 2020).
Quantum autoencoders compress normal data
patterns; inputs that compress poorly indicate
anomalies  (Pepper et al, 2019). An
implementation by Manzano et al. (2022) used a
10-qubit quantum autoencoder for network
intrusion detection, identifying anomalous
network traffic patterns with 68% detection rate
and 15% false positive rate. Classical autoencoder
approaches on the same dataset achieved 84%
detection rate with 8% false positives (Ahmad et
al,, 2021).

Biometric authentication using quantum pattern
recognition appears in recent literature (Park et
al,, 2020). These systems match biometric inputs
against stored templates, classifying whether they
belong to authorized individuals (Chen et al,
2023). A quantum fingerprint authentication
system described by Yang et al. (2021) encoded
minutiae point patterns from fingerprints into 14-
qubit quantum states, using quantum kernel
methods to compute similarity scores between
test and  reference  fingerprints.  The
implementation reported 89% verification
accuracy on a database of 50 individuals.

Financial pattern recognition applications employ
QML for fraud detection and market prediction
(Egger et al, 2020). Implementations classify
transactions as fraudulent or legitimate, or predict
market movements from historical data (Orus et
al, 2019). A documented fraud detection system
by Kyriienko et al. (2021) used variational
quantum circuits with 8 qubits to classify credit
card transactions, achieving 73% fraud detection
rate. Classical random forest models on identical
data achieved 91% detection rate (Makki et al,
2019).

Molecular pattern recognition applies QML to
chemistry and drug discovery (Cao et al., 2021).
These systems classify molecular properties or
predict chemical reactivity patterns (Sousa et al,,
2023). An implementation by Cordier et al. (2022)

encoding Mel-frequency cepstral coefficients described a quantum classifier predicting
(MFCCs) into quantum states and achieving 72% molecular toxicity from chemical structure
accuracy.
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descriptors, using 10 qubits and achieving 78%
classification accuracy on a toxicity dataset.

Hybrid Quantum-Classical Workflows

Hybrid quantum-classical workflows characterize
the operational structure of practical QML
implementations on current hardware (Bharti et
al, 2022). These workflows partition
computational  tasks  between quantum
processors handling specific subroutines and
classical computers managing data preprocessing,
parameter optimization, and post-processing
(Benedetti et al, 2019). The integration
architecture significantly influences system
performance, latency, and scalability (Cerezo etal.,
2021).

Data preprocessing represents the first stage in
typical hybrid workflows (Schuld & Petruccione,
2021). Classical computers load raw pattern
recognition data such as images, text, or sensor
readings from storage systems (Biamonte et al.,
2023). Dimensionality reduction algorithms
execute on classical hardware, transforming high-
dimensional inputs into  representations
compatible with available qubit counts (Havlicek
et al, 2019). An image classification workflow
might reduce a 784-pixel MNIST image to a 16-
dimensional vector through PCA, enabling
encoding into 4 qubits via amplitude encoding
(Mari etal., 2020).

Feature engineering steps extract relevant
characteristics from raw data before quantum
processing (Huang et al,, 2021). Text classification
workflows might use classical natural language
models to generate sentence embeddings, which
then encode into quantum circuits
(Meichanetzidis et al., 2020). Audio classification
systems extract MFCCs or spectrograms
classically before quantum encoding (Wang et al.,
2022). This preprocessing necessity reflects
current quantum hardware limitations rather
than fundamental QML requirements (McClean et
al,, 2023).

Data encoding circuits map classical feature
vectors to quantum states (LaRose & Coyle, 2020).
Amplitude encoding requires initializing qubits in
specific superposition states where probability

amplitudes correspond to normalized feature
values (Schuld et al, 2020). Angle encoding
parameterizes rotation gates with feature values,
applying operations like RX(68) or RY(6) where
angles 0 correspond to data features (Havlicek et
al,, 2019). Basis encoding maps classical bit strings
to computational basis states through X gates
(Glick et al.,, 2021).

Parameterized quantum circuits implement the
trainable component of QML models (Mitarai et
al, 2019). These circuits contain rotation gates
with adjustable parameters, arranged in layers
alternating between parameterized rotations and
entangling gates (Sim et al,, 2019). A typical layer
structure applies RY(8) rotations to each qubit
with parameters 6 drawn from a parameter
vector, then applies CNOT gates creating
entanglement between adjacent qubits (Benedetti
et al, 2019). Circuit depth, layer count, and
connectivity patterns vary across
implementations depending on available
hardware and problem requirements (McClean et
al.,, 2023).

Measurement operations collapse quantum states
to classical bit strings, providing data for loss
function evaluation (Bergholm et al, 2022).
Computational basis measurements project each
qubit to 0 or 1, producing bit strings whose
frequencies over multiple circuit executions
approximate probability distributions encoded in
quantum states (Temme et al., 2023). Expectation
value measurements compute expected values of
observable operators like Pauli-Z operators,
requiring multiple shots and post-processing of
measurement outcomes (Cerezo et al., 2021).

Classical optimization loops adjust quantum
circuit parameters to minimize loss functions
defined on measurement outcomes (Benedetti et
al, 2019). Gradient-based optimizers including
Adam, RMSprop, and stochastic gradient descent
use parameter gradients to update values
iteratively (Kingma & Ba, 2019). Computing
gradients of quantum circuits employs techniques
like parameter shift rules that estimate gradients
through circuit evaluations at shifted parameter
values (Schuld et al, 2019). Each gradient
estimation requires multiple quantum circuit
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executions, increasing total quantum processor
time (Mitarai et al,, 2019).

Gradient-free optimization methods avoid explicit
gradient computation, using techniques like
Nelder-Mead simplex, Powell's method, or
evolutionary algorithms (Nakanishi et al., 2020).
These approaches evaluate loss functions at
various parameter values and adjust parameters
based on comparative performance (Ostaszewski
et al,, 2021). Gradient-free methods often require
more  function evaluations but avoid
complications from noisy gradient estimates on
quantum hardware (Arrasmith et al., 2020).

Communication between classical and quantum
systems introduces latency in hybrid workflows
(Pichler et al, 2020). Cloud-based quantum
computing platforms receive circuit specifications
and parameters from users' classical computers
through internet connections, execute circuits on
quantum processors, and return measurement
results (LaRose et al, 2019). Round-trip
communication times range from 100
milliseconds to several seconds depending on
network conditions and queue waiting times (IBM
Quantum, 2023). Optimization loops requiring
hundreds or thousands of iterations thus
accumulate substantial total runtime even when
individual circuit executions complete in
microseconds (Bharti et al., 2022).

Local quantum computing installations reduce
communication latency by colocating classical
control systems with quantum hardware (Egan et
al, 2021). Research laboratory setups achieve
sub-millisecond classical-quantum
communication  through direct electronic
connections between control computers and
quantum processor systems (Ryan-Anderson et
al., 2021). This configuration enables faster
optimization loops but remains accessible only to
organizations with dedicated quantum hardware
installations (Preskill, 2023).

Batch processing approaches optimize hybrid
workflow efficiency by grouping multiple circuit
evaluations before optimization steps (Kiibler et
al., 2020). Rather than updating parameters after
each circuit execution, batch methods accumulate

gradients or loss values from multiple parameter
sets, then perform optimization updates (Sweke et
al,, 2020). This reduces communication overhead
and improves convergence stability at the cost of
increased quantum processor time per
optimization iteration (Arrasmith et al.,, 2022).

Technical Specifications and Constraints
Quantum machine learning implementations face
multiple technical constraints arising from
current hardware limitations (Preskill, 2023).
Qubit coherence times determine the maximum
duration quantum states can maintain
superposition and  entanglement  before
decoherence degrades information (Kjaergaard et
al, 2020). Superconducting qubit systems
demonstrate T1 relaxation times (the time for
excited states to decay) ranging from 50 to 200
microseconds and T2 dephasing times (the time
coherence persists) from 50 to 150 microseconds
(Arute et al., 2019). Trapped ion systems achieve
longer coherence, with T1 times exceeding one
second and T2 times of several hundred
milliseconds (Bruzewicz et al., 2019).

Gate operation times constrain the circuit
complexity executable within coherence windows
(Krantz et al, 2019). Single-qubit gates on
superconducting systems complete in 10 to 50
nanoseconds, while two-qubit gates require 50 to
300 nanoseconds (McKay et al.,, 2019). Trapped
ion systems use slower gates, with single-qubit
operations taking 1 to 10 microseconds and two-
qubit gates 100 to 500 microseconds (Wright et
al,, 2019). These timing specifications determine
how many gates fit within coherence times;
superconducting systems support thousands of
gate operations before decoherence, while
trapped ions support hundreds of thousands
despite slower individual gates (Linke et al,
2020).

Gate fidelity quantifies how accurately physical
gates match ideal unitary operations (Erhard etal,,
2019). Single-qubit gate fidelities exceed 99.9%
on most platforms, introducing minimal error per
operation (Bluvstein et al., 2021). Two-qubit gates
demonstrate lower fidelities, ranging from 95% to
99.5% depending on platform and gate type (Rol
et al, 2020). Over deep circuits, these errors
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accumulate; a circuit with 100 two-qubit gates at
98% fidelity each maintains overall fidelity of only
0.987100 =~ 13%, severely degrading output
quality (Emerson et al., 2019).

Qubit connectivity patterns limit which qubits can
interact directly through two-qubit gates (Maslov,
2019). IBM's heavy-hexagon topology connects
each qubit to two or three neighbors in a
hexagonal lattice pattern (Chamberland et al,
2020). Google's Sycamore processor uses a similar
grid connectivity where qubits interact only with
nearest neighbors (Arute et al, 2019).
Implementing gates between non-adjacent qubits
requires SWAP gate sequences that move
quantum states through intermediary qubits,
increasing circuit depth and error rates (Zulehner
etal, 2019).

All-to-all connectivity in trapped ion systems
allows any qubit to interact with any other
without SWAP overhead, providing greater
flexibility for circuit implementation (Debnath et
al, 2021). However, gate operations between
distant ions require longer execution times due to
the need to establish laser interactions (Maslov,
2019). This creates trade-offs between
connectivity advantages and gate speed (Pino et
al.,, 2021).

Measurement fidelity describes the accuracy of
distinguishing qubit basis states during readout
(Walter et al, 2019). State preparation and
measurement (SPAM) errors affect both initial
state preparation and final measurements
(Nachman et al, 2020). Typical measurement
fidelities range from 95% to 99.9% depending on
the platform (Ryan-Anderson et al, 2021).
Repeated measurements of the same quantum
state enable error mitigation through majority
voting or statistical filtering, but require
additional circuit executions (Kandala et al,
2019).

Noise characteristics vary across quantum
hardware types (Krantz et al., 2019). Amplitude
damping noise causes excited qubit states to decay
to ground states (Nielsen & Chuang, 2019). Phase
damping introduces random phase shifts without

energy loss (Knill et al., 2020). Depolarizing noise
randomly applies Pauli operators to qubits
(Preskill, 2021). Cross-talk between qubits creates
correlated errors where operations on one qubit
unintentionally affect neighbors (Sarovar &
Proctor, 2020). Environmental coupling
introduces time-varying noise from external
electromagnetic fields, temperature fluctuations,
or cosmic rays (Vepsaldinen et al., 2020).

Error mitigation techniques partially compensate
for hardware noise without full quantum error
correction (Temme et al, 2023). Zero-noise
extrapolation runs circuits at different noise levels
by artificially increasing noise, then extrapolates
results to the zero-noise limit (Giurgica-Tiron et
al,, 2020). Probabilistic error cancellation applies
noisy inverse operations that statistically cancel
hardware errors (Strikis et al.,, 2021). Symmetry
verification exploits problem symmetries to
detect and filter erroneous measurement
outcomes (Bonet-Monroig et al., 2020).

Quantum error correction codes protect quantum
information by encoding logical qubits into
multiple physical qubits, enabling error detection
and correction (Terhal, 2019). The surface code
represents a leading approach requiring
approximately 1000 physical qubits per logical
qubit to achieve useful error suppression (Fowler
et al, 2020). Current quantum processors lack
sufficient qubit counts and fidelities for practical
error correction, restricting QML
implementations to NISQ algorithms that tolerate
moderate error rates (Preskill, 2023).

Calibration requirements constitute another
operational constraint (Rol et al., 2020). Quantum
processors require daily or continuous calibration
procedures to measure and compensate for drift
in gate parameters, qubit frequencies, and control
pulse shapes (Kelly et al., 2019). Calibration
overhead reduces available quantum computing
time and introduces variability in experimental
reproducibility (Proctor et al., 2021).

Table 2 presents comparative technical
specifications across major quantum computing
platforms accessible for QML research as of 2024.
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Table 2: Technical Specifications of Quantum Computing Platforms

Platfor Technolog Qubit T1/T2  Single-Qubit Two-Qubit Connecti Operating
m Count Fidelit i Temp
IBM Supercond @ 127 100- 99.95% 99.3% Heavy- ~15 mK
Quantu ucting 200 / hex
m 80-120
(Eagle)
Google | Supercond | 53 20-80 / 99.9% 99.0% Nearest- | ~20mK
Sycam | ucting 15-60 neighbor
ore
Rigetti = Supercond | 80 40-100  99.8% 97.5% Octagona ~10mK
Aspen | ucting / 30-80 1
IonQ Trapped 25 >10000 ' 99.98% 99.5% All-to-all | Room temp
Aria Ion 00 /

>50000

0
Honey @ Trapped 20 >10000 99.97% 99.6% Linear Room temp
well H1  Ion 00 / chain

>50000

0
Xanad | Photonic 216 N/A N/A N/A Limited Room temp
u
Boreali
s

Note. Specifications reflect publicly reported values as of 2024. T1/T2 values show typical ranges. N/A
indicates not applicable for photonic qubits. Connectivity describes physical qubit interaction topology.

Current Implementation Landscape

The implementation landscape of quantum
machine learning for pattern recognition as of
2024 encompasses multiple platforms, software
frameworks, and deployment models (Bharti et
al, 2022). Cloud-based quantum computing
services provide remote access to quantum
processors through internet interfaces, enabling
researchers  without dedicated quantum
hardware to execute QML algorithms (LaRose et
al.,, 2019).

IBM Quantum Experience offers access to
superconducting quantum processors ranging
from 5 to 127 qubits (IBM Quantum, 2023). Users
submit quantum circuits through Qiskit, an open-
source Python framework for quantum computing
(Aleksandrowicz et al, 2019). Qiskit includes
machine learning modules providing
implementations of variational classifiers,
quantum kernel methods, and quantum neural
network layers (Gacon et al., 2021). Documented

QML pattern recognition studies using IBM
hardware include image classification (Henderson
et al, 2020), text sentiment analysis (Li et al,
2021), and financial fraud detection (Kyriienko et
al, 2021).

Amazon Braket provides access to multiple
quantum hardware types including IonQ trapped
ion systems, Rigetti superconducting processors,
and D-Wave quantum annealers through a unified
interface (AWS, 2023). The PennyLane software
library integrates with Braket, offering
differentiable programming capabilities for
quantum machine learning (Bergholm et al,
2022). PennyLane supports automatic
differentiation of quantum circuits, enabling
gradient-based training with standard machine
learning optimization libraries (Killoran et al,
2019).

Google Quantum Al offers limited external access
to Sycamore processors through research
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partnerships (Google Al Quantum, 2020). The Cirq
framework developed by Google provides circuit
construction and  simulation capabilities
(Developers, 2023). TensorFlow Quantum
extends Cirq with machine learning integration,
allowing quantum circuits to operate as layers
within TensorFlow neural network models
(Broughton et al., 2020).

Microsoft Azure Quantum aggregates multiple
quantum hardware providers including IonQ,
Honeywell, and Quantinuum (Microsoft, 2023).
The Q# programming language and Quantum
Development Kit provide development tools for
quantum algorithms (Svore et al., 2019). Azure
Quantum's resource estimation tools help
developers assess qubit and gate requirements for
QML implementations before hardware execution
(Gheorghiu, 2020).

Open-source software frameworks enable QML
algorithm development and testing through
classical simulation before quantum hardware
deployment (LaRose, 2019). Qiskit's Aer simulator
provides state vector simulation for circuits up to
approximately 30 qubits on high-memory
classical computers (Aleksandrowicz et al.,, 2019).
Noise  models simulate realistic error
characteristics of quantum hardware, enabling
algorithm validation under realistic conditions
(Ceroni etal., 2021).

PennyLane integrates with multiple quantum
hardware backends and classical machine
learning  frameworks including  PyTorch,
TensorFlow, and JAX (Bergholm et al., 2022). This
flexibility allows developers to prototype QML
models with classical simulation, then deploy
identical code to quantum hardware with minimal
modifications (Killoran et al., 2019). PennyLane's
plugin architecture supports IBM Quantum,
Amazon Braket, Google Cirqg, and other platforms
through standardized interfaces (Schuld et al,
2019).

Strawberry Fields specializes in photonic
quantum computing, providing programming
tools for Xanadu's photonic processors (Killoran
et al, 2019). This framework focuses on
continuous-variable quantum computing rather

than the discrete qubit model wused by
superconducting and ion trap systems (Bromley et
al., 2020). Pattern recognition applications using
photonic systems remain less documented than
qubit-based approaches (Steinbrecher et al,
2019).

D-Wave's Ocean software development Kkit
provides tools for quantum annealing applications
including quantum  Boltzmann  machines
(McGeoch, 2020). While quantum annealing
differs fundamentally from gate-based quantum
computing, D-Wave systems find application in
sampling-based machine learning and
optimization (Benedetti et al., 2019). Documented
pattern recognition implementations include
image segmentation (Arthur & Date, 2021) and
anomaly detection (Mott et al., 2020).

Research collaborations between academic
institutions and quantum hardware providers
have produced numerous QML implementations
(Bharti et al., 2022). Universities including MIT,
Oxford, University of Toronto, and University of
Waterloo maintain partnerships with quantum
computing companies, providing students and
researchers with hardware access (Preskill,
2023). Industry research laboratories at IBM
Research, Google Research, Microsoft Research,
and Amazon Web Services actively investigate
QML applications (McClean et al., 2023).

Quantum computing startups including Rigetti
Computing, lonQ, Pasqal, and Atom Computing
develop both hardware platforms and software
tools for quantum machine learning (Gibney,
2022). These organizations focus on improving
hardware specifications, expanding qubit counts,
and reducing error rates to enable more
sophisticated QML implementations (Altman et
al,, 2021).

Government research programs fund quantum
machine learning research across multiple
countries (Spirtes, 2020). The United States
National Quantum Initiative allocates funding for
quantum information science including machine
learning applications (Office of Science and
Technology Policy, 2023). The European Quantum
Flagship program supports QML research across
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European Union member states (Acin etal., 2020).
China's national quantum programs invest
substantially in quantum computing research with
documented QML projects (Rarity, 2021). These
programs produce published implementations,
experimental results, and technical
characterizations contributing to the QML
knowledge base (Bharti et al., 2022).

DISCUSSION

This descriptive investigation has systematically
characterized quantum machine learning systems
configured for pattern recognition applications.
The documentation reveals specific architectural
patterns, technical constraints, and
implementation approaches that define the
current state of QML research and development.
The field exhibits a hybrid quantum-classical
structure where quantum processors handle
specialized computational subroutines while
classical systems manage data preprocessing,
parameter optimization, and result post-
processing (Benedetti et al., 2019).

Architectural diversity characterizes QML
implementations, with variational quantum
algorithms, quantum kernel methods, and

quantum neural networks representing distinct
design approaches (Cerezo et al, 2021). Each
architecture type demonstrates particular
characteristics regarding qubit requirements,
circuit depth, parameter counts, and training
methodologies. Variational quantum circuits
dominate documented implementations, likely
reflecting their compatibility with NISQ hardware
limitations (McClean et al, 2023). Quantum
convolutional networks appear less frequently,
possibly due to their deeper circuit requirements
exceeding coherence constraints on current
processors (Hur et al,, 2022).

Pattern recognition applications documented in
QML  literature concentrate on  image
classification, particularly using the MNIST digit
dataset (Mari et al., 2020). This concentration may
indicate that MNIST provides a standardized
benchmark enabling performance comparisons
across implementations, or alternatively that
image data admits straightforward encoding into

quantum states compared to other data modalities
(Henderson et al, 2020). Natural language
processing and speech recognition appear less
frequently, suggesting greater -challenges in
representing linguistic or audio data within
quantum frameworks (Meichanetzidis et al,
2020).

Performance characteristics of implemented QML
pattern recognition systems generally fall below
classical machine learning baselines when applied
to identical tasks (Huang et al, 2021).
Documented QML classifiers achieve accuracies
ranging from 68% to 92% on simplified pattern
recognition problems, while classical approaches
on the same problems demonstrate 95% to 99%
accuracy (Acampora & Vitiello, 2021). This
performance gap likely reflects current hardware
limitations including restricted qubit counts,
limited circuit depths, and accumulated gate
errors rather than fundamental QML algorithmic
limitations (Bharti et al.,, 2022).

Hardware constraints significantly shape QML
implementations (Preskill, 2023). Limited qubit
counts restrict the dimensionality of data directly
processable on quantum systems, necessitating
classical dimensionality reduction that may
discard information relevant for pattern
recognition (Havlicek et al., 2019). Coherence
times and gate fidelities constrain circuit
complexity, limiting the representational capacity
of quantum models (Cerezo et al., 2021). Qubit
connectivity patterns influence circuit
compilation, with limited connectivity requiring
additional SWAP gates that increase depth and
errors (Zulehner et al., 2019).

Platform diversity introduces variability in QML
implementation characteristics (Kjaergaard et al,,
2020). Superconducting systems offer larger qubit
counts but shorter coherence times and limited
connectivity (Arute et al, 2019). Trapped ion
platforms provide longer coherence and all-to-all
connectivity but smaller qubit counts and slower
gate operations (Bruzewicz et al, 2019). These
platform differences create distinct trade-offs
affecting  which QML architectures and
applications are feasible on each system type
(Linke et al.,, 2020).
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Software ecosystem development supports QML
implementation accessibility (LaRose et al., 2019).
Multiple open-source frameworks provide tools
for circuit construction, simulation, and execution
across different hardware platforms (Bergholm et
al, 2022). Cloud-based access models lower
barriers to quantum computing experimentation,
enabling researchers without dedicated quantum
hardware to implement and test QML algorithms
(IBM Quantum, 2023). However, cloud access
introduces communication latency that extends
training times for optimization-based QML
approaches (Pichler et al.,, 2020).

Hybrid workflow structures reflect pragmatic
accommodation of current hardware realities
(Bharti et al, 2022). Classical preprocessing
reduces data dimensions to match available qubit
counts (Schuld & Petruccione, 2021). Classical
optimization loops tune quantum circuit
parameters because gradient computation on
quantum hardware remains challenging and
resource-intensive (Mitarai et al., 2019). Classical
post-processing interprets measurement
outcomes and evaluates loss functions (Benedetti
et al,, 2019). This extensive classical involvement
raises questions about which performance
improvements, if any, can be attributed to
quantum components versus classical elements
(McClean et al., 2023).

Documentation patterns in QML literature suggest
concentration on proof-of-concept
demonstrations  rather  than  production
deployments (Huang et al, 2021). Published
implementations typically address simplified
versions of pattern recognition problems using
reduced datasets, downsampled images, or
limited class counts (Henderson et al., 2020). Full-
scale applications matching classical machine
learning problem sizes remain absent from

current literature, likely due to hardware
constraints (Preskill, 2023). This focus on
demonstrations provides valuable technical

characterization of QML approaches but limits
insight into scalability and practical utility (Bharti
etal, 2022).

Research concentration within
institutions and organizations

specific
shapes the

implementation landscape (Gibney, 2022).
Academic institutions with quantum hardware
access or industry partnerships contribute
disproportionately to published QML
implementations (Bharti et al., 2022). Geographic
distribution shows concentration in North
America, Europe, and China, corresponding to
regions with substantial quantum computing
investments (Rarity, 2021). This geographic and
institutional concentration may introduce biases
in which problems, approaches, and platforms
receive research attention (Spirtes, 2020).

Standardization appears limited across the QML
field (LaRose, 2019). Different research groups
use varied encoding schemes, circuit
architectures, optimization methods, and
performance metrics, complicating cross-study
comparisons (Cerezo et al.,, 2021). The absence of
established benchmark suites or evaluation
protocols specific to QML differs from classical
machine learning, where standard datasets and
evaluation practices enable systematic
performance assessment (Huangetal., 2021). This
lack of standardization may slow knowledge
accumulation and hinder identification of best
practices (McClean et al., 2023).

The descriptive documentation provided in this
study reveals a field in early development stages,
characterized by diverse experimentation across
architectures, platforms, and applications (Bharti
et al., 2022). Hardware limitations substantially
constrain what QML implementations can
currently achieve, requiring simplified problem
formulations and extensive classical assistance
(Preskill, 2023). Software tools and cloud access
democratize QML experimentation, while
research  concentration in  well-resourced
institutions shapes the implementation landscape
(Gibney, 2022). Pattern recognition applications
focus on standard benchmarks like MNIST, with
performance  generally trailing classical
approaches on equivalent problems (Huang et al,,
2021).

CONCLUSION

This descriptive study has systematically
characterized quantum machine learning systems
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configured for pattern recognition applications.
The investigation documented architectural
structures including variational quantum circuits,
quantum convolutional networks, quantum kernel
methods, and quantum autoencoders. Technical
specifications of quantum computing platforms
including superconducting qubits, trapped ions,
and photonic systems were described, detailing
coherence times, gate fidelities, connectivity
patterns, and operational constraints. Pattern
recognition  applications  spanning image
classification, natural language processing, speech
recognition, and anomaly detection were
cataloged with their implementation
characteristics. Hybrid quantum-classical
workflows integrating quantum processors with
classical data  preprocessing,  parameter
optimization, and result post-processing were
delineated.

The characterization reveals several defining
features of contemporary QML implementations.
First, architectural diversity exists across different
QML approaches, each demonstrating particular
qubit requirements, circuit depths, and training
methodologies. Second, hardware constraints
including limited qubit counts, restricted
coherence times, and imperfect gate operations
substantially shape what QML systems can
currently accomplish. Third, pattern recognition
applications concentrate on simplified problem
versions using reduced datasets and dimensions,
with performance generally below classical
machine learning baselines. Fourth, hybrid
workflows partition computational
responsibilities between quantum and classical
systems, reflecting pragmatic accommodation of
current technological limitations. Fifth, software
frameworks and cloud computing platforms
enable widespread experimentation despite
limited quantum hardware availability.

Platform characteristics differentiate = QML
implementations across superconducting,
trapped ion, and photonic quantum computers.
Superconducting systems provide larger qubit
counts but shorter coherence times and nearest-
neighbor connectivity. Trapped ion platforms
offer longer coherence, higher gate fidelities, and
all-to-all connectivity but smaller qubit counts and

slower operations. Photonic systems operate at
room temperature but face different technical
challenges regarding photon generation and
detection. These platform differences create
distinct suitability profiles for various QML
architectures and applications.

The documentation of  current QML
implementations provides researchers with
systematic understanding of the field's present
configuration. This characterization establishes a
descriptive foundation for comparing different
QML approaches, identifying technical limitations
requiring  hardware  improvements, and
recognizing gaps in application coverage. The
detailed specifications of quantum platforms,
circuit architectures, and hybrid workflows
inform decisions about algorithm design, platform
selection, and implementation strategies for
pattern recognition tasks.

Limitations of this descriptive study include
restriction to documented implementations
appearing in accessible literature. QML research
conducted within private organizations or
classified programs remains uncharacterized. The
rapid evolution of quantum hardware means
technical specifications documented here will
become outdated as improved platforms emerge.
Geographic and institutional concentration in
QML research may bias the documented
implementation landscape toward approaches
favored by well-resourced research groups. The
focus on pattern recognition applications excludes
QML developments in other domains like
optimization or simulation.

Future  descriptive  investigations  might
characterize emerging QML architectures as
hardware capabilities expand, document
implementations on novel quantum computing
platforms including neutral atoms or silicon spin
qubits, catalog QML applications in additional
pattern recognition domains such as video
analysis or multimodal data processing, and
describe error mitigation and correction
techniques as they become integrated into QML
workflows. Longitudinal descriptive studies
tracking how QML implementations evolve
alongside hardware improvements would provide
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valuable documentation of field development.
Comparative characterizations across different
geographic regions or research communities
could reveal how local factors influence QML
research directions.

This systematic characterization of quantum
machine learning for pattern recognition provides
the academic community with detailed
documentation of current system architectures,
technical specifications, application domains, and
implementation patterns. The descriptive
foundation established here supports informed
understanding of what QML systems currently
comprise, how they operate, and what technical
characteristics define their present configuration.
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