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Abstract

The convergence of quantum computing and neuromorphic engineering pro-
vides an important context for addressing the energy efficiency bottlenecks of
classical deep learning and the noise constraints of Noisy Intermediate-Scale
Quantum (NISQ) devices. Quantum Spiking Neural Networks (QSNNs),
which integrate the biological plausibility of Spiking Neural Networks (SNNs)
with the high-dimensional state space of quantum systems, have emerged as a
promising paradigm for quantum-neuromorphic learning. However, the field
faces significant theoretical and algorithmic challenges, primarily the “encod-
ing mismatch” between discrete spikes and continuous quantum states, and
the “double non-differentiability” arising from spiking dynamics and quantum
measurements.

This paper provides a comprehensive survey of QSNNs from an algorith-
mic and architectural perspective. First, we establish a conceptual homol-
ogy linking the integrate-and-fire mechanism of biological neurons to unitary
quantum evolution and measurement-induced collapse. Second, we systemat-
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ically categorize existing quantum neuron models (e.g., measurement-driven,
continuous evolution, and variational models). Third, we analyze exist-
ing training methodologies, synthesizing the divergent paths of evolution-
ary search and gradient-based tuning. Based on this literature synthesis, we
identify a conceptual “Hybrid Co-Optimization Paradigm” as an important
future research direction to mitigate the “barren plateau” problem. Finally,
we review benchmarks spanning from classical imaging to emerging 2026 ap-
plications in genomics and 5G networks. Our analysis suggests an emerging
shift towards hybrid architectures, indicating that bio-mimetic mechanisms
(e.g., unmeasured qubit memory) may offer useful computational pathways
for complex temporal tasks, although empirical quantum advantage over clas-
sical baselines remains an open challenge. We conclude by identifying crit-
ical hardware challenges, notably the “readout bettleneck,” to guide future
research toward hybrid neuro-quantum co-design.

Keywords: Quantum Spiking Neural Networks (QSNN), Neuromorphic
Computing, Evolutionary Algorithms, Quantum Neural Architecture
Search, Hybrid Learning

1. Introduction

1.1. Motivation: The Double Crisis and the Hybrid Pivot

The trajectory of modern artificial intelligence is currently constrained by
two converging crises. On the classical front, deep learning faces an unsus-
tainable “Energy Wall.” As transistor scaling approaches the physical limits
of Moore’s Law, the energy consumption of large-scale models (e.g., LLMs)
has grown exponentially, with training costs often exceeding gigawatt-hours
and raising significant sustainability concerns [1, 2, 3, 4]. The von Neumann
architecture, characterized by the separation of processing and memory units,
imposes a significant latency and energy penalty known as the von Neumann
bottleneck, driving the urgent need for alternative neuromorphic substrates
[5, 6, 7]. This urgency has catalyzed a renaissance in classical neuromorphic
hardware design, with foundational reviews highlighting the success of large-
scale spiking platforms such as SpiNNaker, Intel Loihi, and the Tianjic chip
[8, 9, 10, 11, 12]. Moreover, comprehensive surveys from 2024 to 2025 un-
derscore a mature transition in the field, expanding from these foundational
hardware architectures to advanced neuromorphic algorithm-hardware co-
design and edge intelligence deployment [13, 14, 15].
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Simultaneously, Quantum Computing (QC) has entered the Noisy Inter-
mediate-Scale Quantum (NISQ) era [16, 17, 18]. While quantum processors
promise exponential speedups via superposition and entanglement, they are
plagued by short coherence times and high gate error rates. Traditional
Variational Quantum Neural Networks (QNNs) require deep parameterized
circuits to maintain sufficient expressivity [19, 20, 21|, which invariably leads
to severe signal degradation and the notorious “barren plateau” phenomenon,
where gradients vanish exponentially with system size [22, 23].

In this context, recent perspectives advocate shifting from rigid quantum
error correction to “engineered noise,” drawing inspiration from the biological
brain’s ability to compute robustly in warm, noisy environments [24]. Spik-
ing Neural Networks (SNNs)—the third generation of neural networks—offer
an energy-aware computational model |25, 11]. By mimicking the brain’s
event-driven, sparse communication, SNNs can reduce energy consumption in
suitable neuromorphic implementations. Quantum Spiking Neural Net-
works (QSNNSs) emerge as a hybrid paradigm for exploring this double
challenge: leveraging the high-dimensional state space of quantum mechan-
ics to enrich the representational capacity of classical SNNs, while utilizing
the event-driven sparsity and noise-aware design principles of neuromorphic
computing to investigate more robust learning mechanisms under NISQ con-
straints, as illustrated in the convergence map in Figure 1.

Recent studies also suggest a gradual shift toward hybrid QSNN architec-
tures. Rather than being limited to early proof-of-concept demonstrations or
simple digit-classification tasks, recent work has begun to explore more spe-
cialized application settings, including genomic analysis and 5G resource al-
location. In these studies, classical feature extraction, quantum kernels, and
spiking or neuromorphic components are often combined to address data-
scarce, noisy, or temporally structured tasks. This survey, therefore, focuses
on near-term neuro-quantum co-design as a pragmatic research direction,
while avoiding premature claims of quantum supremacy or general-purpose
quantum advantage.

1.2. Implementation Paradigms: Digital vs. Analog

While broadly defined as integrating quantum evolution with spiking dy-
namics, QSNNs can be physically realized through two distinct paradigms,
as categorized by Markovi¢ and Grollier [26]:

e Digital QSNNs (Gate-Based): Rely on discretized unitary opera-
tions (U(0)) in parametrized circuits. This approach, akin to digital

3
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Figure 1: Conceptual overview of Quantum Spiking Neural Networks (QSNNs).
The figure illustrates QSNNs as an emerging intersection between neuromorphic comput-
ing and NISQ-era quantum computing. The neuromorphic side emphasizes bio-plausible
dynamics, event-driven sparsity, and energy-aware computation, whereas the quantum
side highlights superposition, entanglement, and high-dimensional state-space represen-
tations. This convergence motivates noise-aware quantum-neuromorphic learning under
current hardware and algorithmic constraints.
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neuromorphic chips (e.g., TrueNorth), offers universality but requires
error correction and handles information through gate sequences [26].
e Analog QSNNs (Dynamics-Based): Exploit the natural time-evo-
lution of quantum Hamiltonians (e.g., quantum annealers or oscillator
assemblies) to mimic neuronal integration directly. Here, the Hamil-
tonian H naturally maps to the recurrent connectivity of biological
networks, offering a pathway to Quantum Reservoir Computing where
dynamics are used for computation without deep gate sequences [26].

This survey primarily focuses on the Digital/Variational approach while
acknowledging the physical foundations of the Analog paradigm.

1.3. Core Challenges: The Problem Statement
Despite the theoretical promise, the realization of QSNNs is hindered by
two fundamental obstacles:

e The Encoding Mismatch: Classical SNNs rely on discrete, time-
dependent spikes s(t) € {0,1}, whereas quantum computation oper-
ates on continuous complex probability amplitudes in Hilbert space
(Jv) € (CQN). Mapping the asynchronous, discrete nature of spikes to
the synchronous, unitary evolution of quantum circuits requires novel
transcoding protocols [27].

e The Double Non-differentiability: Optimization faces a compound-
ed gradient problem. First, the spike generation function (Heaviside
step) is non-differentiable. Second, the quantum measurement pro-
cess (Born rule) induces a stochastic collapse that breaks the chain of
derivatives needed for backpropagation. This paper addresses how to
navigate this “derivative-free” landscape using hybrid evolutionary and
surrogate gradient strategies.

1.4. Roadmap of This Survey

The remainder of this survey is structured to guide the reader from theo-
retical foundations to practical algorithmic implementations and future chal-
lenges.

Section 2 establishes the fundamental conceptual homology between the
biological Leaky Integrate-and-Fire (LIF) mechanism and quantum unitary
evolution, addressing the critical “Encoding Mismatch” problem.

Section 3 provides a systematic taxonomy of existing quantum neuron
models, categorizing them into Measurement-Driven, Continuous Evolution,
and Variational paradigms.
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Section 4 analyzes existing learning strategies, contrasting gradient-
based surrogate methods with evolutionary approaches, and highlights the
fundamental trade-offs inherent in current NISQ-era optimizations.

Section 5 reviews performance benchmarks, explicitly highlighting the
shift from standard image classification (e.g., MNIST) to emerging tem-
poral applications in genomics, fraud detection, and 5G resource
allocation.

Finally, Section 6 identifies critical physical implementation bottlenecks,
specifically the “Readout Bottleneck.” Building upon our literature synthesis,
this section also outlines future directions for Neuro-Quantum Co-Design,
projecting a conceptual Hybrid Co-Optimization Paradigm as a theoretical
blueprint for bridging discrete structural search and continuous parameter
tuning, followed by the conclusion in Section 7.

2. Theoretical Framework

To conceptually ground the feasibility of Quantum Spiking Neural Net-
works (QSNNs), we must first establish a theoretical link between the dissi-
pative dynamics of biological neurons and the unitary evolution of quantum
systems. In this section, we formulate a Conceptual Homology that maps
the membrane potential integration of a Leaky Integrate-and-Fire (LIF) neu-
ron to the rotation of a qubit state vector.

2.1. Quantum-Classical Mapping: A Conceptual Homology
2.1.1. Classical Dynamics: The Dissipative Regime

The sub-threshold behavior of a biological neuron is standardly modeled
by the Leaky Integrate-and-Fire (LIF) formalism. The evolution of the mem-
brane potential u(t) is governed by the first-order linear differential equation:

- du(t)
dt

where 7, is the membrane time constant, w,.s is the resting potential, and
I(t) is the synaptic input current. For numerical implementation on discrete
neuromorphic hardware, this equation is solved via the Euler method. Let-
ting At be the simulation time step and assuming u,.;; = 0 for simplicity,
the discrete update rule is derived as:

= —(u(t) — Urest) + RI(1) (1)

ult] = (1 _ %’f) uft— 1]+ R—itl[t] @)
——
«a x[t]
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Here, v € (0,1) represents the leakage decay factor, and xz[t] denotes the
integrated input current at step t. The neuron essentially functions as a
recursive accumulator with a forgetting mechanism.

2.1.2. Quantum Dynamics: The Unitary Regime
In the quantum domain, the evolution of a coherent state vector |¢)(t)) is
governed by the time-dependent Schrédinger equation [28]:

L, 0 A
tho [0(1)) = Ht)[H(2)) (3)

where H (t) is the Hamiltonian operator encoding the system’s energy. The
formal solution for a discrete time interval At (assuming a time-independent
Hamiltonian H over the step) is described by the unitary evolution operator

U(At):
HAt

[P(1) = e |t~ 1)) (4)

2.1.3. Establishing the Conceptual Homology

The core theoretical challenge lies in mapping the linear, non-unitary
integration of Eq. (2) to the unitary rotation of a qubit. We propose an
Angle-Encoding Homology, as conceptually illustrated in Figure 2. Con-
sider a single qubit state parametrized by polar angles (¢, ) on the Bloch

sphere:
(o) < con (252 ) o)+ e (U0 ) 1) 5)

We define the mapping ¥(t) o< u(t), identifying the membrane potential with
the rotation angle of the qubit (distinct from trainable circuit parameters
). Let the input data z[t] be encoded into the Hamiltonian via a Pauli-

Y rotation generator, such tha = —0y. The unitary operator then

becomes a rotation gate R,(z[t]). Applying this to the state at time ¢ — 1:
[0(t)) = Ry(z[t]) |t — 1)) = 9(t) = 9(t — 1) + =[t] (6)

Comparing Eq. (6) with the classical Eq. (2), we identify the structural
correspondence and the divergence:

e Integration Term (Homology): The accumulation of the rotation
angle ¢ in the quantum domain (J(t) = ¥(t—1)+=[t]) is mathematically
homologous to the integration of input current in the classical domain.

7
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(a) Biological Neuron (LIF) (b) Quantum Neuron (VQC)
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Figure 2: Conceptual Homology between Biological and Quantum Neurons. (a)
Biological LIF Neuron dynamics, where information is encoded in the membrane potential
u(t) (blue curve). The neuron integrates input current until crossing the threshold ¥,
triggering a spike (red). (b) Quantum VQC Neuron dynamics, where information is
encoded in the rotation angle ¢ of the qubit state |¢)) on the Bloch Sphere. The unitary
operator Ry(x;) accumulates input data into the phase. The “Spike” corresponds to a
projective measurement collapsing the state to |1) with probability P(1) = sin?(9/2).

e Leakage Term (The Mismatch): The classical decay factor o < 1
inherently violates the umitarity condition (UTU = I), as quantum
operations must preserve the norm (energy conservation).

To address this “Dissipation-Unitary Gap,” modern QSNN architectures
typically adopt a Learned Re-uploading strategy, where the parameters
of the Variational Quantum Circuit (VQC) are trained to approximate the
decay dynamics through non-linear feature mapping layers. Alternatively,
theoretical frameworks based on open quantum systems propose utilizing
controlled dissipation and environment interactions not as errors, but as
computational resources for implementing non-linear activation and forget-
ting mechanisms [24]. Thus, the quantum neuron can be characterized here
as a Unitary Integrator with Measurement-Induced Non-linearity,
providing a conceptual basis for investigating how classical accumulators may
be represented through quantum Hilbert space evolution.
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2.1.4. Limitations of the Mapping: Stochasticity vs. Measurement Collapse

While the angle-encoding homology provides a useful intuitive bridge, it
is crucial to emphasize that this mapping is a conceptual analogy rather
than a rigorous mathematical isomorphism. The transition from clas-
sical membrane potential to quantum probability amplitude entails funda-
mental physical divergences that limit direct equivalence:

e Nature of Stochasticity: In a biological LIF neuron, firing is gen-
erally deterministic upon reaching the threshold ¢, though biologi-
cal noise (e.g., ion channel fluctuations) can introduce stochasticity.
Conversely, the “spike” in a quantum neuron is governed by Born’s
rule. A measurement collapses the state [¢) to |1) with probability
P(1) = sin*(¥/2). This stochasticity is not noise, but an intrinsic,
unavoidable feature of quantum mechanics.

e The Reset Mechanism and State Destruction: A biological neu-
ron resets its potential (u(tT) = wu,.q) after spiking, but the physical
substrate (the cell) remains intact to continue integrating input. In con-
trast, a projective quantum measurement is fundamentally destructive.
Once measured, the superposition is irreversibly collapsed. To evalu-
ate temporal inputs continuously, the quantum state must either be
repeatedly re-prepared (incurring substantial overhead) or necessitate
advanced non-destructive measurement techniques (such as utilizing
ancilla qubits), which adds hardware and control complexity.

Consequently, formalizing a strict isomorphism remains an open theoretical
problem. Current variational models address this limitation by utilizing the
homology purely as an architectural inspiration rather than a strict physical
translation.

2.2. Encoding Strategies: Bridging the Discrete-Continuous Gap

The efficacy of a QSNN is heavily dependent on how classical temporal
data is mapped onto the quantum state. As highlighted in foundational QML
reviews, the process of uploading classical data into the quantum Hilbert
space remains a critical bottleneck that dictates the overall computational
advantage [29]. Drawing from the framework established by Markovi¢ and
Grollier [26], we categorize encoding strategies based on their physical real-
ization and information density.
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2.2.1. Rate Encoding (Qubit-Based)

In rate encoding, the firing rate r of a presynaptic neuron is mapped to
the rotation angle (probability amplitude) of a single qubit. This corresponds
to the “Qubit Encoding” paradigm in quantum literature [26, 30|. For a
normalized input x € [0, 1], the qubit is prepared in the state:

[¥) = V1 —2(0) + Vz[1) (7)

A measurement in the computational basis yields |1) (a “spike”) with prob-
ability P(1) = x. While robust, this method requires multiple “shots” (re-
peated measurements) to estimate the rate, incurring high latency on NISQ
devices.

2.2.2. Temporal Encoding (Phase-Based)

To exploit the temporal dynamics of SNNs, phase encoding (or Time-to-
First-Spike, TTFS) maps the arrival time of a spike t; to the relative phase
¢ of a qubit. Through a phase-shift gate R.(¢), information is stored in the

superposition: ¢
) = by, 1)) (8)

This approach is more information-dense and bio-plausible. In the classical
neuromorphic domain, strict temporal coding has demonstrated extreme en-
ergy efficiency, achieving high-accuracy image classification with as few as
two spikes per neuron [31]. Translating this sparse temporal efficiency into
the quantum regime allows the network to compute with complex numbers,
but it requires precise control over quantum coherence times.

(|O) + eio(ts)

2.2.3. Theoretical Trade-offs: Capacity vs. Expressivity
Integrating the analysis from Markovi¢ and Grollier [26], we compare the
scalability of these approaches:

e High-Capacity Amplitude Encoding: One could theoretically map
a vector x of size 2V into the amplitudes of N entangled qubits (}_ x;|)).
While offering exponential storage capacity, Markovi¢ et al. note that
this method suffers from two critical bottlenecks for neuromorphic com-
puting: (1) state preparation depth scales exponentially, and (2) uni-
tary evolutions are strictly linear, making it difficult to introduce the
non-linearity required for neural activation without complex measure-
ment schemes [26].

10
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e Expressive Qubit/Product Encoding: Conversely, the Rate En-
coding described in Sec. 2.2.1 (mapping inputs to individual qubit ro-
tations) is less memory-dense but computationally superior. The tensor
product structure of the state space naturally generates an exponential
number of non-linear basis functions [26]. This property is crucial for
Variational Quantum Neurons, as it allows the network to approximate
complex functions with shallower circuits compared to pure amplitude
encoding.

3. Taxonomy of Quantum Neuron Models

The design space of quantum neurons is vast. While broader surveys on
Quantum Machine Learning (QML) have extensively mapped the landscape
of classical-quantum hybrid optimization and theoretical scaling limits (e.g.,
Biamonte et al. [27]|, Cerezo et al. [32]), the specific intersection of QML
with asynchronous, event-driven spiking dynamics requires a dedicated ar-
chitectural analysis. Based on how non-linearity—the essential ingredient
for neural computation—is introduced into the linear framework of quan-
tum mechanics [33, 34|, we categorize existing literature into three distinct
streams (see Table 1).

3.1. Measurement-Driven Models

Pioneered by Tacchino et al. [35], this class of models mimics the bio-
logical threshold mechanism directly via the measurement collapse pos-
tulate. In this framework, the perceptron’s integration is unitary, but the
activation is triggered by a projective measurement. If the qubit is measured
in state |1), a spike is propagated; otherwise, the system is reset.

e Pros: This directly emulates the stochastic nature of biological ion
channels and is relatively easy to implement on hardware.

e (Cons: Measurement is destructive. It destroys the quantum superpo-
sition (coherence), preventing information from propagating deep into
a multi-layer network without complex re-encoding schemes.

3.2. Continuous Evolution and Continuous- Variable (C'V) Models

Approaches like those based on Quantum Random Walks or Hamil-
tonian simulation attempt to keep the dynamics entirely unitary, where in-
formation propagates as a wave packet on a graph [38§].

11
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A prominent, highly scalable extension of this paradigm is the Continuous-
Variable Quantum Neural Network (CV-QNN). Pioneered by Killo-
ran et al. [37], CV-QNNs operate on the continuous phase space of quan-
tum modes (qumodes) rather than discrete two-state qubits. By utilizing
photonic quantum computing architectures—specifically Gaussian op-
erations (e.g., squeezing, displacement) intermixed with non-Gaussian gates
(e.g., the Kerr effect)—CV-QNNs physically realize the non-linear activation
functions necessary for deep learning natively within the optical substrate.

e Pros: CV-QNNs and analog photonic neuromorphic systems naturally
support high-bandwidth information processing and can intrinsically
implement complex non-linearities without the destructive measure-
ment collapse required in gate-based qubit models.

e (ons: Physical implementation heavily relies on advanced optical se-
tups, and executing highly deterministic non-Gaussian gates with high
fidelity remains a significant hardware challenge for scaling.

3.3. Quantum Reservoir Models and Analog Neuromorphic Systems

A related direction in neuromorphic and quantum learning literature is
Quantum Reservoir Computing (QRC), originally introduced by Fujii
and Nakajima [39]. QRC provides an analog and dynamical alternative to
fully gate-based variational quantum models. Instead of optimizing many
internal circuit parameters, QRC exploits the transient dynamics of a quan-
tum system as a fixed or weakly tunable reservoir, while learning is usually
concentrated in a classical readout layer. In this setting, temporal inputs
are mapped into a high-dimensional quantum state space, where the result-
ing reservoir states may provide useful features for downstream prediction or
classification tasks.

e Mechanism: The quantum substrate evolves under a fixed or externally
driven Hamiltonian H. Representative implementations and proposals
include nuclear magnetic resonance (NMR) spin ensembles [39], dynam-
ically driven superconducting resonators [26], and quantum dot arrays
[42, 43]. Related analog and physical-computing approaches have also
been explored in photonic and Ising-machine-based systems, including
Coherent Ising Machines (CIMs) for sampling and training spiking-
based Deep Belief Networks [44]. Because the internal dynamics are
mainly determined by the physical substrate, QRC can reduce the need
for deep parameterized quantum circuits and repeated gradient-based

13
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optimization. This makes it a potentially relevant model class un-
der NISQ-era constraints, although the actual advantage depends on
hardware noise, input encoding, measurement cost, and task-specific
benchmarking.

e Relevance to SNNs: QRC is conceptually close to recurrent spiking
systems, liquid-state machines, and reservoir-based neuromorphic mod-
els. These systems all rely on rich internal dynamics, fading memory,
and nonlinear temporal responses to encode time-dependent signals.
For QSNNs, QRC therefore suggests a possible route for processing
spike trains, event streams, and other temporal data without requiring
all internal quantum dynamics to be directly trained. However, cur-
rent QRC-based approaches remain limited by noise sensitivity, input—
output overhead, hardware-specific reservoir dynamics, and the lack of
standardized benchmarks against classical reservoirs, SNNs, and vari-
ational quantum baselines.

3.4. Variational Models (The Focus of This Work)

The third and most promising category utilizes Variational Quantum
Circuits (VQCs) or Parameterized Quantum Circuits (PQCs) to approxi-
mate neuronal behavior. Here, the “synaptic weights” are the rotation angles
6 of quantum gates (e.g., R.(0),CNOT).

e Mechanism: The non-linearity is often induced effectively by “data re-
uploading” strategies or by measuring only a subset of qubits (ancilla)
while keeping the data qubits coherent.

e Relevance: This model is particularly amenable to hybrid training. As
we will discuss in Section 4, VQC-based neurons provide a differentiable
(via parameter shift) substrate that supports both evolutionary search
for topology (EQNAS) and gradient descent for parameter tuning.

4. Learning Algorithms and Optimization Strategies

4.1. Gradient-Based Adaptation: Overcoming the Non-Differentiability Con-
straint

The fundamental optimization challenge in training Spiking Neural Net-

works (SNNs)—both classical and quantum—stems from the intrinsic non-

differentiability of the spike generation mechanism. As extensively char-

acterized in recent reviews of neuromorphic hardware and direct-learning

14
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methodologies [45, 46], the Leaky Integrate-and-Fire (LIF) model accumu-
lates membrane potential U(t) continuously, yet the output firing is a discrete
binary event triggered only when U(t) crosses a threshold ¢ [45]. Formally,
this activation is governed by the Heaviside step function:

Sout(t) = H(U(t) — ) (9)

Since the derivative of the Heaviside function is the Dirac Delta function
d(z), the gradient V4L vanishes almost everywhere during backpropagation,
resulting in the notorious “dead neuron” problem that inhibits parameter
updates in deep architectures [47]. In the classical neuromorphic domain,
this fundamental non-differentiability has inspired a wealth of foundational
research into Surrogate Gradient (SG) methodologies and approximate back-
propagation techniques [48, 49, 13, 50, 51|. The quantum adaptation of these
principles forms the basis of modern QSNN training.

To circumvent this blockage in the quantum domain, Andrés et al. (2025)
proposed the Quantum Leaky Integrate-and-Fire (QLIF) model, which refor-
mulates the integration process by replacing classical tensor operations with
a parameterized Variational Quantum Circuit (VQC) [52]. Crucially, to en-
able the optimization of quantum rotation parameters via classical gradient
descent, they adopt a surrogate gradient approach. This methodology ef-
fectively decouples the forward inference dynamics from the backward learn-
ing dynamics: while the forward pass retains the precise, binary spiking
behavior essential for neuromorphic efficiency, the backward pass navigates
a smoothed optimization landscape by substituting the non-differentiable
Heaviside derivative with a continuous proxy (e.g., arctangent). This ensures
that error signals can successfully propagate through the discrete quantum
measurement outcomes to update the VQC ansatz [53]. Building on this
hybrid trajectory, recent frameworks by Saggi et al. [54] have demonstrated
that directly integrating biological LIF spiking mechanisms with variational
quantum ecircuits can significantly enhance feature representation for com-
plex multiclass classification tasks, further solidifying the empirical viability
of VQC-SNN co-design.

4.2. Evolutionary Quantum Architecture Search (EQNAS): From Parame-
ters to Topology

While surrogate gradients facilitate parameter optimization within a fixed
ansatz, they do not address the critical challenge of topology discovery—
specifically, identifying the optimal quantum gate arrangement to maximize
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expressivity while minimizing circuit depth. To address the limitations of
manual ansatz design, Li et al. (2023) introduced Ewvolutionary Quantum
Neural Architecture Search (EQNAS), treating the circuit structure as a dy-
namic, evolving entity [55, 56].

Central to this approach is the novel concept of the “Quantum Chromo-
some,” where the genetic information of the network architecture is encoded
not in classical bits, but in qubits. This methodology resonates with the
foundational “quantum computational neuro-genetic” framework proposed
by Kasabov [57], who early on envisioned the integration of genetic infor-
mation processing principles with quantum probabilities to model complex
biological systems. In this framework, a single gene representing a quantum
gate is maintained in a superposition state:

[¢) = al0) + B]1) (10)

Consequently, a single quantum chromosome of length N implicitly encodes a
probability distribution over the entire search space of 2V architectures. Un-
like classical evolutionary algorithms that must maintain a large population
of discrete instances, this approach leverages quantum implicit paral-
lelism to represent the entire population within a single quantum state,
allowing for a highly efficient exploration of the combinatorial landscape
through probability amplitude manipulation.

The optimization mechanism in EQNAS fundamentally departs from back-
propagation. Instead of computing error gradients, the algorithm iteratively
updates the probability amplitudes of quantum genes using Quantum Ro-
tation Gates. By applying a rotation U(A6) conditioned on the fitness of
collapsed architectures, the system steers the superposition towards high-
performance configurations, effectively bypassing the differentiability con-
straints [58]. Furthermore, to mitigate premature convergence, Li et al. in-
corporated an “Entirety Interference Crossover” strategy. This mechanism
exploits quantum coherence to enable global information exchange, demon-
strating superior robustness against the noise inherent in NISQ devices com-
pared to gradient-based counterparts.

As evidenced by the dichotomy between gradient-based adaptation (Sec-
tion 4.1) and evolutionary search (Section 4.2), neither approach is univer-
sally optimal for NISQ devices. Pure gradient methods suffer from barren
plateaus in random deep circuits, while pure evolutionary methods incur
exponential computational costs. Indeed, the expressivity and trainability
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of deep parameterized quantum circuits have been extensively documented
as a central bottleneck in modern QML, prompting a vast body of litera-
ture dedicated to understanding and mitigating exponential gradient decay
[22, 59, 60, 61, 23|. This fundamental trade-off necessitates a transition to-
wards hybrid optimization strategies, which we will explore theoretically as
a primary future research direction in Section 6.

5. Applications and Benchmarks

Before analyzing the empirical landscape, we must explicitly establish the
limitations of cross-study comparisons. The performance metrics summa-
rized in the subsequent benchmarks (Table 2 and Table 3) are aggregated to
illustrate macro-trends in architectural evolution, not to imply direct al-
gorithmic superiority. Meaningful side-by-side comparisons are currently
confounded by two primary inconsistencies in the literature:

1. Preprocessing Discrepancies: Methods like PCA dimensionality
reduction or heavy down-sampling drastically simplify the learning task
before the data ever reaches the quantum circuit. A model achieving
95% on heavily preprocessed MNIST cannot be directly compared to
one processing raw pixels.

2. Simulation vs. Hardware Reality: The vast majority of reported
“state-of-the-art” results assume ideal, noise-free simulators. As explic-
itly highlighted in Konar et al. [62], moving from simulation to physical
NISQ hardware can result in an accuracy degradation of over 30% due
to gate infidelities and readout errors.

Consequently, the following empirical results should be interpreted strictly
as theoretical capability demonstrations rather than standardized leader-
board metrics.

5.1. Image Classification: Breaking the Dimensionality Curse

Image classification remains the standard “sanity check” for validating
quantum neuromorphic architectures. However, mapping high-dimensional
classical data (e.g., 28 x 28 MNIST pixels) onto the limited qubit space of
NISQ devices presents a severe bottleneck.

Early works, such as the measurement-driven models by Tacchino et al.
[35], utilized aggressive down-sampling techniques (e.g., resizing to 4 x 4) to
fit images onto 2-4 qubits. While demonstrating biological plausibility, these
approaches suffered from significant information loss.
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Table 3: Benchmarks on Temporal and Dynamic Tasks (2024-2026).
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These

studies report potential advantages of hybrid QSNN-related architectures in temporal and
dynamic tasks such as genomics and 5G resource allocation. Note the shift towards bio-
mimetic memory architectures.

Reference Year Task & Dataset Memory & Key Innovation /
Encoding Advantage
Andres [72] 2024 RL for Energy Eff. Mem: Dual-Stage Continual Learning:
(Hypothalamus) Mitigates catastrophic
Enc: Amp. (QSNN) +  forgetting via
Angle (QLSTM) bio-inspired
consolidation.
Chen [73] 2025 DVS Event Streams Mem: Unmeasured Hardware
Qubits (Native) Efficiency:
Enc: Rotation Angle Single-shot stochastic
Ry (9) spiking without
destroying state.
Andres [52] 2025 Fraud Detection Mem: Hybrid Robustness: > 99%
QSNN-QLSTM F1-Score with minimal
Enc: Spike Encoding data; robust to noise.
Abdullayev [74] 2025 Genomics (Splice) Mem: QLSTM + Speedup:
Voxel Modules Quantum-inspired
Enc: Nucleotide backprop updates
Vectors weights 30% faster.
Dhanasree [75] 2026 5G Resource Alloc. Mem: Hierarchical Real-Time: 0.08s

Edge Comp.
Enc: Positional
Encoding

reported latency via
edge-cloud
collaboration; potential
relevance to telecom
scenarios.
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The Evolution of Encoding Strategies

Recent advances have mitigated the information loss problem via increas-
ingly sophisticated embedding strategies, marking an “Encoding Upgrade”
from simple rate coding to dense representations:

e Amplitude Encoding (High Compression): As demonstrated by
Konar et al. [62], this method compresses N features into log, N qubits,
allowing processing of full-resolution inputs (32 x 32). While efficient, it
requires deep state-preparation circuits that are prone to noise, leading
to a performance gap between simulation and hardware (see Table 2).

e Hybrid Scanning (Spatial Locality): Approaches like Quantum
CNNs (QCNN) use a small quantum kernel to scan images in a sliding-
window fashion. This avoids the need for hundreds of qubits while
preserving local spatial correlations [76, 77].

e Novel Enhanced Quantum Representation (NEQR): As a rep-
resentative 2025 hybrid encoding approach, Pandey et al. [66] employ
NEQR to encode position and intensity information simultaneously.
This provides a more expressive alternative to early down-sampling
methods, enabling the handling of complex textures in medical imag-
ing.

The 2025 Hybrid Shift: From Generic Benchmarks to Specialized Hybrids

A critical analysis of the literature from 2024 to 2025 (summarized in Ta-
ble 2) suggests an emerging shift in the field, characterized by three emerging
trends:

1. From General to Specialized Domains: While the 2019-2023 era
focused heavily on generic datasets like MNIST and CIFAR, recent
studies have explored applications in high-stakes, data-scarce domains.
Notable examples include Skin Cancer detection [66], Brain Tumor clas-
sification [70], and Pavement Distress identification [71]. This trajec-
tory directly parallels the evolution of classical SNNs, which are increas-
ingly being deployed in noise-intensive, real-time industrial applications
such as fault diagnosis [78|. This shift indicates that QSNNs are mov-
ing beyond academic toy problems to find their niche in “High-Value,
Low-Sample” scenarios where quantum kernels may offer better gen-
eralization than classical deep learning.

2. The Increasing Use of Hybrid Architectures: Pure end-to-end
quantum models are increasingly giving way to hybrid architectures
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(e.g., Classical Feature Extractor + Quantum Core). As hardware noise
remains a constraint, recent works [66, 68] demonstrate that delegating
high-dimensional feature extraction to classical CNNs and reserving the
quantum circuit for the high-complexity classification kernel may offer
a practical balance between performance and feasibility.

3. Evolutionary Co-Design: To navigate this complex design space,
Evolutionary strategies (EQNAS) [55] have become increasingly rel-
evant. By automatically discovering circuits that balance the trade-
off between gate count (noise depth) and accuracy, evolutionary ap-
proaches are pushing benchmarks from ~ 80% (fixed ansatz) to over
90% (evolved ansatz), bridging the gap between theoretical potential
and NISQ reality.

5.2. Temporal Data Processing: Beyond Static Images

While image classification focuses on spatial features, an important mo-
tivation of Spiking Neural Networks lies in processing temporal data. In
classical deep learning, Recurrent Neural Networks (RNNs) and LSTMs are
the standard for sequential data, but often struggle with high computational
costs and the “vanishing gradient” problem over long sequences.

QSNNs introduce a novel paradigm via Quantum Recurrence. As
detailed in Table 3, recent studies (2024-2026) have moved beyond theoret-
ical speculation to report encouraging results in complex dynamic tasks by
leveraging bio-mimetic mechanisms.

Mechanisms of Temporal Processing: Intrinsic Phase & Memory

Unlike classical neurons that require explicit feedback loops to store his-
tory, a qubit’s state naturally evolves in time. The accumulated rotation
angle ¥(t) in a VQC serves as an intrinsic memory buffer.

e Native Quantum Memory: Chen et al. (2025) [73] extend this
mechanism by introducing unmeasured memory qubits. By keep-
ing a subset of qubits coherent (unmeasured) across time steps, their
QRNN architecture achieves single-shot stochastic spiking. This inno-
vation not only preserves quantum information but also enables hardware-
friendly local learning algorithms, partly addressing the destructive na-
ture of standard projective measurements.

e Bio-mimetic Consolidation (QSNN-QLSTM): Building upon clas-
sical architectural efforts to integrate Long Short-Term Memory (LSTM)
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into spike-based hardware for extended temporal dependencies [79], An-
dres et al. (2025) [52] propose a dual-stage “Hypothalamus-Hippocampus”
quantum architecture. This hybrid model assigns short-term sensory
processing to a fast-reacting QSNN (simulating the Hypothalamus) and
long-term consolidation to a QLSTM (simulating the Hippocampus).
In credit card fraud detection tasks, this bio-inspired synergy combined
the event-driven noise immunity of SNNs with the long-term depen-
dency capture of LSTMs, achieving a > 99% F1-score with minimal
training data.

Real-Time Applications: From Genomics to 5G

The application scope has begun to extend beyond simple benchmarks.
Abdullayev (2025) [74] reports that quantum-inspired architectures can sup-
port genomic sequence processing tasks, such as Gene Splice Junction anal-
ysis, with 30% faster weight updates than classical counterparts in their ex-
perimental setting. Furthermore, Dhanasree et al. [75] report a Hierarchical
Quantum Edge Computing framework for 5G resource allocation, with a re-
ported latency of 0.08s. These results suggest potential relevance to selected
real-time edge scenarios, although broader deployment still requires further
validation under realistic hardware and workload constraints.

6. Challenges and Future Perspectives

Despite the algorithmic advancements discussed in this survey, deploying
QSNNs on physical hardware remains a formidable challenge. Drawing from
Markovi¢ and Grollier’s framework [26], we highlight the critical bottlenecks
and emerging architectural shifts.

6.1. The Quantum-to-Classical 1/0 Bottleneck

The most significant disparity between theory and practice lies in the
interface between classical data and quantum states. As identified in re-
cent surveys [26], this “Quantum-to-Classical bottleneck” manifests in three
distinct dimensions:

e Input Latency (The Encoding Cost): Encoding classical analog
data (e.g., pixel intensities) into quantum states requires deep encoder
circuits or specialized Quantum Random Access Memory (QRAM) [80,
81, 82, 83]. As frequently cautioned in the literature, the depth of these
state preparation circuits often scales exponentially with the data size,
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potentially negating any theoretical computational speedup gained in
the subsequent processing stage [26, 84, 27|.

e Destructive Measurement Dynamics: In biological neurons, mem-
brane potential is monitored continuously. In quantum systems, detect-
ing if a “quantum neuron” has spiked requires a projective measure-
ment. If the result is |0) (no spike), the superposition is irrevocably
destroyed, forcing a system reset. This discontinuity hinders the con-
tinuous integration dynamics required for true temporal processing.

e Sampling and Reconstruction Overhead: Extracting a reliable
classical decision involves estimating expectation values or performing
Quantum State Tomography, which suffers from severe scaling bot-
tlenecks [84, 85]. Recovering the full probability distribution requires
an exponential number of measurements relative to system size, al-
though recent advances like Classical Shadows offer partial mitigation
[26, 86, 85]. Combined with the O(1/€?) shot noise scaling, this readout
step often introduces a latency bottleneck entirely absent in classical
neuromorphic chips.

To confront these NISQ-era hardware limitations, parallel research tracks
in Quantum Error Mitigation (QEM) and classical shadow tomography have
provided essential, albeit resource-intensive, complementary strategies for
improving readout fidelities [18, 87, 88, 85].

6.2. Future Directions: Neuromorphic Quantum Co-Design and Hybrid Op-
timization

To address these I/O limitations and noise constraints, we identify several
key paradigms:

e Pulse-Level Control: Instead of abstract logic gates (CNOT, R,),
future QSNNs may operate directly at the analog pulse level [89]. By
optimizing microwave pulses, evolutionary algorithms can better align
with the native physics of the quantum processor, reducing some over-
head associated with gate decomposition inefficiencies.

e Hybrid Neuro-Quantum Processors (N-QPU): A potential archi-
tecture involves a classical SNN serving as a sparse controller, routing
information to small, highly entangled quantum kernels (QPUs) only
for computationally intensive tasks. This may reduce measurement
frequency while preserving useful expressivity.
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e Quantum Data Learning: To alleviate the 1/O bottleneck, future
research may further investigate implicit learning paradigms or “Quan-
tum Data Learning,” where inputs are inherently quantum states (e.g.,
from quantum sensors) [26]. This approach may reduce costly encoding
and reconstruction steps, offering a possible route for reducing data-
loading overhead in quantum-neuromorphic systems.

6.2.1. A Conceptual Outlook: The Hybrid Co-Optimization Paradigm

Beyond hardware co-design, our synthesis of current learning algorithms
(Section 4) motivates the Hybrid Co-Optimization Paradigm as an impor-
tant trajectory for future algorithmic research. The field currently faces a
trilemma between Training Complexity, Barren Plateau Risk, and Resource
FEfficiency (as summarized in Table 4).

To address this trade-off, we abstract a conceptual Hybrid Co-Optimization
Paradigm as a blueprint for future empirical studies. Rather than relying
exclusively on gradient or evolutionary methods, future frameworks can in-
tegrate their complementary strengths via a two-phase hand-off mechanism
(see Figure 3):

1. Phase I: Coarse-Grained Topological Search (Evolutionary).
Future algorithms can initially explore the discrete search space using
EQNAS to identify a noise-aware candidate topology, reducing early-
stage exposure to barren plateaus without optimizing continuous vari-
ables.

2. Phase II: Fine-Grained Parameter Tuning (Gradient). Upon
selecting the candidate topology, the system transitions to a fine-grained
tuning regime using surrogate gradients (e.g., the Parameter Shift Rule).
By utilizing a “warm start” inherited from Phase I, the gradient opti-
mizer can support local parameter refinement.

From a theoretical complexity standpoint, this decoupled trajectory may
reduce the effective search burden by separating architecture-level explo-
ration from parameter-level refinement, with an approximate cost Cpypria =
O(poly(N)) + O(poly(M)) under favorable assumptions. Compared with
pure evolutionary search and randomly initialized variational circuits affected
by barren plateaus, this conceptual framework provides a theoretical basis
for developing more scalable QSNN optimization strategies.
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Figure 3: Conceptual Blueprint of a Hybrid Co-Optimization Paradigm for Fu-
ture Research. Abstracted from our literature synthesis, this schematic illustrates a
potential two-phase trajectory to address NISQ-era bottlenecks. Phase I (Left): The
discrete structural search space (4V) is explored via evolutionary methods (e.g., EQNAS).
The central representations of the “Quantum Chromosome” (|1))) evolve within the loop
to identify a noise-aware candidate topology while reducing early-stage exposure to barren
plateaus. Phase II (Right): Once the candidate topology is selected, the system transi-
tions to a fine-grained tuning regime. Specific parameterized gates (e.g., R, (61), Ry(62))
are optimized using surrogate gradients (V) and the Parameter Shift Rule, supporting
local parameter refinement.
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7. Summary and Conclusions

The convergence of Quantum Computing and Neuromorphic Engineer-
ing represents an emerging research frontier with the theoretical potential
to address the growing energy constraints and computational bottlenecks
of modern Al In this survey, we have established a conceptual homology
between the biological integrate-and-fire mechanism and quantum unitary
evolution, providing a heuristic foundation for Quantum Spiking Neural Net-
works (QSNNs).

By systematically reviewing the literature, we categorized existing quan-
tum neurons into measurement-driven, continuous evolution, and variational
paradigms. In particular, our analysis highlights an important algorithmic
trend: relying solely on gradient-based adaptation (e.g., surrogate gradients)
may be insufficient for some challenging optimization landscapes of NISQ
devices, especially when barren plateaus and measurement noise are present.
Based on these empirical trends, we identify a conceptual Hybrid Co-
Optimization Paradigm as an important future trajectory—leveraging
evolutionary search to discover candidate topological structures, followed
by fine-grained gradient tuning. As benchmarked on image and temporal
tasks, emerging hybrid architectures demonstrate encouraging exploratory
results, though achieving empirical quantum advantage remains a long-term
open challenge. Future progress will likely depend not only on algorithmic
improvements, but also on the holistic co-design of quantum algorithms, neu-
romorphic models, hardware constraints, and input—output interfaces.
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