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Abstract—Neuromorphic Computing (NC) and Evolutionary
Computation (EC) are mature, yet largely fragmented. This posi-
tion paper argues that their convergence is timely and technically
plausible. We define Neuromorphic Evolutionary Computation
(NEC) as a paradigm that bridges NC and EC. We review
the current landscape and its limitations, with an emphasis
on the prevalence of hybrid execution and incomplete energy-
latency reporting. We then present a probable Cortico-Basal-
Thalamic Loop (CBTL)-inspired conceptual architecture for
operator selection and outline what must be implemented on-chip
to achieve an NEC approach, including operator embodiment,
associative memory, and state estimation. We summarise open
challenges spanning numerical precision, scalability, learning
rules, benchmarking, theory, and tooling, including the need
for convergence analysis framed in terms of the best-so-far
process. We close with a phased roadmap and concrete reporting
requirements towards a reproducible NEC ecosystem.

Index Terms—Neuromorphic Evolutionary Computation,
Event-driven Optimisation, Neuromorphic Computing, Spiking
Neural Networks, Operator Selection, Energy-Latency Bench-
marking, Best-so-far Convergence

I. INTRODUCTION

ARTIFICIAL intelligence has expanded its reach across
scientific, industrial, and domestic domains. It is part

of contemporary human life. However, this progress has
intensified the energy demands associated with large-scale
computation. Training contemporary foundation models re-
quires extensive electrical resources, and deploying neural net-
works on edge platforms imposes strict constraints on battery-
powered systems. This situation reflects a structural limitation
rather than an operational inconvenience, as data centres
already account for a significant share of global electricity
consumption and are projected to continue growing without a
decisive architectural change. The limitation originates from
the von Neumann bottleneck, in which computation and
memory remain physically separated, and energy is dominated
by data movement rather than arithmetic operations. Iterative
black box optimisation methods, including the population-
based processes central to Evolutionary Computation (EC),
are susceptible to this constraint [1,2]. Fitness evaluation,
state manipulation, and population updates require repeated
memory accesses and synchronisation, which amplify energy
dissipation and limit scalability on conventional hardware.

EC remains central to Black-Box Optimisation (BBO),
although its deployment on conventional hardware exposes
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constraints that extend beyond algorithmic design. EC pro-
vides effective search behaviour in domains where gradients
are inaccessible, or objectives are irregular [2,3]. Still, their
theoretical support remains limited, their performance deteri-
orates in high-dimensional spaces, and their execution incurs
synchronisation costs associated with processors optimised for
dense linear algebra.

The structural mismatch between EAs and conventional
hardware motivates the study of alternative computational
substrates. Neuromorphic Computing (NC) processors such as
Intel Loihi [4], IBM TrueNorth [5], SpiNNaker [6], Brain-
ScaleS [7], SynSense Xylo [8], and BrainChip Akida [9]
integrate memory and computation, communicate via sparse
asynchronous spikes, and operate in an event-driven regime
rather than through dense synchronous updates [10]. These ar-
chitectures achieve substantial energy efficiency. For instance,
Loihi 2 operates within a power envelope of a few hundred
milliwatts for networks of millions of neurons, far below the
requirements of CPU-based simulation [10]. This efficiency
derives from reduced data movement and the exploitation of
sparse, asynchronous neural activity.

Neuromorphic hardware has matured to the point at which
stable software support and commercial availability are estab-
lished. Its applications now extend beyond neural modelling
to embedded inference [11,12]. However, optimisation remains
almost entirely unexplored within this class of processors [13].

These developments motivate our central thesis. The con-
vergence of EC with neuromorphic hardware constitutes a
strategic opportunity for both domains. NC substrates offer
sub-watt operation, intrinsic parallelism through distributed
spiking ensembles, and online adaptability driven by synaptic
plasticity, enabling real-time optimisation within the strict en-
ergy budgets of embedded platforms. Conversely, EC provides
NC systems with a rigorous collection of black box bench-
marks, concrete application scenarios beyond inference tasks,
and a set of theoretical challenges concerning convergence,
approximation capacity, and computational complexity under
event-driven dynamics. Therefore, Neuromorphic Evolution-
ary Computation (NEC) should be treated as a first-class
topic within the EC community. This is timely in the era of
large-scale and expensive real-world optimisation. It is also
relevant to sustainability, energy efficiency, and the environ-
mental impact of EC methods and applications. Moreover,
edge and embedded devices are a key target. They impose
tight energy budgets and strict latency constraints. NEC fits



this setting. It supports event-driven, local, and asynchronous
decision making on-device. NEC may also intersect with quan-
tum computing. Hybrid workflows are plausible. A quantum
backend could support specific subroutines, while spike-driven
dynamics provide coordination and control.

This position paper makes three contributions. First, NEC
is defined and distinguished from related work. Second, a
CBTL-inspired reference design for operator selection is out-
lined. Third, the open challenges are organised, and a phased
roadmap is proposed, with explicit evaluation criteria. These
contributions require consistent reporting. For this reason,
NEC studies should follow simple design principles.

• Event-driven first: use sparse, asynchronous updates.
Avoid global synchronisation.

• On-device state: encode the search state in spikes. Min-
imise host-side control.

• Measured trade-offs: report solution quality, energy, and
latency together.

• Composable operators: use interfaces that support com-
position and ablation.

• Reproducibility: release code, seeds, and profiling scripts.
The remainder of the paper reviews the current landscape,

introduces a reference architecture for operator selection, sum-
marises open challenges, and outlines a roadmap towards fully
neuromorphic optimisation.

II. CURRENT LANDSCAPE AND LIMITATIONS

Research at the intersection of NC and optimisation remains
fragmented. Existing contributions show that spike-driven
dynamics can support basic search behaviour. However, the
literature remains difficult to compare. TABLE I synthetises
the main strands and their recurring limitations. The current
landscape and limitations are discussed below.

TABLE I
LANDSCAPE OF NEUROMORPHIC OPTIMISATION WORK. IT SUMMARISES

REPRESENTATIVE STRANDS AND THE RECURRING LIMITATIONS.

Strand Typical limitation (examples)

Problem-specific
solvers

Efficient, but tightly coupled to a problem class
or device primitive. Extending to new objectives
often requires redesign [14]–[17].

Neuroevolution
of SNNs

Search runs on CPUs. Neuromorphic hardware
is used for inference or evaluation. Energy gains
occur after deployment [18]–[20].

Spiking swarm
models

Often simulation-only. Hardware constraints and
energy are rarely measured. Portability across
platforms is unclear [21,22].

Hybrid
frameworks

Control may be spiking, but key steps remain
conventional. Candidate generation or fitness
evaluation often stays off-chip [13,23]–[25].

A first group of studies embeds optimisation directly in
physical or device-specific neuromorphic substrates. Examples
include ferroelectric memristor networks for the Travelling
Salesperson Problem [14], organic-memristor Max-Cut solvers

[15], and QUBO-oriented implementations based on RRAM-
based spiking swarms [16] or Simulated Annealing on Loihi 2
[17]. These systems are tightly coupled to the characteristics
of the target problem or hardware. They achieve efficiency but
offer limited adaptability, since extending them to continuous
or multi-objective settings typically requires redesigning the
neural architecture rather than adjusting parameters. In paral-
lel, recent neuromorphic vision and control work highlights
event-driven sensing and algorithm-hardware co-design for
energy-efficient edge intelligence, but still focuses on percep-
tion rather than black-box optimisation [12].

A second line of work concerns the evolutionary design
of Spiking Neural Networks (SNNs) rather than optimisation
executed within neuromorphic substrates. Approaches such as
the Evolutionary Optimisation for NC Systems framework,
along with surveys of evolutionary SNNs and biologically
plausible learning rules, demonstrate that Evolutionary Al-
gorithms (EAs) can effectively configure SNNs [18]–[20].
However, the optimisation process itself takes place on con-
ventional processors, and neuromorphic hardware is used only
for inference. Energy gains arise after evolution, not during
search. Therefore, these approaches fall outside the scope of
neuromorphic optimisation considered in this work.

Swarm-inspired models provide a complementary perspec-
tive. Spiking adaptations of swarm mechanisms have been
proposed for both continuous and combinatorial settings [21],
and oscillator-based variants of Particle Swarm Optimisation
(PSO) offer formal convergence guarantees [22]. Yet these
systems are typically evaluated in software simulations and
do not exploit the architectural advantages of neuromorphic
hardware, namely event-driven execution, distributed memory,
and on-chip plasticity. As a result, they shed light on how
swarm behaviour maps to spiking dynamics but do not address
the practical requirements of NC-implemented optimisers.

Probabilistic optimisation has also been explored through
neuromorphic interfaces. LavaBO and its asynchronous vari-
ant demonstrate that NC platforms can coordinate Bayesian
optimisation pipelines [23,24]. However, the core components,
including Gaussian process models and acquisition optimisa-
tion, remain CPU-based. The SNNs act mainly as scheduling
and communication layers. The approach is practical but still
hybrid, leaving open whether the optimisation logic itself can
be realised within spike-driven computation.

More recently, Talbi’s Nheuristics framework [13] has of-
fered a principled terminology for neuromorphic heuristic
search, identifying neuron models, encoding schemes, learn-
ing rules, and communication structures as a shared design
space. Building on this, the NeurOptimiser framework [25]
has illustrated how several Neuromorphic Heuristic Units can
be coordinated through decentralised spike-triggered mecha-
nisms. These efforts represent meaningful steps toward general
neuromorphic optimisation. Nevertheless, existing prototypes
retain hybrid execution: operator selection is neuromorphic,
whereas candidate generation and fitness evaluation remain
conventional. They reveal feasibility, but also the open chal-
lenges of scalability, competitiveness, and validation on phys-



ical hardware.
Across these strands, several structural limitations re-

cur. Problem-specific neuromorphic solvers lack generality,
whereas more flexible frameworks remain hybrid and therefore
cannot realise the full benefits of event-driven execution.
Existing models often emulate familiar EC approaches rather
than inquiring about the search behaviours that naturally arise
from spiking activity. Benchmarking is incomplete because
very few studies report energy, latency, and solution quality
together. Finally, most neuromorphic software ecosystems re-
main oriented toward computational neuroscience and machine
learning, offering little direct support for expressing operators,
populations, or search states in optimisation terms.

These limitations motivate the present work. The goal is a
coherent NEC paradigm with clear evaluation protocols. This
paper consolidates the current landscape and its limitations,
including problem-specific solvers, hybrid frameworks, and
neuroevolution pipelines. A CBTL-inspired reference architec-
ture is then used to frame what must move on-chip, including
operator embodiment, state estimation, and selection. Finally,
a roadmap towards fully neuromorphic implementations is
outlined, and the key challenges are summarised, including
precision, scalability, learning rules, benchmarking, and de-
ployment. The aim is not to outperform CPU-based EAs. The
aim is to define what fully neuromorphic optimisation requires
and to support reproducible progress.

III. TOWARDS FULLY NEUROMORPHIC OPTIMISATION

NEC assumes that coordination and operator selection can be
expressed as spike-driven dynamics. Fig. 1 provides a CBTL-
inspired architecture for this role as a conceptual reference.

A fully NEC optimiser would still require candidate gen-
eration, memory management, and objective evaluation (or
suitable surrogates) to be realised within neural ensembles.
The main obstacles are grouped into four categories: op-
erator embodiment, memory architecture, representation and
learning, hardware deployment, and adaptive and embedded
systems.

Sensory Cortex
Encodes current state

Striatum
Computes utilities

Globus Pallidus
Selects operator

Thalamus
Gates operator

Motor Cortex
Applies operator

Optimisation 
Problem

Fig. 1. Reference design for Neuromorphic Evolutionary Computation (NEC).
A Cortico-Basal-Thalamic Loop (CBTL)-inspired spike-driven loop selects
and reinforces search operators based on an observed optimisation state
(conceptual schematic).

A. Operator Embodiment

In many existing NEC prototypes, operators are implemented
as procedural routines rather than as neural processes. A fully

neuromorphic optimiser requires each operator to be embodied
as a spiking circuit that maps encoded memory states to new
candidate solutions. The central challenge is to design circuits
that approximate exploration and exploitation while preserv-
ing numerical reliability. Heavy-tailed perturbations for Lévy
flights, pairwise differences for differential mutation, velocity-
based updates for particle swarm, and rotational contractions
for spiral search all admit spiking approximations. Neverthe-
less, each requires tailored mechanisms, such as stochastic
spike generation [26], synaptic superposition [27], recurrent
reservoirs [28], or approximate trigonometric projections [29].
The broader objective is to identify operator formulations that
naturally arise from spiking dynamics and can be implemented
with tractable neuron and synapse budgets.

B. Memory Architecture

In many current systems, solution memory is maintained in
conventional RAM. In contrast, a fully neuromorphic opti-
miser requires an associative structure that stores, retrieves,
and updates solution vectors through spike-based operations.
Recurrent attractor networks [30] and vector symbolic archi-
tectures [31] provide viable substrates, since both support
distributed representations and incremental updates through
synaptic plasticity [32]. In these settings, stored solutions
correspond to stable activity patterns, and retrieval arises from
the network settling toward its nearest attractor. A central diffi-
culty is fitness-based replacement, which requires competition
circuits capable of comparing many stored items and selecting
the least informative one. This is straightforward in conven-
tional code but costly in spiking systems. Scalable selection,
therefore, demands structured Winner-Takes-All (WTA) mech-
anisms [33] to avoid prohibitive neuron counts.

C. Representation and Learning

In many current systems, search state variables are computed
outside the spiking substrate. A neuromorphic implementa-
tion requires these statistics to be produced within neural
ensembles. Diversity can be approximated by circuits that
estimate second-order statistics, supported by evidence that
spiking populations can encode variance through homeostatic
plasticity and divisive normalisation [34]. Improvement rate
and convergence follow from temporal integration and fitness
comparison, which can be realised through LIF dynamics and
inhibitory competition. Beyond handcrafted features, learnt
state representations offer a promising direction. Spike-based
dimensionality reduction and reward-modulated plasticity can
train encoder networks to extract task-relevant features directly
from stored solutions and fitness values [32].

D. Hardware Deployment

The main benefit of neuromorphic optimisation is reduced
energy consumption. Loihi 2, TrueNorth, SpiNNaker, and
Akida operate at power levels several orders of magnitude
below those of CPU-based simulations for comparable spiking
workloads [4]–[6,35]. Deploying reference designs on Loihi 2
would enable direct energy measurements and clarify hardware



limits on operator complexity, memory size, and decision
latency. Event-driven computation offers further gains by up-
dating only active neurons, yielding practical speedups when
neural activity is sparse. Extending the evaluation to SpiN-
Naker and BrainScaleS, which offer distinct communication
and timing properties [6], would help determine the portability
of spike-driven optimisation across NC platforms.

E. Adaptive and Embedded Systems

A fully NEC optimiser offers capabilities that extend be-
yond energy efficiency. The Spike-Timing-Dependent Plastic-
ity (STDP) enables the system to track time-varying objectives
through learning rules without external control. This is par-
ticularly relevant in embedded settings where resources and
communication are limited. An NEC optimiser on a drone
or sensor platform, e.g., could adjust its behaviour in real
time while operating within a sub-watt power budget. Edge-
oriented neuromorphic processors such as BrainChip Akida
and SynSense Xylo further extend this setting to ultra-low-
power, on-device inference at milliwatt or sub-milliwatt levels,
representing concrete deployment targets for embedded NEC
implementations [8,9]. The event-driven nature of SNNs also
supports parallel and asynchronous search, since multiple
operator ensembles can explore different regions of the search
space and exchange information through sparse spike-based
signals, consistent with computational models of basal ganglia
action selection [36]. These properties enable integration of
NEC with other spike-based learning approaches, including
reinforcement learning and sensorimotor control, and point
toward a unified NC agent that adapts continuously within
a single computational substrate.

IV. CHALLENGES AND OPEN QUESTIONS

Whilst the vision outlined above is technically plausible,
substantial challenges remain. We group them into theoretical,
algorithmic, hardware, and deployment issues.

A. Numerical Precision and Stability

Spiking representations offer limited effective precision, typ-
ically in the range of eight to twelve bits [29], which affects
the reliability of fitness comparisons, diversity estimates, and
operator weight updates. Therefore, a central question is
the numerical accuracy required for consistent convergence.
Possible directions include adaptive precision schemes that
increase representational resolution near convergence, or the
selective use of conventional processors for high-precision
operations. The appropriate balance between biological plau-
sibility, energy efficiency, and numerical stability remains
unresolved. In particular, whether adaptive precision can be
applied without distorting the spike-timing correlations on
which STDP depends is itself an open sub-problem.

B. Scalability

High-dimensional problems pose a significant challenge, as
performance degrades rapidly with increasing dimensional-
ity D, and the number of neurons required for population-
coded representations scales linearly with D. Thus, storing M

solutions with Nens neurons per dimension already demands
O(M ·D ·Nens) neurons, which becomes substantial for realis-
tic values of D and limits the resources available for operators
and control circuits. Scaling to very high dimensions would
require multi-chip deployments, accompanied by associated
latency and energy costs. Dimensionality reduction offers a
possible mitigation through learned low-dimensional repre-
sentations, structural decompositions, or random projections.
Still, each entails trade-offs in accuracy, data requirements, or
prior knowledge. Designing reduction schemes that are both
effective and compatible with neuromorphic substrates remains
an open question. Compatibility with STDP imposes an addi-
tional constraint: any encoding must remain stable enough for
eligibility traces to accumulate meaningful correlations across
evaluation windows.

C. Operator Design

Existing neuromorphic optimisation studies cover only a small
portion of EC mechanisms, and many modern operators, such
as those in CMA-ES or SHADE, rely on adaptation rules and
covariance estimates that are difficult to realise in spiking
circuits [37,38]. This raises the question of which classes
of operators are compatible with spike-based computation.
Operators that depend on global synchronisation or precise
matrix operations may be impractical, whereas those based
on local interactions and stochastic sampling are more natu-
rally expressed in distributed spiking dynamics. The issue of
composability also remains open, since combining operators
in SNNs requires that the output activity of one operator can
serve as a stable input to another. A principled framework for
composing neuromorphic operators, comparable to algebraic
descriptions of classical EC techniques [39], would enable
more flexible algorithm design.

D. Learning Mechanisms

In many existing approaches, the reinforcement rule is not
expressed within the spiking substrate. A fully neuromor-
phic approach requires plasticity mechanisms such as STDP,
reward-modulated STDP, or related three-factor rules [40].
These mechanisms are sensitive to short spike timing cor-
relations. In contrast, operator selection evolves over much
longer evaluation windows, and bridging this temporal gap re-
quires eligibility traces or other forms of temporal abstraction,
which incur additional circuit cost [41]. Utility mappings are
often defined heuristically. An important question is whether
such mappings can be learned across tasks. Meta-learning
approaches that adapt learning rules from prior experience
offer a promising direction, though their translation to SNNs
remains largely unexplored.

E. Benchmarking

Evaluating NEC optimisers raises methodological challenges
that extend beyond standard measures of solution quality and
convergence [42]. Metrics such as energy use, wall clock time,
neuron count, synaptic operations, and inter-chip communica-
tion are essential for characterising neuromorphic performance



but are difficult to obtain without hardware access or detailed
simulation. Existing simulators do not provide reliable energy
estimates or remain accessible only to a limited number
of groups. Fair comparison with conventional optimisers is
also non-trivial, since NC-based methods may trade speed
for energy efficiency. Thus, a consistent evaluation requires
multi-objective benchmarking that reports performance, en-
ergy, and latency jointly and compares algorithms via Pareto-
based analyses, rather than relying on single metrics. Recent
benchmarking efforts such as NeuroBench propose standard-
ised, multi-metric evaluation of NC algorithms and deployed
systems, including optimisation scenarios such as QUBO [43].
Still, existing suites remain oriented toward perception and
continual learning, and do not yet cover the quality, energy,
and latency trade-offs central to NEC [12].

More concretely, evaluation should reflect NEC’s objective
and should not rely solely on solution quality. A minimal
reporting checklist includes: (i) Quality, i.e, best-so-far value
versus evaluations with confidence intervals; (ii) Energy (or
Power), i.e., Joules per run and per improvement step when
measurable; (iii) Latency, i.e., time to decision and time
per evaluation cycle; (iv) Resources, i.e., neuron or synapse
counts, spike rates, and communication volume; and (v) Re-
producibility, i.e., released code, seeds, and profiling scripts.
These requirements are compatible with emerging suites such
as NeuroBench, which already report correctness, synaptic
operations, sparsity, and system-level energy and latency [43].

F. Theory

Theoretical understanding of spike-driven optimisation re-
mains limited. Convergence guarantees available for classical
EC, such as Markov chain analyses of Simulated Annealing
[44], have no clear counterparts for event-driven optimisers.
In particular, the dynamics cannot always be framed as a
regular or conventional EA with well-defined generations,
populations, and update operators. A more appropriate object
of analysis may be the stochastic process induced by the
best-so-far value, i.e., the monotone sequence of incumbent
improvements produced by asynchronous spiking interactions.
Establishing conditions under which this best-so-far process
converges (in probability or almost surely), relating its rate
to resources such as neuron count, spike rates, and communi-
cation delays, and characterising the approximation capacity
of spiking circuits with respect to EC primitives are all open
problems. It is also unclear how the “No Free Lunch” results
extend to NEC settings, and how to express the computational
complexity of spike-driven operators in terms of synaptic
operations rather than floating-point computations [45]. An
extensive study is required to develop proof techniques and
assumptions that faithfully reflect neuromorphic execution.

G. Tooling and Accessibility

Existing neuromorphic frameworks, such as Nengo, Brian,
BindsNET, NEST, and the SpiNNaker toolchain, are primar-
ily designed for computational neuroscience and machine
learning, offering limited support for optimisation-specific

operations, including fitness-based replacement, tournament
selection, and operator composition. A dedicated neuromor-
phic optimisation library would lower the entry barrier for EC
practitioners, e.g., comparable to Paradiseo [46]. Such a library
should provide spiking implementations of standard operators,
composable components for population and state management,
hardware agnostic backends for Loihi, SpiNNaker, and CPU
simulation, and utilities for energy and performance profiling.
Educational resources and worked examples are also needed
to bridge the gap between EC and neuromorphic engineering
and to support wider adoption.

V. ROADMAP

Advancing towards fully NEC requires shared benchmarks,
open-source implementations, and cross-disciplinary venues
bridging evolutionary computation and neuromorphic engi-
neering. Hence, we organise the roadmap into three indicative
time horizons, subject to hardware availability, community
engagement, and the challenges discussed in this work.

• Short Term (1-2 years): Expand the spiking operator set;
establish benchmarking protocols that report quality, en-
ergy, and latency jointly; prototype associative memories
for solution storage; and deploy reference loops (e.g.,
CBTL) on NC hardware for direct measurements.

• Mid Term (2-4 years): Develop fully spiking perturbation
(e.g., differential, swarm, genetic) operators; learn state
representations with spike-based encoders; scale across
multiple chips with efficient communication; and quantify
energy-performance trade-offs across problem classes.

• Long Term (> 4 years): Design NEC combining tempo-
ral coding, inhibition, and traditional learning; support
continual optimisation under non-stationary objectives
via on-chip plasticity; ground spike-driven search theory
in information-theoretic bounds; and validate end-to-end
embedded deployments.

VI. CALL TO ACTION

Advancing NEC requires shared practices across communities
to lower barriers to entry and facilitate meaningful com-
parisons of results. We propose three concrete steps toward
reproducible and comparable NEC research.

1) Release reference implementations of coordination and
operator selection circuits.

2) Report solution quality, energy consumption, and latency
together when benchmarking.

3) Provide access to hardware or validated energy models
to ensure fair comparison.
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