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Abstract—Neuromorphic computing and evolutionary compu-
tation share key properties, including distributed state, event-
driven communication, and tolerance to finite precision. Nev-
ertheless, optimisation control is rarely implemented directly
in spiking dynamics. This paper introduces the Neuromorphic
EVolutionary Optimiser (NEVO), in which evolutionary operator
selection is realised as spike-driven action selection within a
Cortico-Basal-Thalamic Loop (CBTL), whilst candidate gen-
eration and objective evaluation remain algorithmic under a
standard black-box interface. NEVO is evaluated on the noiseless
BBOB suite across 2D to 40D with 15 instances per function.
Results show that spike-driven coordination sustains coherent
operator sequences across problem landscapes, achieving success-
ful target attainment in 2D and 3D, whilst exposing scalability
limitations beyond 10D. These findings confirm that spike-driven
coordination is feasible on neuromorphic substrates and clarify
how neuromorphic action selection relates to existing adaptive
operator selection strategies. The analysis also identifies concrete
design requirements for future implementations.

Index Terms—Neuromorphic Optimisation, Evolutionary
Computation, Operator Selection, Spiking Neural Networks,
Neural Engineering Framework, Nengo, Basal Ganglia.

I. INTRODUCTION

ENERGY and latency constraints increasingly limit where
optimisation can be deployed, particularly in embedded

and autonomous settings where compute and memory are
tightly budgeted. In von Neumann systems, the separation
between processing and memory makes data movement a
dominant cost. Iterative black-box optimisation amplifies this
cost through repeated evaluations and population updates [1].

Evolutionary Computation (EC) remains effective for prob-
lems where gradients are unavailable or unreliable [2]. Its
operators are local, its updates can be asynchronous, and its
search tolerates finite precision. However, conventional imple-
mentations still rely on synchronous execution and repeated
memory-access patterns that are not aligned with this structure.

Neuromorphic Computing (NC) provides event-driven ar-
chitectures with collocated memory and computation. Plat-
forms such as Intel Loihi, IBM TrueNorth, SpiNNaker, and
BrainScaleS support sparse communication and distributed
parallelism [3]–[7], whilst software frameworks such as Nengo
implement the Neural Engineering Framework (NEF) for
principled construction of spiking neural circuits [8].

NEVO is part of the NeurOptim research initiative: https://neuroptim.org.

Existing work supports neuromorphic optimisation, but it is
commonly problem-bound or hybrid, leaving the optimisation
loop outside the scope of spike-driven dynamics. A first strand
exploits the device physics or hardwired setup. For instance,
ferroelectric and organic memristor networks [9,10], RRAM
spiking swarms [11], and Simulated Annealing on Loihi 2
[12] report promising efficiency in tackling combinatorial
problems. Their designs are strongly coupled to a formulation
or device. Thus, extending them to continuous, constrained, or
multi-objective domains typically requires redesigning neural
circuitry.

A second strand, often labelled neuroevolution, evolves
spiking models but retains a conventional search process. The
Evolutionary Optimisation for NC Systems framework [13]
and related surveys [14]–[16] show that EC algorithms can
configure SNN architectures and learning rules. Nevertheless,
NC hardware is primarily used for inference or evaluation.
Moreover, swarm-inspired approaches provide spiking inter-
pretations of established Metaheuristics (MHs) [17,18]. These
studies clarify how collective search can be expressed in
spiking dynamics, but they rarely exploit event-driven ex-
ecution, collocated memory and computation, and on-chip
plasticity. Likewise, probabilistic optimisation has been inte-
grated into NC platforms through hybrid pipelines. LavaBO
[19,20] demonstrates scheduling and coordination within the
Lava environment. The Bayesian core remains CPU-based.
Recently, work has started to formalise the design space of
neuromorphic heuristic search. Nheuristics [21] and NeurOpti-
miser [22] illustrate decentralised spike-triggered coordination.
Current prototypes still rely on conventional code for candidate
generation and objective evaluation.

This paper tests the hypothesis that evolutionary operator
coordination can be realised as spike-driven action selection
within a Cortico-Basal-Thalamic Loop (CBTL), while preserv-
ing a standard black-box interface for candidate generation and
objective evaluation. The objective is to confirm that spike-
driven operator coordination is feasible with these interfaces
and to systematically identify the architectural and algorithmic
constraints. Such phenomena emerge when MH control is
delegated to spiking dynamics.

We propose the Neuromorphic EVolutionary Optimiser
(NEVO), which uses a spike-driven CBTL controller to gate a
collection of search operators from well-known MHs based



on a compact search state and adaptive operator weights.
We then evaluate NEVO on the noiseless BBOB suite and
report behavioural traces and systematic performance across
multiple dimensions. We also analyse the dynamics of search
operator selection and identify key limitations in operator
weighting and utility design, which impede scalability beyond
low dimensions.

II. PROPOSED APPROACH

This section presents NEVO, which implements operator
selection via spike-driven CBTL whilst preserving a stan-
dard black-box interface. It maintains a solution archive in
normalised domain V, computes state vector sss(t) encod-
ing diversity, improvement rate, and convergence, and maps
weighted utilities uuuo(t) via ε-greedy policy to action vector
aaa(t) selecting the active operator.

Fig. 1 illustrates the coordination loop: the Sensory Cortex
encodes sss(t), the Striatum computes uuuo(t), and the Basal
Ganglia implement Winner-Take-All (WTA) competition to
disinhibit a single thalamic channel. The Thalamus gates aaa(t),
which activates the Motor Cortex to trigger the selected op-
erator and update the population XXX(t). Feedback from fitness
yields a reward signal r(t) that updates the operator weights
and closes the loop. The neuromorphic controller follows the
NEF paradigm [23], which encodes continuous state variables
in spiking ensembles and decodes their activity into control
signals for online operator selection. The CBTL architecture
is chosen over alternative action-selection mechanisms for
three reasons: (i) it provides a biologically grounded WTA
mechanism via mutual inhibition, avoiding the credit assign-
ment problem inherent in temporal-difference methods; (ii) it
operates in continuous time with distributed representations,
enabling direct integration with event-driven NC hardware;
and (iii) it supports online adaptation via local synaptic weight
updates rather than requiring gradient backpropagation.

Fig. 1. NEVO architecture with a CBTL-based operator selection. The
Sensory Cortex encodes the state sss(t), the Striatum computes utilities uuuo(t),
and the Basal Ganglia implement WTA to gate an approximately one-hot
action vector aaa(t) via the Thalamus. The Motor Cortex triggers the selected
operator to generate XXX(t) and obtain fitness f(t), and the resulting reward
r(t) ∝ ∆f(t) updates the memory and Striatum weights, closing the cycle.

A. Algorithmic Architecture

From an algorithmic perspective, NEVO follows the gener-
alised MH model in [24] and adopts the low- and high-
level view commonly used in automated algorithm design

and configuration [25]–[27]. In this sense, NEVO can be
seen as a basic state-based adaptive operator selection or
hyper-heuristic controller [27,28], implemented as a spike-
driven CBTL circuit. At the low level, heuristics consist of a
collection of simple search operators that generate or modify
candidate solutions in the problem domain. The high-level
technique (or MH) selects which operator to apply at each
iteration based on the current search state. In this work, we
assume a bounded continuous minimisation problem and focus
on coordination rather than problem formulation. We denote
it by (X, f,min) with X ⊆ RD and f : X → R, and seek
xxx∗ = argminxxx∈Xf(xxx). At the high level, the MH coordinates
a set of Simple Heuristics (SHs) H ⊆ H [24,25]. An SH is
generative hg ∈ H or selective hs ∈ H, and their composition
defines a search operator, ho ≜ hs◦hg ∈ Ho ⊂ H [24]. At iter-
ation k, the MH selects the ho that maximises its utility under
the current search state, hk

∗ = argmaxho∈Ho⊂H {U
(
ho, sss

k
)
},

where sssk encodes diversity, improvement rate, and conver-
gence, and U denotes the expected utility [1,29]. The selected
ho is applied as XXXk+1 ← hk

∗{XXXk}, since XXXk ∈ XN stands
for the kth step of a population of N candidate solutions.
The expression for hk

∗ covers operator collection, where each
decision cycle selects the operator with the highest state-
dependent utility [30]. This selection is implemented via spike-
driven action gating, whereas the reward updates the memory
archive and operator weights.

1) Domain Transformation and Memory Management:
Candidate solutions are stored in normalised domain V =
[−1, 1]D and mapped to X = [lllb,uuub] via affine transform
T : V → X. NEVO maintains a fixed-size archive (memory)
of capacity M , storing pairs (vvvi, fi) with empty slots marked
by sentinel fworst = maxi{fi}. Each candidate (vvvnew, fnew)
replaces the worst entry when fnew < fworst, and age counters
track entry persistence.

2) State Feature Extraction: We consider a search state
given by sssk = (ϕk

d, ϕ
k
i , ϕ

k
c )

⊺ ∈ [0, 1]3, computed from the
current archive VVV k and fitness vector fffk. These state features
correspond respectively to diversity, improvement rate, and
convergence, defined as

ϕk
d =
√
3D−1

∑D
j=1 Std{vvvk·,j},

ϕk
i = W−1

∑k
q=k−W+1 I( f

q
⋆ < fq−1

⋆ ),

ϕk
c =

(
1 + λc∆fk/( |fk

⋆ |+ ηc ∆fk + ϵ)
)
.

(1)

From these, vvvk·,j = (vk1,j , . . . , v
k
N,j)

⊺ is the jth column of
VVV k, I(·) is the indicator function, and the normalisation
factor 1/

√
3 comes from Std{U(−1, 1)}. The best-so-far

fitness value is fk
⋆ = mini{fk

i }, achieved at vvvk⋆ . Moreover,
∆fk = max(fffk) − min(fffk), with λc (= 10), ηc (= 10−2),
and ϵ (= 10−12) controlling sensitivity and numerical stability.
Plus, valid archive entries satisfy fi < fworst, as defined by
the sentinel value. When fewer than two valid solutions exist,
we set sssk = (0.5, 0.5, 0.0)⊺, to reflect an uninformative initial
condition and no evidence of convergence.

3) Operator Collection: NEVO employs thirteen search
operators from well-known MHs. Exploration operators are:



Random Search (RS), Lévy Flight (LF), Genetic Crossover
(GX), Differential Evolution (DE), Central Force Optimisation
(CF), Firefly Algorithm (FA), and Gravitational Search (GS)
[1,26,31]–[34]. Correspondingly, exploitation operators are:
Local Random Walk (LW), Genetic Mutation (GM), Simulated
Annealing (SA), Tabu Search (TS), Particle Swarm Optimisa-
tion (PS), and Spiral Optimisation (SO) [1,26,35]–[37]. These
labels are used only as a coarse description of the intended role
of each implementation and do not imply a strict dichotomy,
since the actual exploratory or exploitative behaviour of a
given operator depends on the current population and prob-
lem landscape. Each operator generates N candidates around
fitness-weighted centroid vvvk⊙, some considering the current
memory VVV k. For additional details, refer to [38].

4) Utility Modelling and Weight Adaptation: Each operator
has utility uo : R3 → R mapping state sss to scalar score,
and adaptive weight who

yielding weighted utility ũho
(sss) =

whouho(sss). We deliberately use a linear map with fixed
(AAA,bbb) as the simplest baseline compatible with the CBTL and
NEF implementation. The weights are initialised uniformly
at who

(0) = 1.0. Thus, utilities are computed as uuuk
o =

WWW (AAAsssk+1+bbb), where WWW = diag(whRS , . . . , whSO). After each
evaluation, reward rk = max{0, fk−1

⋆ − fk
⋆ }/(|fk−1

⋆ |+ ϵ)
updates weights via wk

ho
← min{wmax,max{wmin, w

k−1
ho

+

ηrk− δ(1− I(rk > 0))}} with η = 0.4, δ = 0.01, and bounds
[0.1, 5.0]. Action selection applies ε-greedy policy (ε = 0.1)
over basal ganglia output [39].

B. Cortico-Basal-Thalamic Loop Architecture

Operator selection is implemented in Nengo [8] as a CBTL
circuit: a state ensemble encodes sss(t), utility ensembles (one
per operator) compute uo(sss(t)), basal ganglia WTA network
performs competition, and thalamus gates action vector aaa(t) ∈
R13 for operator selection [40,41]. The closed loop sss(t)→
uuuo(t)→aaa(t)→XXX(t)→r(t) updates every ∆teval.

C. Complexity Analysis

Per decision cycle, the dominant cost is objective evaluation
at O(NCf ). Candidate generation ranges from O(ND) for
simple perturbation-based operators to O(NM logM) for
parent selection with sorting, O(N2D) for distance-based
ones, and O(ND2) for coordinate plane rotations. State fea-
ture extraction costs O(MD) for diversity and convergence
computations, archive updates cost O(NM) via linear scan-
ning of the memory, and utility computation costs O(K)
for K operators. The neuromorphic controller simulates E
neurons over ∆teval/∆t steps per decision cycle, contributing
O((E + C)∆teval/∆t), where C counts the active synapses.

Combining these terms renders a total per-cycle cost
of O(NCf + Co(N,D,M) + MD + NM + K + (E +
C)∆teval/∆t), where Co(N,D,M) ranges from O(ND) to
O(N2D) or O(NMD) depending on the operator. When Cf

dominates, the asymptotic cost reduces to O(NCf ). However,
the neural simulation term O((E + C)∆teval/∆t) represents
a fixed overhead that is independent of problem dimension-
ality and can become significant in software-based imple-

mentations. On dedicated NC hardware with event-driven
asynchronous execution, this overhead would be substantially
reduced, shifting the bottleneck to objective evaluation or
operator-specific generation costs. It then promotes improved
scalability and supports embedded real-time optimisation.

III. EXPERIMENTAL EVALUATION

A. Setup and Protocol

Simulations used Nengo v4.1.0 [8] with LIF neurons on BBOB
noiseless suite from COCO v2.8.2 [42], and IOHexperimenter
v0.3.18 [43]. These were executed in Python v3.10 on an
AMD-Penguin Computing with AMD EPYC 7642 (48 cores,
512 GB RAM), part of the Grid’50001. We evaluated 24
problems across six dimensions (2, 3, 5, 10, 20, 40) with 15
instances each, grouped as separable (separ, f1-f5), unimodal
low- and high-conditioning (lcond, f6-f9; hcond, f10-f14),
and multimodal adequate and weak structure (multi, f15-
f19; mult2, f20-f24). For each problem-instance-dimension
configuration, we performed a single run, with 15 trials per
function in accordance with [42]. For NEVO setup, we used
N = 50, Nneurons = 50, M = 25, and ∆t = 1ms. Further
details are freely available in the repository at [38].

B. Preliminary Validation

In the first experiment, we used the first instance of the
first function in each BBOB category, using 10D and 5 s
of simulation time. Fig. 2 shows representative dynamics
on f01 (Sphere) and f10 (Ellipsoidal rotated). On f01, the
CBTL controller yields smooth convergence and shifts from
exploratory operators (LF, GX, and RS) to exploitation-
focused ones (TS, GM, and SO) as ϕd decreases and ϕc

increases. Diversity decreases, ϕi remains active, and ϕc rises
as the population concentrates near the optimum. On f10,
improvements are sporadic, and convergence stabilises late.
The operator usage pattern remains almost unchanged, yet
the state features indicate sustained exploration and repeated
attempts to accommodate the landscape.

These traces indicate that NEVO uses spike-driven operator
selection to maintain coherent coordination within the NEF
architecture. The contrast between f01 and f10 highlights
sensitivity to landscape structure and the limits of a fixed
utility mapping, which motivates the analysis that follows.

C. Systematic Benchmark Results

In the confirmatory experiment, we systematically evaluated
NEVO across all benchmark functions, instances, and dimen-
sions of the BBOB noiseless suite. Each configuration was
run using 20 s as simulation time. In such a way, we ensured
sufficient evaluations for robust statistical analysis and direct
comparison with results from the COCO repository [42].

Fig. 3 reports bootstrapped Empirical Cumulative Distribu-
tion Functions (ECDFs) for 51 target precision levels across
the considered dimensions. ECDFs quantify the fraction of tar-
gets reached as a function of the evaluation budget, aggregated

1Further information about the Grid’5000 project: https://www.grid5000.fr.



(a) Sphere (f01) (b) Ellipsoidal Rotated (f10)

Fig. 2. Representative single-run optimisation dynamics of the CBTL
architecture on (a) Sphere (f01) and (b) Ellipsoidal Rotated (f10) in 10D.
First row: Convergence of best-so-far fitness error with population mean error
envelope. Second row: Operator selection timeline showing active operator
switches. Third row: Evolution of search-state feature encodings for diversity,
improvement rate, and convergence. Fourth row: Operator usage counts
aggregated over time. Fifth row: Operator success rates and utility weights
evolution. Search operators are organised as described in Section II-A3.

across problems and instances [42]. In 2D and 3D, NEVO
performs well on separable and moderately conditioned func-
tions, with curves close to BIPOP-CMA-ES on separ and
lcond under moderate budgets. In 5D, performance degrades
on multimodal and weakly structured functions. From 10D
onwards, the curves flatten at low target attainment fractions,
indicating that most runs do not reach the targets within the
available budget. In 20D and 40D, performance is comparable
to DE-PSO and remains above RANDOMSEARCH.

Fig. 4 depicts mean operator weight vs mean success rate.
The moderate correlation (r = 0.559) indicates a partial align-
ment between the weight updates and the observed improve-
ments. Several operators attain high weight and high success,
and exploration operators, marked with squares, tend to receive
higher weights than exploitation operators. This is consistent
with the reward (cf. Section II-A4), which emphasises imme-
diate and substantial improvements. Other operators achieve
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Fig. 3. Bootstrapped Empirical Cumulative Distribution Functions (ECDFs)
of the number of f -evaluations divided by dimension for 51 targets in
10[−8..2] across all function subgroups, with 15 instances per dimension,
shown for dimensions 2, 3, 5, 10, 20, and 40. The best 2009 (upper bound
ECDFs) is shown as a light, thick reference line. Legend: ⃝: NEVO (this
work), ✩: BIPOP-CMA-ES hansen [44], ♢: BFGS ros [45], ▽: DE-PSO
garcia-nieto [46], : RANDOMSEARCH auger [31]. Comparison datasets
were obtained from COCO [42]. Data produced with COCO v2.8.2

high weights despite low success, which indicates that frequent
selection can be rewarded even when improvement events are
rare. SO and PS illustrate this imbalance, as they achieve
high or moderate success under low or moderate weights.
The current rule, therefore, overvalues sporadic large improve-
ments and undervalues consistent incremental progress, while
remaining insensitive to diversity and delayed benefits.
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Fig. 4. Relationship between mean operator weight and mean success rate.
Each point represents an operator, with colour indicating operator identity. r
corresponds to the Pearson correlation coefficient.

Subsequently, Fig. 5 details operator weights across di-
mensions and BBOB categories. In 2D and 3D, exploration
operators (except CF) consistently receive weights greater than
0.52 across categories, whereas certain exploitation operators



(SO, TS, GM) remain suppressed below 0.4. PS and SA
occupy intermediate positions (0.4-0.6). As dimensionality
increases (5D-10D), the same exploration-dominant pattern
persists, with GX, DE, and GS surpassing the 0.7 mark, while
the exploitation ones remain near their initial values. In 20D
and 40D, exploration operator weights inflate substantially,
with GX, DE, and GS exceeding 1.0 and reaching 1.3-1.5 on
certain categories, while exploitation operators remain below
0.5. This weight inflation does not correspond to improved per-
formance; the ECDFs in Fig. 3 show substantial degradation
beyond 10D. The pattern reveals that the reward mechanism
systematically favours exploration operators that occasionally
produce large improvements, whereas exploitation operators
that deliver incremental refinement are consistently underval-
ued. These patterns impede effective coordination between the
exploration and exploitation phases across all dimensions.
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Fig. 5. Operator weight heatmaps faceted by problem dimension, show-
ing how operator preferences vary across BBOB problem categories. Each
heatmap corresponds to a different problem dimensionality (2D-40D).

Finally, Fig. 6 summarises computational efficiency across
the experimental setup. Evaluation throughput (Fig. 6a) de-
creases from approximately 104 evaluations per second in
2D to 103 in 40D. It is consistent with the O(ND) scaling
of candidate generation and state feature extraction. Besides,
the wall-clock time per experiment (Fig. 6b) duplicates its
value (from about 200 s to 400 s) when the dimensionality
increases from 2 to 40. It reflects both the fixed 20-second
simulation time and the overhead of the NC controller simu-
lation. Moreover, evaluating the objective function is the dom-
inant computational cost throughout, while neural simulation

overhead remains relatively constant and dimension-dependent
operations contribute sublinearly to the total execution time.
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Fig. 6. Performance summary by problem dimensionality: (a) Number of
evaluations per second, and (b) Wall-clock time required per experiment.

D. Discussion

Spike-driven operator selection via CBTL successfully co-
ordinates search operators under a standard black-box in-
terface. Strong 2D-3D target attainment and acceptable 5D
performance validate the approach, with structured operator
sequences that track state evolution. Performance degrades be-
yond 10D, with partial weight-success alignment (r = 0.559)
and systematic exploration-operator bias visible across di-
mensions. We notice that rewarding immediate improvements
undervalues incremental progress and creates an imbalance
between the exploration and exploitation phases.

Results reflect fixed resources (N = 50, M = 25, 20 s
simulation) and hybrid implementation (algorithmic candi-
date generation and evaluation). The experiments establish
the feasibility of spike-driven coordination whilst identifying
concrete limitations: scalability, reward design that balances
exploration and exploitation, and neuromorphic representa-
tions for solutions and memory.

IV. CONCLUSIONS AND FUTURE WORK

We introduced NEVO, an NC-based evolutionary optimiser in
which operator selection is implemented via spike-driven coor-
dination within a CBTL, realised through the NEF paradigm.
NEVO realises evolutionary operator coordination as a spike-
driven control loop and validates this mechanism on a standard
black-box benchmark suite, verifying its feasibility for neuro-
morphic evolutionary optimisation.

Our experiments on the noiseless BBOB suite revealed that
spike-driven action selection can sustain coherent operator
sequences and achieve strong target attainment in 2D and
3D, with acceptable behaviour in 5D. Performance deterio-
rates from 10D forth under the fixed-resource setting used
in this study. The weight statistics indicate a systematic bias
toward exploration operators, driven by a reward function that
primarily responds to immediate improvements in best fitness.

Future work should address scalability by revising the re-
ward and weight updates to account for incremental progress,
population-level improvements, and diversity maintenance.
The utility mapping should be learned online from the state
and outcomes rather than fixed, and the state encoding should
be extended to capture landscape anisotropy and rotation sen-
sitivity without increasing decoding burden. A second avenue
is to reduce hybridity by developing NC representations for



solution memory, candidate generation, and selection, and by
mapping these mechanisms to deployable substrates. Finally,
evaluation protocols should jointly report solution quality,
latency, and energy, and should include hardware-backed mea-
surements to quantify the benefits of spike-driven optimisation.
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