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Abstract

Dynamic Neural Fields (DNFs) offer a biologically grounded frame-
work for modelling continuous-time neural dynamics underlying a
wide range of cognitive and sensorimotor functions. Despite their
expressive power, DNF architectures are typically designed and
tuned manually, as their nonlinear dynamics and kernel-based in-
teractions make systematic design and parameterisation difficult.
As a result, constructing functional DNF models requires expert
knowledge and iterative trial-and-error. We introduce NEAT-DNFs,
a neuroevolutionary framework that extends NeuroEvolution of
Augmenting Topologies (NEAT) to the automated synthesis of DNF
architectures. In NEAT-DNFs, neural fields and inter-field inter-
actions are encoded as evolvable genes, enabling the joint evolu-
tion of intrinsic parameters and architectural topology. This allows
continuous-time neural dynamics to be discovered autonomously,
without manual tuning. We evaluate NEAT-DNFs on a hierarchy
of benchmark tasks of increasing complexity. Initial tasks target
core Dynamic Field Theory (DFT) mechanisms, including detection,
working memory, and selection. We then consider more demanding
problems that require the emergence of intermediate neural fields,
thereby testing the framework’s capacity for structural innovation.
Across all tasks, NEAT-DNFs reliably evolves compact and stable
architectures, increasing structural complexity only when neces-
sary. This work bridges neuroevolution and DFT, establishing a
foundation for the automated design of biologically inspired neural
field models.
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1 Introduction

By representing neural activity as spatially distributed activation
fields shaped by nonlinear interaction kernels, Dynamic Neural
Fields (DNFs) provide a principled and interpretable account of
population-level neural dynamics [8, 23]. These properties have
made DNF architectures attractive for modelling cognitive pro-
cesses and sensorimotor control in embodied agents [5, 7, 20, 27, 29].

Despite their expressive power, DNF systems are typically hand-
crafted: designers specify both field parameters (e.g., time constants,
resting levels, kernel profiles) and architecture (the number of fields
and their couplings). Because DNF dynamics are highly nonlinear
and sensitive to parameter changes, this process is time-consuming,
hard to transfer across tasks, and biased by prior assumptions [13],
limiting scalability and broader adoption.

Evolutionary computation offers a natural alternative. By search-
ing directly in the space of dynamical systems, evolutionary meth-
ods can discover parameter configurations and structures that give
rise to desired behaviours without requiring explicit design [11].
Prior work has shown that evolutionary strategies can optimise
DNF parameters [10, 13, 19], but these approaches assume a fixed
topology, leaving the more fundamental problem of architectural
discovery unaddressed.

In parallel, neuroevolution has produced methods that evolve
both parameters and topology in Artificial Neural Networks (ANNs)
[4, 6, 17]. Among these, NeuroEvolution of Augmenting Topolo-
gies (NEAT) enables incremental complexification while protecting
innovation through speciation [25], and has been widely validated
for discrete-time, weight-based networks [18]. Extending NEAT to
DNFs, however, is non-trivial: continuous-time NEAT variants for
Continuous Time Recurrent Neural Networks (CTRNNS) exist, but
they still evolve nodes and scalar synaptic weights [16, 18], whereas
DNFs are spatially extended, kernel-coupled dynamical systems
whose computation arises from interaction kernels over continuous
feature dimensions. Consequently, genome encodings, mutation
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operators, and compatibility metrics must be reformulated in terms
of fields and kernels, not neurons and weights.

In this paper, we introduce NEAT-DNFs, a neuroevolutionary
framework that extends NEAT to the evolution of DNF architectures.
Genomes encode both intrinsic field dynamics and kernel-defined
inter-field couplings, enabling joint optimisation of spatiotempo-
ral dynamics and topology via parametric mutation and structural
operators that add fields and interactions. We evaluate whether
NEAT-DNFs can (i) tune intra-field dynamics, (ii) discover func-
tional inter-field transformations, and (iii) introduce hidden fields
only when intermediate processing is required. These questions
are tested on a progression of tasks with increasing dynamical
and architectural demands, chosen to reflect core DFT mechanisms
(detection, working memory, and selection instabilities) as well as
two established paradigms, Delayed Match-to-Sample (DMTS) [15]
and Inhibition of Return (IOR) [12]. By analysing evolved archi-
tectures and their resulting dynamics, we assess both behavioural
performance and how task-driven topological complexity emerges.

The remainder of this paper is organised as follows. Section 2
reviews background on NEAT and DNFs. Section 3 presents NEAT-
DNFs, including its encoding and evolutionary operators. Section 4
describes the evaluation tasks, and Section 5 reports the results.
Sections 6 and 7 discuss the implications and limitations of the
approach and conclude with directions for future work.

2 Background
2.1 NeuroEvolution and NEAT

Neuroevolution applies evolutionary algorithms to the optimisation
of neural systems, historically focusing on ANNSs. Early work often
evolved connection weights under fixed topologies, which can limit
scalability by constraining representational capacity and imposing
designer biases [11, 28].

NEAT introduced a constructive alternative by evolving both pa-
rameters and topology simultaneously [25]. It begins with minimal
networks and incrementally complexifies them through mutations
that add nodes and connections. Historical markings enable mean-
ingful crossover between differing topologies, while speciation
protects novel structures during optimisation. This combination
has made NEAT a foundational method in neuroevolution and a
basis for many subsequent variants [18].

Later extensions adapted NEAT ideas to broader representations,
including indirect encodings and substrate-based approaches (e.g.,
HyperNEAT) [24] and spatially organised field structures [14]. How-
ever, these methods are still primarily formulated for point-neuron
networks in which computation arises from scalar synaptic weights
(in discrete or continuous time). They therefore do not directly
transfer to neural field models, where behaviour depends on contin-
uous feature dimensions and interaction kernels rather than scalar
weights between neurons.

2.2 Dynamic Field Theory and Dynamic Neural
Fields

DFT provides a mathematical framework for modelling neural pop-
ulation dynamics as continuous-time dynamical systems defined
over continuous feature spaces. Rather than representing computa-
tion through discrete neuron activations, DFT characterises neural
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processing in terms of the evolution of spatially distributed activa-
tion fields whose behaviour emerges from local excitation, lateral
inhibition, and external input [8, 23].

At the core of DFT are DNFs, which describe the temporal evo-
lution of activation over a continuous dimension. An activation
field u(x, t), defined over a spatial or feature dimension x, evolves
according to a nonlinear differential equation [2]:

tu(x, t) = —u(x,t) + h+s(x, t)
+ / kuu(x = x")g(u(x’, t))dx" + qé(x, 1) (1)

Here u(x, t) represents the average membrane potential at time
t at neural position x, where x belongs to a continuous subset of R
[7]. The resting level h(< 0) sets the baseline activation of the field,
while s(x, t) represents time-dependent external input originating
either from sensory stimulation or from other neural fields. The
time constant 7 governs the intrinsic temporal dynamics of the field,
determining how rapidly activation evolves in response to input.
Nonlinearity arises through the output function g(u) (imple-
mented as a sigmoid with steepness f = 5.0), which ensures that
only sufficiently activated neural populations contribute to re-
current interactions. The interaction kernel k,, (x, x") defines the
strength and spatial extent of coupling between neural populations
at positions x and x’. Finally, ¢ represents Gaussian white noise,
with amplitude g, which captures stochastic neural variability.
The interaction kernel largely determines a field’s dynamical
regime. In this work, we consider two standard kernel parameteri-
sations used in DFT: a Gaussian profile and a Mexican-hat profile
implemented as a difference of Gaussians [23], both with global
inhibition. Commonly, Gaussian kernels with global inhibition are
chosen to promote competitive selection, whereas Mexican-hat
kernels are used to support multi-peak dynamics and sustained
activation [9, 26, 27]. These associations, however, are not hard
constraints: both kernel types can realise selection, multi-peak,
or sustained regimes depending on parameter settings (e.g., ex-
citation/inhibition balance and the strength of global inhibition).
Because NEAT-DNFs explores a broad parameter space, we treat
the kernel type as a structural choice while allowing evolution to
determine the resulting regime through parameter optimisation.
We define the Gaussian kernel with global inhibition as:

712

%) — Aglob (2

where A and o control the amplitude and spatial spread of local
excitation, and Agep provides approximately uniform inhibition.
Increasing Aglob Suppresses competing activations and can enforce
winner-take-all selection.

We parameterise the Mexican-hat kernel as a difference of Gaus-
sians with global inhibition:

kuu(x—x") = Aexp(—
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kuu(x — x') = Aexe exp(—#)
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where local excitation (Aexc, Oexc) is balanced by broader lat-
eral inhibition (Ajnh, 0inh). Depending on the excitation-inhibition
balance and global inhibition, this type can stabilise one or more
activation peaks after input removal, but can also yield competitive
selection. Overall, smooth variation of these parameters enables
transitions between dynamical regimes, making kernel parameters
natural targets for evolutionary optimisation.

Complex architectures are constructed by coupling multiple
neural fields. When a field u projects to a field v, the output from
u provides spatially structured input to v via convolution with an
interaction kernel [29]:

solx.) = / o (6 — x')g (', 1))’ @

Here s,(x,t) represents the input to field v, and ky,(x — x’)
defines how activation at position x” in field u influences position
x in field o, [9, 26, 27]. As with self-interactions, inter-field kernels
may adopt Gaussian or Mexican-hat profiles (Equations 2 and 3).

2.3 Prior Evolution of Dynamic Neural Fields

Several studies have explored evolutionary and stochastic optimisa-
tion for tuning parameters of neural field models [3, 10, 13, 19, 21].
Collectively, these works provide important proof-of-concept re-
sults, demonstrating that evolutionary optimisation can be used to
parametrise DNFs.

However, their scope is fundamentally limited. The architectures
considered consist of a single neural field or a small, manually
specified set of coupled fields, and evolution operates exclusively
on parameter values. The structure of the system itself remains
fixed and hand-designed. From an evolutionary computation per-
spective, this is a critical limitation, as many cognitive and control
functions emerge not only from parameter values but from the
interaction among different neural populations; this gap motivates
the development of NEAT-DNFs.

3 Algorithm Description

As in NEAT, evolution proceeds through a population of genomes
that undergo mutation, crossover, and selection, with innovation
protected via historical markings and speciation. However, the
representation of individuals, the mutations, and the compatibility
distance metric are redesigned to operate directly on DNFs.

Each solution in NEAT-DNFs encodes a DNF-based architecture
composed of multiple interacting neural fields. Evolution begins
from an ultra-minimal configuration, consisting of just randomly pa-
rameterised input and output fields with no inter-field connections.
From this starting point, evolution incrementally complexifies ar-
chitectures by introducing new interactions and intermediate fields
only when they provide a fitness advantage.

3.1 Genome Encoding

The genome in NEAT-DNFs consists of two gene types: field genes
and interaction genes. Together, they encode both the intrinsic pa-
rameters of individual neural fields and how they are connected, as
shown in Figure 1.

3.1.1 Field Genes. Each field gene represents a single DNF and en-
codes: (i) a unique identifier; (ii) a categorical role (input, hidden, or
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output); (iii) intrinsic field parameters, including the time constant
7, resting level h, and the type and parameters of the self-interaction
kernel. Input fields receive external stimuli, output fields generate
the model’s observable responses, and hidden fields are internally
evolved units that mediate processing and have no direct interac-
tion with the external environment. Field genes, therefore, define
the intra-field dynamics that govern how activation evolves over
time and space. Since the choice of kernel type itself is evolvable,
through evolution, fields may exhibit qualitatively different com-
putational regimes, such as winner-take-all selection, sustained
working memory, or single/multi-peak representations

3.1.2 Interaction Genes. Interaction genes encode the connections
between pairs of fields. Each interaction gene specifies: (i) the source
and target field identifiers; (ii) the type and parameters of the self-
interaction kernel; (iii) an enabled/disabled flag; and (iv) a historical
innovation number. When enabled, an interaction gene induces a
convolution-based projection from the source field to the target
field, shaping how activity propagates between fields. Interaction
kernels may be excitatory or inhibitory and may adopt Gaussian
or Mexican-hat profiles. As with field genes, kernel parameters are
subject to evolutionary optimisation, allowing evolution to discover
both the strength and spatial structure of inter-field communication.

3.2 Evolutionary Operators

NEAT-DNFs supports both parametric and structural mutations,
allowing evolution to refine existing internal field dynamics while
progressively expanding architectural complexity as needed.

3.2.1 Parametric Mutations. Parametric mutations operate on ex-
isting genes without modifying the underlying topology. For field
genes, these mutations adjust intrinsic dynamical properties, in-
cluding the resting level A, time constant 7, and the parameters of
the self-interaction kernel. Evolution may also switch the kernel
type between Gaussian and Mexican-hat profiles. Kernel parame-
ter values are incremented or decremented, enabling the gradual
refinement of field behaviour.

For interaction genes, parametric mutations similarly modify
the parameters of inter-field interaction kernels. These include
adjustments to kernel amplitudes and widths, changes in kernel
type, and inversions of interaction polarity between excitatory and
inhibitory influences.

3.2.2  Structural Mutations. Three different structural mutations
modify the topology of the architecture. One operator adds a new
interaction between two previously unconnected fields, creating an
additional pathway for activation flow with randomly initialised
kernel parameters. This mutation establishes connectivity between
fields without altering the number of fields and is critical for signal
propagation.

A second structural operator introduces a new hidden field along
an existing connection. Rather than adding a field in isolation, this
mutation replaces an existing interaction with: an input connec-
tion from the original source field to the new field, followed by an
output connection from the new field to the original target. The
parameters of the outgoing interaction inherit those of the origi-
nal connection, while the incoming interaction is initialised with
pre-defined parameters. This was designed as an attempt to limit
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Figure 1: Genotype-to-phenotype mapping in NEAT-DNFs.

The left panel displays the genomic representation (genotype),

which contains four field genes (two input, one hidden, and one output) and three interaction genes that define connections
between fields. The right panel illustrates the corresponding decoded DNF-based architecture (phenotype).

the disruptive effects on existing functionality, allowing the new
field to be gradually integrated and optimised through subsequent
parametric mutations.

In addition to these additive operators, the system supports a
toggle mutation that enables or disables existing interaction genes.
Disabling an interaction removes its influence from the phenotype
without deleting the underlying genetic material. This reversible
mutation allows evolution to explore alternative information flow
configurations, silence pathways, and later reactivate them if selec-
tion pressures change.

3.3 Historical Markings and Crossover

As genomes diverge through structural mutations, recombination
becomes non-trivial due to topological mismatches. NEAT-DNFs
adopts NEAT’s historical marking mechanism to address this prob-
lem. Each structural innovation is assigned a globally unique in-
novation number at the time of its creation, which is inherited by
offspring.

During crossover, genomes are aligned according to innovation
numbers. Matching genes are inherited randomly from either par-
ent, while disjoint and excess genes are inherited from the fitter
parent. Disabled genes remain disabled in the offspring, preserv-
ing the integrity of previously silenced pathways while allowing
reactivation through future mutations.

3.4 Speciation and Compatibility Distance

Structural mutations can introduce new fields or interaction path-
ways whose benefit only emerges after several generations of para-
metric refinement. To protect such innovations from premature
loss, NEAT-DNFs incorporates a speciation mechanism that extends
NEAT’s original compatibility-based approach to kernel-defined
neural interactions.

Individuals are partitioned into species based on a compatibility
distance §, that captures both architectural and functional differ-
ences. Two genomes are considered similar if they share a compa-
rable topological structure and exhibit similar spatial interaction
profiles. The compatibility distance is defined as:

¢k + caD + K 5)
N N

where E and D denote the number of excess and disjoint genes,
respectively, and N is the size of the larger genome, used to nor-
malise for architectural complexity (with N = 1 for genomes with
less than 5 genes). The coefficients c,, ¢g and cx control the relative
influence of structural and functional differences. X is a kernel differ-
ence term that aggregates parametric differences across matching
interaction genes.

In standard NEAT, functional similarity between connections is
assessed through scalar weight differences. This assumption does
not hold for DNF-based models, where interactions are defined by
spatial kernels whose effects depend on multiple parameters. In
NEAT-DNFs, functional similarity is therefore evaluated at the level
of interaction kernels rather than individual weights. Thus, X is
defined by:

d=

K=cq ) la} —all+cy Y |w} —wl| (©)
ieM ieM

where M is the set of matching genes, a%, a?, wil, and wiZ denote the
amplitude and width parameters of the corresponding kernels in the
two genomes. The coefficients c, and c,, weight the contribution of
amplitude and spatial extent differences. For Gaussian kernels, these
parameters correspond directly to the kernel amplitude and spread;
for Mexican-hat kernels, they refer to the excitatory component’s
amplitude and width.

As in NEAT, fitness sharing is applied within species to prevent
dominance by a single lineage and to maintain diversity. Reproduc-
tive opportunities are allocated in proportion to (shared) species
fitness.

3.5 Stagnation Management

To improve search efficiency and mitigate evolutionary stagnation,
NEAT-DNFs incorporates several regulatory mechanisms that mod-
ulate reproductive opportunities based on fitness performance. At
the population level, if global fitness plateaus for ten generations,
reproduction is restricted to the two highest-performing species
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to redirect evolutionary pressure toward the most promising ar-
chitectural subtypes. Within individual species, any species failing
to demonstrate fitness improvements over seven generations is
classified as stagnant and excluded from further reproduction. Fur-
thermore, the framework implements a conditional elitism mech-
anism where species containing more than five members grant
their highest-performing “champion” guaranteed passage to the
subsequent generation without modification.

3.6 Fitness Evaluation

Each genome is evaluated by simulating the corresponding DNF
architecture in response to task-specific input patterns. External
stimuli are applied to input fields as spatially localised Gaussian
inputs:

2
sopu(s) = 3 Aexp -5 )
where p; denotes the stimulus position, A its amplitude, and
o its width. In all experiments reported in this paper, Gaussian
stimuli use fixed values of A = 20 and ¢ = 5. These values were
chosen to ensure reliable supra-threshold activation across the
range of resting levels explored during evolution, while keeping
the input spatially localised enough to evaluate position-specific
field responses.
The resulting spatiotemporal activity patterns across neural
fields are evaluated using a set of task-dependent behavioural fitness
measures f;, which are combined into a single scalar fitness score:

f=2 wf (®)
Np

where wy, specifies the relative importance of behaviour b.

Fitness evaluation is based on observable spatiotemporal prop-
erties of field dynamics. Across all tasks considered in this work,
successful behaviour can be characterised in terms of a small num-
ber of qualitative criteria: whether an activation peak exists, where
it is located, how strong and spatially extended it is, or whether the
field remains near its resting state. Accordingly, we define a small
set of reusable behaviour fitness functions that can be combined in
different ways to form task-specific fitness functions.

To evaluate whether a field forms activation peaks with desired
properties, we compute a fitness score based on (i) the number of
supra-threshold peaks, and for the peak closest to the target, (ii) its
position, (iii) amplitude, and (iv) width:

0.45 0.30

1+ |nactual - ntarget| 1+ |pclosest - ptarget|
0.15 0.10

ﬁ)ump =

©)

1+ |aclosest - atarget| 1+ |Wclosest - Wtarget|

For tasks in which a field is expected to return to baseline, we
assess proximity to the resting level using:

1
1+ |umax — A

(10)

Where up,ax represents the maximum activation value across the
field.

fresting =
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Finally, to explicitly penalise undesired supra-threshold activa-
tion, we define:

fno peaks = {1 thmax < 0 (11)
This function assigns maximal fitness when no activation peaks
are present and applies an exponential penalty when positive acti-
vations occur.
Task-specific fitness functions are constructed by selecting and
weighting appropriate subsets of these behavioural fitness measures,
depending on the requirements of the task.

exp(-10 Umax), Umax = 0.

3.7 Implementation and Parameter Settings

All experiments use the same evolutionary and simulation settings;
parameters were not tuned for any specific task. We hold these
settings constant across tasks to isolate the effect of task constraints.
Values were selected experimentally, and performance is robust to
moderate variations. To support reproducibility and adoption, the
implementation of NEAT-DNFs and the complete hyperparameter
specification are publicly available at €) Jgocunha/neat-dnfs.

4 Experimental Evaluation

Our evaluation follows the modelling philosophy of DFT and there-
fore does not target standard pattern-recognition benchmarks. In-
stead, we use a hierarchy of tasks where behaviour must emerge
from continuous-time neural dynamics.

4.1 Core Dynamics

The first set of experiments primarily evaluates whether NEAT-
DNFs can evolve intrinsic neural field parameters to reproduce
fundamental dynamic mechanisms central to DFT, which consti-
tute the foundational building blocks of more complex cognitive
architectures.

4.1.1 Detection Instability. This task evaluates whether transient
external input induces a localised activation peak that propagates
from the input field to the output field, followed by a return to
baseline after stimulus removal. A Gaussian stimulus (p = 50)
is applied to the input field for Atg i, = 200ms, followed by a
“stimulus-free” period of Aty s¢im = 400ms. Successful solutions
must satisfy four equally weighted criteria: (i) formation of an
activation peak in the input field during stimulation; (ii) formation
of a corresponding peak in the output field; (iii) decay of input field
activity to resting level after stimulus removal; and (iv) decay of
output field activity to resting level after stimulus removal.

4.1.2  Memory Instability. The memory task extends the detection
scenario by requiring the output field to maintain a stable activation
peak in the absence of input, corresponding to working memory.
The stimulus protocol is identical to the detection task, with a
stimulus duration of At = 200 ms, followed by a post-stimulus
period of Aty stim = 600 ms. The input field is required to return
to resting level after stimulus removal, while the output field must
maintain a stable activation peak. Fitness evaluation differs from
the detection task only in the requirement for self-sustained output-
field activation.
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4.1.3  Selection Instability. The selection task evaluates the emer-
gence of competitive, winner-take-all dynamics. Two spatially dis-
tinct stimuli (p; = 25, p, = 75) are presented simultaneously to
the input field for At = 200 ms. During stimulation, the input
field must represent both activation peaks, while the output field
must stabilise a single peak at one of the stimulus locations. After
stimulus removal, both fields are required to return to resting level
after a Aty stim = 600 ms period.

4.2 Compositional Tasks Requiring
Architectural Innovation

While the core dynamics tasks primarily test parameter optimi-
sation, the central contribution of NEAT-DNFs lies in its ability
to evolve architecture. The following tasks cannot be solved by
a two-field architecture alone and require the introduction of at
least one intermediate neural field that is capable of memorising
previously seen stimuli, in order to bias future decision-making.

4.2.1 Delayed Match-to-Sample. The DMTS task is defined on a
one-dimensional circular feature space (colour hue), discretised into
N =360 points. Each trial consists of three phases: (i) sample phase
(Atsample = 200 ms): a single colour/hue stimulus is presented; (ii)
delay phase (Atgerqay = 600 ms): no external input is applied; and (iii)
test phase (At;ess = 200 ms): two colours (match and non-match)
are presented.

Fitness is the mean of six equally weighted criteria assessing
input and output field dynamics across the three task phases. Dur-
ing the sample phase, both input and output fields must form an
activation peak at the sample location. During the delay phase, both
fields must return to baseline while information about the sample is
maintained internally. During the test phase, the output field must
selectively respond only to the matching stimulus location.

4.2.2 Inhibition of Return. For the Inhibition of Return (IOR) task,
the spatial domain is discretised with N = 100. A single cue stimulus
is presented either on the left or right half of the domain for At =
200 ms, followed by a stimulus-free interval of Atgejqy = 400 ms.
In the test phase, At;es; = 200 ms, both left and right cues are
presented, and the new cue should be detected first.

Fitness is evaluated using five equally weighted criteria. During
the cue phase, both input and output fields must form an activa-
tion peak at the cued location. After cue removal, activity must
decay in both, but an internal inhibitory trace must persist. Upon
presentation of both cues, the new one should be detected first.

5 Results

All reported results are based on 100 independent evolutionary runs
per task, using a fitness threshold of 0.95 across all behavioural
fitness components to determine successful convergence. All tasks
achieved a 100% success rate. Table 1 summarises convergence
behaviour and emergent architectural properties of the evolved
solutions across all tasks.

5.1 Quantitative Evolutionary Performance

Across the core dynamics tasks (detection, memory, and selection
instabilities), NEAT-DNFs converges reliably and fast. Detection
and memory reach the fitness threshold in a median of 1 and 2
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Table 1: Convergence and emergent architectural complexity
across tasks. Convergence is reported as the median number
of generations required to reach the fitness threshold. Archi-
tectural complexity is reported as mean + standard deviation
of the number of hidden fields and enabled inter-field con-
nections.

Median Hidden Fields Enabled Connections

Task Gen. (mean =+ sd) (mean =+ sd)
Detection 1 0.00 = 0.00 1.00 £ 0.00
Memory 2 0.00 £0.10 1.00 + 0.00
Selection 9 0.23 £0.51 1.41 +1.09
DMTS 44 1.29 + 0.50 3.57 £1.27
IOR 57.5 1.19+0.39 3.43 £ 0.96

generations, respectively, indicating that these regimes are typi-
cally discovered with minimal search. Selection converges more
slowly (median 9 generations), consistent with its stronger dynam-
ical requirements. The selection task requires the input field to
exhibit multi-peak dynamics while the output field implements
winner-take-all competition to select a single location. Because
both stimuli are presented simultaneously at equal amplitude, suc-
cessful solutions must realise a narrowly tuned competitive regime.
Overall, rapid convergence on these foundational mechanisms pro-
vides a stable substrate for subsequent structural complexification,
enabling later tasks to build on robust core dynamics.

For the DMTS and IOR tasks, convergence occurs over substan-
tially longer evolutionary timescales while remaining reliable. Both
tasks require structural innovation in the form of an additional
memory field, along with finely tuned couplings from this field
to the output. In DMTS, the memory-to-output coupling needs
to provide an excitatory bias that supports the delayed matching
(median 44 generations). In IOR, the corresponding coupling must
be inhibitory to produce the delayed suppression of the previously
cued location (57.5 generations).

5.2 Emergence of Topological Complexity

A central claim of this work is that NEAT-DNFs introduces struc-
tural complexity only when functionally necessary. The architec-
tural statistics in Table 1 strongly support this claim.

For all core dynamics tasks, successful solutions almost exclu-
sively retained minimal two-field architectures, consisting only
of the initial input and output fields. Occasional runs introduced
additional structure, but such cases were rare and did not confer
performance advantages.

In contrast, tasks requiring an internal representation of previ-
ously presented stimuli consistently induce architectural growth.
In DMTS, successful solutions exhibit 1.29 + 0.50 hidden fields and
3.57 + 1.27 enabled connections on average. These additional fields
enable the system to maintain stimulus information during the
delay period and to bias subsequent selection during the test phase,
functionality that cannot be achieved by a two-field architecture
alone. A similar pattern is observed for IOR, where evolved archi-
tectures contain 1.19 + 0.39 hidden fields and 3.43 + 0.96 enabled
connections on average. Here, intermediate fields support delayed
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Figure 2: Representative highest-fitness minimal-topology phenotypes for the (a) DMTS and (b) IOR tasks. Both solutions
consist of a three-field architecture in which an intermediate self-sustained field maintains a memory of the previously seen
sample or cue. Through an excitatory (DMTS) or inhibitory (IOR) coupling to the output field, this memory either positively or

negatively biases future decisions.

inhibitory influences on the output field, reducing responsiveness
to previously attended locations and biasing selection toward novel
alternatives.

For both the DMTS and IOR tasks, the evolved architectures are
near-optimal, as the minimal viable solution requires only a single
hidden field and three inter-field connections.

5.3 Evolved Field Dynamics

To complement the quantitative results above, we analysed the
internal field dynamics of representative high-fitness solutions for
the two most complex tasks, DMTS and IOR. Figure 2 describes the
evolved minimal topologies for both tasks, while Figure 3 shows the
corresponding field dynamics across task phases. Visualisations of
the phenotypes and spatiotemporal field dynamics for all tasks are
provided in the accompanying video @ youtu.be/tgNbhQQRmbM.

5.3.1 Delayed Match-to-Sample. Figure 2a illustrates a representa-
tive evolved solution for the DMTS task. The majority of successful
solutions converge to a minimal three-field, three-connection ar-
chitecture comprising an input field, an output field, and an added
hidden field that exhibits working-memory dynamics.

The corresponding field dynamics are shown in Figure 3a. Dur-
ing the sample phase, the input field forms an activation peak at
the sample location (yellow hue pgip, = 60) and drives activation
to both the output and the working-memory fields through evolved
excitatory couplings, producing peaks in both fields. After stimulus
removal (delay phase), activity in the input field decays to resting
level, while the working-memory field maintains a self-sustained

activation peak, encoding an internal representation of the yel-
low sample. This activation propagates to the output field via the
evolved coupling, pre-shaping it into a subthreshold bump at the
remembered location. During the test phase, two competing stimuli
(yellow and purple hue pg;im = 60, 270) are presented and detected
by the input field. Selection then emerges in the output field, which
stabilises a single activation peak at the location consistent with
the previously seen sample.

5.3.2 Inhibition of Return. Figure 2b shows a representative evolved
solution for the IOR task. As in DMTS, successful solutions typically
exhibit a three-field architecture, with the third field acting as a
working-memory. The key difference lies in the evolved inhibitory
projection from the memory field to the output field.

Field dynamics for the representative solution are shown in
Figure 3b. During the initial cue phase, a stimulus at one spatial
location (left side ps;im = 20) is detected by the input field, and
activation propagates to both the output field and the memory field,
producing peaks at the cued location. After cue removal (delay), the
memory field maintains a self-sustained peak, preserving a trace of
the previously attended cue.

Depending on the duration of the delay, the output field under-
goes either a period of facilitation, in which an existing slowly de-
caying pre-shape from the input field lingers, so that re-presentation
of the same stimulus would lead to faster activation. At later times,
inhibitory input from the memory field suppresses activity at the
previously cued location, producing a “negative pre-shape”. During
the test phase, when competing stimuli are presented (left and right
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Figure 3: Representative highest-fitness minimal-topology field dynamics for the (a) DMTS and (b) IOR tasks. (a) DMTS:
activation is stored as a self-sustained trace during the delay and biases the output to select the matching test stimulus. (b) IOR:
a sustained activation produces localised inhibition at the cued location, shifting output selection toward the novel location.

cues, pstim = 20, 80), this localised suppression delays re-selection
of the cued location and biases the output field toward the novel
location, reproducing inhibition-of-return behaviour.

6 Discussion

The results in this paper show that NEAT-DNFs can evolve both
DNF parameters and topology to solve a range of behavioural tasks.
By extending NEAT-style complexification to continuous-time,
kernel-based interactions, the framework can autonomously gener-
ate foundational DFT mechanisms —detection, working memory,
and selection — without manual design. Core behaviours emerge
in compact two-field solutions, while tasks that genuinely require
intermediate processing (DMTS and IOR) reliably discover addi-
tional hidden fields. Importantly, the resulting architectures remain
interpretable: when extra structure appears, it tends to take on
clear functional roles (e.g., working-memory), rather than adding
arbitrary complexity.

There are also clear limitations. First, the approach still depends
on hand-designed evaluation criteria: fitness functions encode what
counts as the “right” spatiotemporal behaviour, which requires
domain knowledge and can shape what evolution discovers. Second,
while single-objective optimisation is sufficient for the benchmarks
here, scaling to richer tasks will likely benefit from multi-objective
formulations. Multi-objective NEAT variants have been shown to be
effective in broader settings, and incorporating a similar approach
into NEAT-DNFs is a natural next step [1, 22].

Finally, the scalability of NEAT-DNFs to higher-dimensional
fields and larger, multi-layer DFT architectures remains open. The
tasks in this study required limited structural innovation; the more
demanding test is whether evolution can reliably discover multi-
field architecture for embodied agents. A direct next step is to
evaluate NEAT-DNFs in closed-loop sensorimotor control problems
where DFT has been successful, and to study whether the same task-
driven emergence of structure holds under real-time constraints
and dynamic environments.

7 Conclusion

We introduced NEAT-DNFs, a neuroevolutionary framework that
extends NeuroEvolution of Augmenting Topologies (NEAT) to the
automated synthesis of Dynamic Neural Field (DNF) architectures.
By encoding neural fields and kernel-defined inter-field couplings
as evolvable genes, NEAT-DNFs jointly optimises intrinsic field
dynamics and architectural topology, enabling the autonomous
discovery of interpretable Dynamic Field Theory (DFT)-style com-
putational mechanisms without manual tuning.

Across a hierarchy of tasks, NEAT-DNFs reliably evolves compact
solutions and increases structural complexity only when required
by task demands. In particular, for tasks that require internal state
(DMTS and IOR), evolution consistently discovers intermediate
memory fields and functionally appropriate couplings that bias
subsequent decisions through excitatory pre-shaping or delayed
inhibition. These results establish NEAT-DNFs as a step toward scal-
able, interpretable evolutionary synthesis of biologically grounded
dynamical controllers.
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