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Abstract. One of the goals of employing biologically inspired models of cogni-
tion in artificial systems is to capture their capacity for robustness and adaptation.
In biological organisms, this capability is often linked to degeneracy, the ability
of structurally different elements to support the same function, allowing recovery
from damage or loss. This paper investigates the impact of artificially induced
degeneration on Dynamic Neural Field (DNF) models used for implementing
cognitive behaviour in robotic systems. Using a simulated sorting task, we sys-
tematically analyse the resilience of DNFs under neuron loss and synaptic disrup-
tion, and we examine whether relearning can reorganise degraded architectures
to restore correct behaviour. Two experiments are presented: the first evaluates
robustness under progressive degeneration, while the second explores the poten-
tial of relearning to reorganise the neural connections within the deteriorated ar-
chitecture. Our results show that DNFs maintain functionality across substantial
degradation and can adapt through retraining. These findings provide quantitative
evidence that DNFs, through their inherent degeneracy, offer a promising basis
for robust and adaptive robotic systems.

Keywords: Dynamic Neural Fields, Biologically-Inspired Robotics, Degener-
acy, Robustness, Relearning

1 Introduction
In recent years, there has been growing interest in developing biologically plausible

models of cognition for controlling artificial agents [6]. Some of this interest stems from
the remarkable adaptability and resilience observed in intelligent biological systems,
which can be attributed to one fundamental characteristic known as degeneracy [11,19].

Degeneracy is an ubiquitous property in biological systems, from genes to neural
networks and evolution itself [3]. It refers to the capacity of structurally different ele-
ments to contribute to the same function or outcome, ensuring that if one component is
compromised, others can compensate and preserve behaviour [17,29]. A real-life illus-
tration of this phenomenon is observed in individuals with Huntington’s disease, where
even after losing 10% of brain tissue, they can still perform cognitive tasks at levels
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comparable to those without the condition [5]. If robotic systems could emulate this
resilience, they could operate reliably in demanding contexts such as space missions,
disaster zones, or long-term deployments where repair is impossible.

Building on this perspective, Tononi et al. pioneered the quantitative measurement
of degeneracy using an Information Theoretic approach, distinguishing it from redun-
dancy and complexity in simulated artificial neural networks [28]. Subsequent studies
have applied these metrics across diverse complex systems such as random boolean
networks [10], Hodgkin–Huxley neural networks [16], genetic networks [14], digital
system design to obtain fault-tolerant circuits [15], dynamical systems [13], biological
networks [7], and to optimize component level network structures [20]. By harness-
ing degeneracy as a design principle, computational models can achieve robustness and
adaptability beyond classical engineering solutions. In robotics, this opens opportuni-
ties for fault-tolerant and adaptive control [11, 19].

Dynamic Neural Field (DNF) models have been widely used as bio-inspired con-
trol architectures for robotic systems [4]. They provide a computational framework that
links neural processing to behaviour through the dynamics of neural populations [23].
Within such populations, individual neurons typically have different but overlapping
selectivity, so that many neurons, but not necessarily all, respond to a given stimulus.
The resulting activity patterns are shaped not only by feed-forward inputs but also by
recurrent excitatory and inhibitory couplings within the neural pool. Such a popula-
tion representation is thought to have several computational advantages over a “local-
ist” representation [22] (in which the stimulus information is provided by the activity
of a single neuron [21, 27]): it reduces the uncertainty associated with the substantial
variation of single-neuron activity across repeated presentations of the same stimulus;
generalises more easily to similar inputs; and contributes to the brain’s ability to re-
sist external perturbations such as damage or failure of individual or small groups of
neurons. Moreover, distributed representations are considered to be more biologically
plausible, given that electrophysiological recordings have illustrated their extensive use
within the cortex [18, 30].

When designing control architectures for artificial systems, a question we continu-
ally face is: should entities (e.g., colours or targets) be represented by single neurons or
by bumps of population activity? While the representation of discrete entities, such as
coloured objects and target containers, can be achieved through single-neuron dynam-
ics, the vulnerabilities of this approach are evident: a single neuron’s death could dis-
rupt the entire system. Population-based representations are generally considered more
robust to such failures. However, the extent and limits of this robustness remain insuffi-
ciently characterised. In particular, it is not yet clear how much degradation DNFs can
withstand, which parts of the architecture are most critical, and under what conditions
relearning can actually restore lost functionality.

In this paper, we study the effects of artificially induced degeneration (defined as
the systematic loss of neurons or synaptic connections) on DNF architectures used for
robot control. Using a simulated sorting task, we analyse how resilience manifests un-
der different forms of degradation, identifying where the architecture is most vulner-
able and how performance deteriorates as degeneration progresses. We also examine
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whether relearning can reorganise degraded architectures, allowing lost behaviours to
be recovered.

2 Modelling concepts
2.1 Experimental scenario

To address the research questions, two experiments were conducted using the same
simulated scenario. In this scenario, a robotic system was designed to execute a simple
sorting task, as shown in Fig. 1 (see Supplemental Material for video demonstration).
This setup consists of: i) a UR10e robotic arm with an OnRobot RG2 gripper; ii) seven
object shapes, each with a distinctive colour (red, green, yellow, blue, orange, indigo, or
violet); iii) a camera that detected and processed the hue values of the objects; and iv)
a semicircular structure composed of seven uniformly spaced containers (the angular
distance between the centres of each container is 4°).

OnRobot RG2

Camera

Coloured
object

Semicircular structure

Container

28˚ 0˚4˚

10˚ 

UR10e &

Fig. 1. Experimental setup showing the robotic sorting system, composed of a UR10e robotic
arm equipped with an OnRobot RG2 gripper, a camera for hue detection, and a semicircular
structure with seven uniformly spaced containers (centres 4° apart).

The robot autonomously picked up each object and, based on its colour, placed
it into the corresponding container. This association, which object goes where, was
learned through a process of learning from demonstration and associative learning.
When the robot successfully placed an object inside its respective container, we consid-
ered it to have exhibited correct behaviour. Conversely, any deviation from this (place-
ment on other containers or no generation of behaviour at all) is considered a misbe-
haviour. This pick-and-place task is well-suited to measure the impact of degeneration
because it allows for a clear analysis of correct and incorrect behaviour.

In the first experiment, inducing degeneration, the DNF architecture was progres-
sively subjected to several artificial degenerative conditions (including neuron death,
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synaptic connection decline, and disruption), until it could no longer generate any be-
haviour. These computational conditions were inspired by characteristic patterns of
human neurodegenerative diseases: communication inefficiency in Huntington’s dis-
ease [24], gradual synaptic weakening in Alzheimer’s disease [26], and selective neuron
loss in Parkinson’s disease [9]. By tracking how each condition degraded the system’s
output, we were able to characterise the model’s resilience.

In the second experiment, recovering from degeneration, the architecture was
again exposed to these conditions until the robot started misbehaving. We then investi-
gated the potential for recovery through relearning, exploring the concept of artificial
neuroplasticity, i.e. the ability of a degraded architecture to reorganise its connections
and restore previously correct behaviour.

2.2 Model architecture
Controlling the robotic system is a neural architecture comprised of two coupled

DNFs: the perceptual field and the output field (Fig. 2). The perceptual field, uper, re-
ceives a transient Gaussian input representing the hue value of the object detected by
the vision system. This field is tuned to maintain a self-sustained and self-stabilised
bump of activation, thus even after the external stimulus is removed, the bump persists,
encoding the hue value of the observed object. This is akin to human perception, where
the representation of certain stimuli persists, even if they become absent, until a new
stimulus is encountered [8].

The output field, uout , represents the different possible placement angles within the
semicircular structure. A bump of activation in this field encodes the target placement
angle for the robot to place the object. Unlike the perceptual field, the activation bump
in the output field is not self-sustained, i.e. it relies on external stimuli provided by the
perceptual field to generate a supra-threshold, self-stabilised bump of activation.

0
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uout

Perceptual field
uper

0
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Output field

pper

poutθ

xper

xout
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wper → out

Fig. 2. Control architecture composed of two coupled DNFs: the perceptual field encodes object
hue, and the output field encodes the target placement angle. Inter-field connections (wper→out )
are learned associatively. A transient stimulus induces a bump in the perceptual field, which drives
activation in the output field.

2.3 Model details
In DNFs, neural populations are represented as continuous activation fields, where

each point in the field corresponds to the average activation level of a specific group
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of neurons. These activation fields evolve based on interactions between neighbouring
populations, which can be excitatory or inhibitory. DNFs are capable of emulating a
wide range of cognitive processes, including memory, perception, and decision-making,
providing a principled framework to study the continuous dynamics that underlie these
functions [2, 4, 23].

The specific DNF model employed here follows the formulation originally proposed
by Amari to describe pattern formation in neuronal tissue [1]. The population dynamics
in each field, i = {per,out}, are governed by:

τiu̇i(xi, t) =−ui(xi, t)+hi + si(xi, t)+
∫

kuiui(xi − x′i)g(ui(x′i, t))dx′i +qξ (xi, t) (1)

here ui(xi, t) represents the average membrane potential at time t of field i at neural
position xi in a spacial dimension which is a subset of Rd , see implementation details
in [4]. hi(< 0) is the resting potential (a measure of the baseline activation level), si(xi, t)
represents time-dependent localised input at site xi from an external source or intercon-
nected fields. The constant τi defines the time scale of the field dynamics. The output
function g(ui) dictates that only neurons surpassing a predetermined threshold of acti-
vation contribute to the interaction (this function can take the form of, e.g., a Heaviside
or a Sigmoid function). The interaction kernel kuiui(xi,x′i) defines the coupling strength
between any two neural positions in the field. ξ is added Gaussian white noise, with
strength q (this is used to model the uncertainty seen in actual neurons and also helps
in decision making).

All parameters were manually tuned to ensure stable field dynamics and are avail-
able at Supplemental Material. In terms of field dimensions, the perceptual field was
discretised with spatial step dxper = 0.5, a maximum spatial extent of xmax

per = 360, and
comprises a total of Nper = xmax

per /dxper = 720 neurons. The output field used dxout = 0.1,
xmax

out = 28, and Nout = 280 neurons.
External input to the perceptual field is given by a Gaussian stimulus centred in

pper, with amplitude a, and width σ , at a certain time t, defined by:

sper(xper) = aexp
[
−
(xper − pper)

2

2σ2

]
(2)

The perceptual field then projects to the output field through weighted inter-field
connections:

sout(xout , t) =
∫

g(uper(xper, t))wper→dec(xper,xout , t)dxout (3)

where wper→dec(xper,xout , t) is the inter-field weight, at time t, from neural position xper
in the perceptual field to xout in the output field.

Both fields employ a Gaussian interaction kernel:

kuiui(xi − x′i) = cexp
[
− (xi − x′i)

2

2σ2

]
− cglob (4)

where the amplitude c determines the maximum strength of the connection, σ controls
the width or spread of the influence, and cglob represents a global inhibition constant
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offset. This choice stems from the need to have, at most, a single activation peak in
each field at any given time t.

2.4 How learning occurs
The sorting task, which object goes where, was learned through a process of learn-

ing from demonstration and associative learning. During learning, the perceptual field
(uper) received a stimulus corresponding to the hue value of an object (sper), while the
output field (uout ) was given a stimulus centred around the corresponding target place-
ment angle (star

out ). This process effectively “showed” the robotic system the association
between each object’s hue and its correct placement angle within the structure. During
this period, the feedforward input from the perceptual to the output field (sout ) was dis-
abled, and the output function of the output field is defined as the target output (g(utar

out)).
The inter-field connection weights wper→out between uper and uout , were computed

using a model based on the Delta Rule for associative learning in DNFs [25]:

τw
δwwper→dec(xper,xout , t)

δwt
= g(uper(xper, t))g(uout(xout , t))

× (eper→dec(xper, t)−η wper→dec(xout ,xout , t)) (5)

where the term −η wper→dec(xper,xout , t) is a decay term for avoiding local minima
[12]. The error term eper→dec(xper, t) defines the difference between the desired target
activity and the current input received by each neuron in the output field:

eper→out(xper, t) = g(utar
out(xout , t))−U(xout , t) (6)

where U(xout , t) denotes the total input to each position in the output field:

U(xout , t) =
∫

g(uper(xper, t))wper→out(xper,xout , t)dxper (7)

2.5 The degenerative conditions
The artificial degenerative conditions implemented in this study were designed as

computational analogues of neurodegenerative phenomena observed in humans. They
allow us to systematically investigate how the loss of neurons or synaptic integrity af-
fects the performance of DNF architectures.

A common manifestation of neurodegenerative disease is the progressive death of
neurons, as seen, for instance, in Parkinson’s disease. To mirror this phenomenon, we
devised two distinct computational methods:

– C1 - ”Deactivate Pre-Synaptic Neurons”: This approach randomly selects a unique
neuron in the perceptual field and sets its activation value to zero.

– C2 - ”Deactivate Post-Synaptic Neurons”: Randomly designate a unique neuron in
the output field and, similarly, set its activation value to zero.

Neurodegenerative conditions can also lead to a breakdown in synaptic connections
(e.g. Huntington’s, or Alzheimer’s). Our computational strategies for simulating this
phenomenon involve three distinct methods:
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– C3 - ”Deactivate Inter-Field Weights”: Here, a unique inter-field weight is randomly
selected and assigned a value of zero.

– C4 - ”Randomise Inter-Field Weights”: This approach introduces randomness to
the inter-field weights by selecting a random unique weight and assigning it a value
between the initial weight matrix’s maximum and minimum values.

– C5 - ”Reduce Inter-Field Weights”: To mimic the decrease in efficiency of inter-
neuronal communication, we systematically diminish the strength of a random
unique non-zero weight by 95%.

3 Experiment 1 - Inducing degeneration
The first experiment examined the robustness of DNF architectures i.e. the abil-

ity to maintain stable and reliable responses, when subjected to repeated instances of
neural and synaptic degeneration. All software and implementation details required to
reproduce the experiments are publicly available (see Supplemental Material).

3.1 Methodology
For each condition and each colour, we iteratively degraded the condition-specific

elements of the architecture. Throughout these experiments, we tracked the centroid of
the activation bump in the output field over time, capturing its fluctuations. This allowed
us to observe deviations from its original position and assess behavioural stability.

Each experimental trial consisted of two phases: a setup stage and an iterative de-
generation stage. During the setup stage, a Gaussian stimulus centred at position pper
was introduced in the perceptual field, and the field dynamics were allowed to stabilise
to establish a baseline equilibrium before degeneration. In the subsequent iterative de-
generation stage, we applied a certain amount of degeneration and allowed the fields
to stabilise accordingly. We repeated this process until all neurons in the output field
exhibited sub-threshold activation levels, marking the point of functional failure, when
the system could no longer produce meaningful output. In practical robotic terms, this
would imply a complete loss of task-relevant behaviour. After each full degradation
cycle, all fields were reset to their initial state, and the procedure was repeated for the
desired number of trials. The effects of each condition (C1–C5) are illustrated in simu-
lation videos provided in the Supplemental Material.

3.2 Results and analysis
Each condition was tested using inputs corresponding to the seven possible object

colours, resulting in 200 trials per condition-colour pair, and a total of 1,400 trials per
condition. For each case, we recorded three key metrics: i) the average number of iter-
ations for the bump of activation to disappear; ii) the average number of degenerative
iterations for misbehaviour; and iii) the maximum deviation (Table 1).

Disappearance of the activation bump
The architecture exhibited the greatest sensitivity under C1 (deactivation of pre-synaptic
neurons), where the activation bump disappeared after only 22.75 ± 0.40% neurons
were affected. In contrast to this, C2 (post-synaptic deactivation) tolerated much higher
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Table 1. Impact of different degenerative conditions on the DNF architecture. Metrics include
the percentage of affected elements at which the output field’s activation bump disappears, the
onset of misbehaviour, and the maximum deviation in output angle. Values are reported as mean
± standard error (SE).

Degenerative Conditions Affected Elements at
Bump Disappearance (% ± SE)

Affected Elements at
Misbehaviour (% ± SE)

Max. Absolute
Deviation (° ± SE)

C1 – Deactivate pre-synaptic neurons 22.75 ± 0.40 14.77 ± 1.44 7.07 ± 0.80
C2 – Deactivate post-synaptic neurons 89.66 ± 0.32 87.46 ± 1.29 2.15 ± 0.72
C3 – Deactivate inter-field synaptic connections 92.21 ± 0.04 92.21 ± 0.04 1.13 ± 0.09
C4 – Randomise inter-field synaptic connections 87.13 ± 0.12 87.13 ± 0.12 1.58 ± 0.28
C5 – Reduce inter-field synaptic connections by 95% 92.67 ± 0.04 92.67 ± 0.04 1.09 ± 0.07

degeneration, with 89.66 ± 0.32% neuron loss before the disappearance. The inter-
field synaptic conditions (C3–C5) showed similarly high tolerance, with disappearance
thresholds above 87%.

This pronounced sensitivity to pre-synaptic degeneration reflects the reliance on the
perceptual field’s self-sustained activity once the external stimulus is removed. Without
sufficient excitatory input, the perceptual representation collapses, preventing activation
from propagating to the output field.4

Onset of misbehaviour
Misbehaviour appeared earliest under C1, at 14.77 ± 1.44% affected neurons, confirm-
ing that degradation in the perceptual field rapidly disrupts the system’s overall func-
tion. Under C2, misbehaviour began slightly earlier than bump disappearance (87.46 ±
1.29% vs. 89.66 ± 0.32%).

In contrast, when lesioning the inter-field synaptic connections (C3–C5), misbe-
haviour coincided with bump disappearance, indicating that performance remained cor-
rect until connectivity was almost completely lost. This behaviour demonstrates that
DNFs are particularly robust to synaptic disruption, even when large fractions of inter-
field connections are deactivated, randomised, or severely weakened.

Maximum deviation of activation bump
Condition C1 produced the largest deviation (7.07 ± 0.8°). In a real-world setting, such
deviations could lead to frequent misplacements, making the system unreliable in en-
vironments requiring high precision. C2 showed a much smaller maximum deviation
(2.15 ± 0.72°), while in the inter-field conditions (C3-C5), there were no centroid mea-
surements above or below acceptable limits.

The analysis reveals distinct sensitivities and robustness within the architecture un-
der the different degenerative conditions. The architecture demonstrates a remarkable
degree of robustness to degeneration in inter-field synaptic connections (C3, C4, and
C5), as evidenced by consistent performance without misbehaviour and limited abso-
lute deviation. The same can be said, to a lesser extent, regarding the deactivation of
post-synaptic neurons (C2). On the other hand, the architecture is most vulnerable to
the deactivation of pre-synaptic neurons (C1), leading to faster disappearance of the

4 An alternative design could make the output field self-sustained, but this would mean the robot
would maintain internal placement representations even in the absence of perception, which
would be undesirable in this task context.
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bump, increased misbehaviour, and larger absolute deviations. Nevertheless, despite
severe structural loss, the system retains correct behaviour in most conditions, demon-
strating quantitative evidence of degeneracy.

4 Experiment 2 - Recovering from degeneration
The second experiment investigated whether relearning could serve as a restora-

tive mechanism within a degraded DNF architecture. Understanding relearning in this
context is interesting: if a DNF-based controller can recover lost functionality through
relearning, system replacement may be avoided, improving operational efficiency and
longevity [19].

4.1 Methodology
In this experiment, the architecture was progressively degraded until the robot be-

gan to misplace objects. At that point, a relearning procedure grounded in associative
learning principles was applied. Deactivated neurons and synaptic connections were
excluded from this phase; only functional (”healthy”) neural elements participated in
the relearning process. This ensured that the reacquired behavioural patterns resulted
solely from reorganisation among functional components rather than reactivation of
damaged ones. Thus, we focused on the three conditions involving structural loss:
C1 (pre-synaptic neuron deactivation), C2 (post-synaptic neuron deactivation), and C3
(inter-field connection deactivation). Conditions C4 and C5, which merely altered or
weakened weights, were excluded since relearning in those cases would ensure recov-
ery.

We began the experiment by introducing incremental degeneration to the architec-
ture, gradually degrading its functionality at specific intervals, depending on the con-
dition. After each round of degeneration, we assess the architecture’s performance by
observing its ability to exhibit the correct behavioural responses for the different object
colours. Degeneration continued as long as the robot executed the task correctly. Once
misbehaviour occurred, degeneration ceased, and the relearning phase was initiated.

During relearning, the robot was re-exposed to the correct hue–target associations
through repeated demonstrations. Subsequently, we reevaluated the robot’s performance.
If the robot successfully resumed correct behaviour, the relearning procedure was deemed
a success; otherwise, the process was repeated up to a predefined maximum number of
demonstrations.

For each trial, we recorded the number of relearning cycles required for successful
recovery. This allowed us to understand whether relearning is possible and measure
how many demonstrations are needed to restore the desired behavioural dynamics for
different levels of degeneration.

4.2 Results and analysis
Deactivation of inter-field synaptic connections
In the deactivate weights condition (C3), the architecture was subjected to a systematic
degeneration of inter-field synaptic connections in increments of 0.5% (equivalent to
1008 connections per step). The first signs of behavioural failure appeared at 89.5%
degeneration (Fig. 3).
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Fig. 3. Impact of deactivating inter-field synaptic weights (C3) on the DNF architecture’s ability
to recover correct behaviour. Bar plots show the percentage of failed and recovered behaviours
across degeneration levels, with diamond markers indicating the mean relearning cycles and stan-
dard error.

As degeneration progressed beyond 89.5%, the proportion of fields displaying failed
behaviour rose sharply, from 0.68% at 89.5% to 100% at 95% degeneration. The aver-
age number of relearning cycles necessary for the recovery of failed behaviours also
increased substantially, from one demonstration at 89.5% to an average of 27.98 cycles
at 99% degeneration. Additionally, the rising standard error across higher degeneration
levels indicates increasing variability in recovery effort, suggesting that the architec-
ture’s capacity to reorganise becomes progressively unstable near the upper limits of
deterioration. Despite the severe loss of connectivity, full behavioural recovery was
achieved through relearning up to 99.5% degeneration. Beyond this threshold, no archi-
tecture was able to regain correct performance, indicating a clear point of no return.

Deactivation of post-synaptic neurons
The results from exposing the architecture to the deactivation of post-synaptic neurons
condition (C2) tell a slightly different story from the previously analysed condition, as
shown in Fig. 4. The first signs of incorrect object placement appeared at 80% degen-
eration, with a sharp increase in failed behaviour percentage from 0% to 9.36% after
just a 0.278% degeneration step (equivalent to one neuron per step). This failure rate
remained stable up to 86.12% degeneration, and during this phase, no architectures
regained correct behaviour, as indicated by the absence of recovery markers.

Beyond 86.48% degeneration, the percentage of failed behaviour increased expo-
nentially; however, the relearning effort remained constant until 96.56% degeneration.
The recovery rate followed an approximately Gaussian distribution, peaking at 52.17%
between 92.96% and 93.32% degeneration. This recovery distribution suggests that
neuron deactivation leads to a less predictable and more variable recovery process com-
pared to synaptic loss. While some regions of the architecture were able to reorganise
or reroute information through remaining neurons, others became irreparably compro-
mised. This uneven response is further reflected in the sharp increase in standard error
at higher degeneration levels. At 99.08% degeneration, the standard error rose from
0.088 to 2.368, indicating greater instability in the architecture’s ability to recover. As
more post-synaptic neurons were deactivated, the architecture struggled to stabilise, and
relearning became increasingly irregular and resource-intensive.
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Fig. 4. Impact of deactivating post-synaptic neurons (C2) on behavioural recovery. Bars show
the proportion of failed and recovered behaviours; diamond markers represent mean relearning
cycles with standard error.

The difference between the deactivation of post-synaptic neurons and the deacti-
vation of synaptic weights stems from the more foundational role the output field has
within the architecture. Deactivating synaptic weights reduces connectivity strength but
maintains the structural integrity of the neural architecture, allowing for recovery via
relearning. In contrast, deactivating post-synaptic neurons directly impairs the archi-
tecture’s capacity to integrate information, leading to more severe and less recoverable
behaviour failures.

Deactivation of pre-synaptic neurons

When the architecture was subjected to the loss of pre-synaptic neurons (C1), its be-
havioural recovery exhibited distinct dynamics compared to the other types of degener-
ation. This is to be expected due to the critical role that the pre-synaptic neurons play
in transmitting information to the output field (previously discussed in Section 3).

As degeneration increased (discrete steps of 0.1389%; one neuron per step), the be-
haviour recovery rates decreased rapidly, as shown in Fig. 5. At a degeneration level of
10%, recovery remained relatively high at 87.5%. However, this rate dropped sharply
to a minimum of 14.29% at 12.64% degeneration. Interestingly, beyond this point, the
recovery rate increased again, reaching a secondary peak of 37.7% around 13.75%,
before declining once more. This Gaussian-like pattern (similar to that observed un-
der C2) suggests that the neural architecture was engaging compensatory mechanisms.
These mechanisms likely involved strengthening inter-field synaptic connections or re-
cruiting previously unused neurons to compensate for the lost pre-synaptic neurons and
restore functionality. Eventually, the recovery rate continues to decline, indicating that
the ongoing loss of pre-synaptic neurons overwhelms the architecture’s ability to re-
organise and maintain behaviour. Another key distinction between the response to C1
and other conditions (C2 and C3) is seen in the evolution of the average number of
relearning cycles, which shows considerable variability without a clear pattern.

These results suggest that DNF architectures possess an inherent capability for self-
repair, demonstrating that relearning enables the establishment and reorganisation of
neural connections within degraded architectures, ultimately restoring the system’s ini-
tial behavioural patterns.
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Fig. 5. Impact of deactivating pre-synaptic neurons (C1) on the architecture’s capacity to recover
behaviour. Bars show the proportion of failed and recovered behaviours; diamond markers repre-
sent mean relearning cycles with standard error.

5 Conclusion
Drawing inspiration from biological systems, this work investigated the impact of

neural degeneration on Dynamic Neural Field (DNF) architectures, focusing on their ro-
bustness and adaptive capacity. We conducted two experiments using a DNF-based con-
trol architecture in a simulated robotic sorting task, where objects of different colours
were placed into corresponding containers. The architecture was progressively sub-
jected to controlled degeneration, allowing us to determine the thresholds at which
the system ceased to exhibit correct behaviour and to investigate whether a degraded
system could recover its original functionality through relearning.

Our results provide quantitative evidence of degeneracy in DNF architectures. Even
under substantial neural lesioning, the models maintained functionality, mirroring the
mechanisms observed ubiquitously in biological systems. Furthermore, the experiments
demonstrated that DNFs can reorganise and retrain their connections to restore cor-
rect behaviour after degeneration, exhibiting a form of artificial neuroplasticity. This
adaptive capacity distinguishes population-based DNF representations from traditional
single-neuron or localist approaches, which typically fail under similar conditions.

These findings suggest that DNF-based architectures offer a promising framework
for developing fault-tolerant and self-repairing robotic systems. Their ability to main-
tain correct behaviour under degradation, and to recover through relearning, positions
DNFs as a biologically grounded pathway toward resilient neuromorphic and autonomous
systems capable of long-term operation despite hardware decay.

Supplemental Material
Simulation videos (Å https://youtu.be/) and source code (§ https://github.com/)

supporting this work are available online.

– Main experiment demonstration video Å SsyoWnwk bQ.
– Degeneration condition visualizations Å: C1 unw0WvjJgUo, C2 PVp4vy-tr1s, C3

j5ee1HWHE0o, C4 LQqGd8gHywA and C5 DKjHoB4Hzw4.
– Code repository §: Jgocunha/dynamic-neural-field-degeneration.

https://youtu.be/SsyoWnwk_bQ
https://youtu.be/unw0WvjJgUo
https://youtu.be/PVp4vy-tr1s
https://youtu.be/j5ee1HWHE0o
https://youtu.be/LQqGd8gHywA
https://youtu.be/DKjHoB4Hzw4
https://github.com/Jgocunha/dynamic-neural-field-degeneration
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