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Abstract

Evolutionary Developmental Robotics

The field of robotics has long grappled with the challenge of creating adaptive
learning systems that efficiently acquire new skills while maintaining previously
learned capabilities. Traditional approaches rely on hand-engineered features and
rigid architectures that struggle to generalize across diverse environments. While
deep reinforcement learning has shown success, these methods suffer from sample
inefficiency and require extensive computational resources that limit real-world
deployment.

This research introduces two novel bio-inspired frameworks that translate natural
regulatory mechanisms into computational advantages for robotic learning. The
first contribution presents a Bio-Inspired Adaptive Rate Modulation (BIARM)
framework that coordinates four computational modules corresponding to key
neurotransmitter functions: dopamine for reward-based adaptation, serotonin for
stability control, norepinephrine for attention gating, and acetylcholine for knowl-
edge integration. Unlike existing methods that optimize single factors indepen-
dently, BIARM implements coordinated multi-factor adaptation using organiza-
tional principles derived from biological neuromodulation.

The second contribution explores Gene Regulatory Networks (GRNs) for vision-
based robotic control, representing robot states as gene expression levels and using
evolutionary optimization to discover regulatory relationships that map sensory
inputs to motor commands. This approach leverages fundamental biological prop-
erties including bounded dynamics, sparse connectivity patterns, and natural tem-
poral reasoning without explicit memory modules.

Experimental validation demonstrates significant effectiveness. BIARM achieves
performance improvements ranging from 1.06% to 155.94% over baseline Progres-
sive Neural Networks across four OpenAl Gymnasium environments, while the
GRN-based controller achieves 57.5% success rate in the KukaDiverseObjectEnv
benchmark with up to 13.7x reduction in training time compared to established
reinforcement learning baselines. These results demonstrate that biologically-
inspired principles can offer algorithmic advantages for autonomous system design.

Keywords: Evolutionary developmental robotics, bio-inspired learning, neuro-
modulation, gene regulatory networks, adaptive systems, multi-task learning, robotic
control, evolutionary computation.
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INTRODUCTION

The development of truly autonomous robotic systems remains one of the cen-
tral challenges in robotics and artificial intelligence. Despite decades of progress,
robots continue to struggle with the dynamic and unpredictable nature of real-
world environments [1, 2]. This limitation stems from a fundamental mismatch
between deterministic, model-dependent control paradigms and the inherent vari-
ability characterising real-world interactions [1, 3].

Classical behaviour-based architectures [4] provided important insights into reac-
tive control systems but proved insufficient for complex manipulation tasks requir-
ing sophisticated learning and adaptation. While these frameworks successfully
demonstrated that intelligent behaviour could emerge from simple reactive mech-
anisms [5], they lacked the capabilities necessary for robots to acquire new skills
autonomously or adapt based on experience.

The emergence of bio-inspired robotics offered a promising alternative by drawing
inspiration from biological systems that have evolved sophisticated mechanisms
for adaptation and robust control [6, 7]. However, many bio-inspired approaches
have focused on superficial mimicry rather than incorporating the fundamental
principles underlying biological intelligence. Evolutionary robotics, which applies
evolutionary algorithms to automatically design robot controllers, has made sig-
nificant contributions [8, 9], yet critical limitations remain.

Contemporary deep reinforcement learning methods, while achieving impressive
results in specific domains [10, 11, 12], suffer from severe sample inefficiency, of-
ten requiring millions of interactions to learn relatively simple tasks [2, 13]. This
inefficiency becomes particularly problematic in robotics, where each physical in-
teraction carries temporal and economic costs that make extensive exploration
prohibitively expensive [14].



Recent approaches have achieved remarkable success in game-playing and specific
robotic tasks [15, 16, 17|, yet fundamental challenges persist. Sample inefficiency,
catastrophic forgetting in continual learning [18], and brittleness under distribu-
tion shift [19] constrain practical deployment. The gap between simulated and
real-world performance, commonly known as the reality gap, continues to limit
the transferability of learned behaviours [20].

The continual learning problem represents a particularly critical challenge. When
learning new tasks, artificial systems typically suffer catastrophic forgetting, los-
ing previously acquired knowledge [21, 18]. Architectural solutions like Progressive
Neural Networks [22] and regularisation methods such as Elastic Weight Consol-
idation [18] address this problem partially, but these approaches fail to capture
the sophisticated coordination mechanisms that enable biological systems to learn
continuously throughout their lifetimes.

The efficiency gap between biological and artificial learning is striking [23, 24]. Bio-
logical organisms acquire adaptive capabilities through developmental programmes
that coordinate growth, learning, and adaptation across multiple temporal and
spatial scales [25, 26], achieving a degree of efficiency that artificial systems have
yet to match. This efficiency stems not from unlimited computational resources
but from the coordinated action of multiple biological mechanisms refined through
evolutionary processes.

These observations motivate a fundamental reconsideration of how we approach
learning and adaptation in robotic systems [27, 28]. Rather than pursuing incre-
mental improvements to existing paradigms, this thesis explores whether insights
from developmental biology, gene regulatory networks, and neuromodulatory sys-
tems can provide a more principled foundation for creating adaptive robotic sys-
tems [29, 30].

Research Questions

This investigation is guided by several key research questions addressing both
theoretical and practical aspects of bio-inspired robotics.

First, how can sophisticated mechanisms governing biological development, from
gene regulatory networks to neuromodulatory systems, be translated into com-
putational frameworks that enhance learning efficiency and robustness in robotic
systems? Biological development represents a proven solution to coordinating
complex adaptive processes across multiple scales, from molecular interactions to
organism-level behaviour [31].



Second, can neuromodulatory principles, which coordinate learning and adapta-
tion in biological brains through multiple neurotransmitter systems, be effectively
implemented in artificial systems to overcome the limitations of fixed-parameter
learning algorithms? This question is motivated by extensive neuroscientific re-
search demonstrating that biological systems employ sophisticated mechanisms
for dynamically adjusting learning parameters based on context [28, 32, 29, 30].

Third, rather than viewing biological constraints as limitations, can these con-
straints serve as optimisation guides that focus the search process on robust solu-
tions? This question challenges the conventional assumption that more flexibility
necessarily leads to better learning performance [24, 33], aligning with recent work
on inductive biases and architectural constraints in machine learning [23, 34, 35].

Fourth, what role can gene regulatory networks, the fundamental control systems
governing cellular behaviour in living organisms, play in creating efficient and
robust robot controllers? Gene regulatory networks have evolved to solve complex
control problems in noisy, resource-constrained environments while maintaining
remarkable robustness and adaptability [31, 36].

Fifth, how do bio-inspired constraints and mechanisms affect training efficiency,
robustness, and generalisation capabilities compared to conventional approaches?
This question is critical for establishing whether bio-inspired methods offer genuine
practical advantages beyond interesting theoretical alternatives.

Finally, can the principles demonstrated in specific applications be generalised to
create a coherent framework for developmental evolutionary robotics that guides
the design of adaptive systems across multiple domains? This addresses the
broader goal of establishing developmental evolutionary robotics as a principled
approach rather than a collection of isolated techniques [27].

These research questions collectively frame an investigation into whether develop-
mental evolutionary robotics can provide a more principled and effective approach
to creating adaptive robotic systems. By grounding this investigation in specific
biological mechanisms and computational implementations, this thesis aims to
move beyond superficial biomimicry towards a deeper understanding of the com-
putational principles that make biological systems remarkably efficient and robust.

Thesis Contributions

This thesis contributes to the development and advancement of developmental evo-
lutionary robotics by demonstrating practical advantages through concrete imple-
mentations and comprehensive experimental validation. The contributions span
theoretical insights, methodological innovations, and empirical findings.



Theoretical Contributions

The primary theoretical contribution lies in synthesising and extending the de-
velopmental evolutionary robotics approach through systematic investigation of
specific biological mechanisms and their computational implementations. This
work advances the field by establishing clear design principles for bio-inspired
adaptive systems, particularly regarding the strategic use of biological constraints
as optimisation guides rather than limitations. This represents a departure from
traditional approaches that maximise flexibility, instead demonstrating empirically
how carefully chosen constraints enhance learning efficiency and robustness.

The thesis provides a systematic analysis of how neuromodulatory principles and
gene regulatory mechanisms can be effectively translated into computational frame-
works. By formalising the coordination of multiple adaptive processes, inspired by
biological neurotransmitter systems, this work contributes to understanding how
multi-factor adaptation can address limitations of single, parameter optimisation
approaches in artificial systems.

Methodological Contributions

Two methodological contibutions are presented:

Bio-Inspired Adaptive Rate Modulation (BIARM): A framework coordi-
nating four computational modules corresponding to key neurotransmitter func-
tions, dopamine for reward-based adaptation, serotonin for stability control, nore-
pinephrine for attention gating, and acetylcholine for knowledge integration. Un-
like existing methods optimising single factors independently, BIARM implements
coordinated multi-factor adaptation using organisational principles derived from
biological neuromodulation [37].

Gene Regulatory Networks (GRNs) for Robotic Control: An approach
representing robot states as gene expression levels and using evolutionary opti-
misation to discover regulatory relationships mapping sensory inputs to motor
commands. This leverages fundamental biological properties including bounded
dynamics, sparse connectivity patterns, and natural temporal reasoning without
explicit memory modules [38].

Empirical Contributions

Experimental validation demonstrates significant effectiveness. BIARM achieves
performance improvements ranging from 1.06% to 155.94% over baseline Progres-
sive Neural Networks across four OpenAl Gymnasium environments [39, 37]. The

4



GRN-based controller achieves a 57.5% success rate in the KukaDiverseObjectEnv
benchmark with a 13.7x reduction in training time compared to established rein-
forcement learning baselines.

The robustness analysis demonstrates that bio-inspired controllers maintain high
performance under noisy conditions and exhibit enhanced generalisation capabili-
ties. GRN controllers retain over 91% of their clean performance when subjected
to significant sensory noise, indicating that biological constraints contribute to
robustness rather than limiting flexibility.

These contributions establish a foundation for future research in developmental
evolutionary robotics whilst demonstrating immediate practical advantages for
robotic applications. The work provides both theoretical insights and empirical
evidence supporting the effectiveness of bio-inspired adaptive systems.

Thesis Structure

This thesis is organised into five chapters that progressively build from theoretical
foundations through specific implementations to broader implications and future
directions.

Chapter 1 presents the biological foundations of developmental evolutionary
robotics, examining gene regulatory networks and neuromodulatory systems in
biological organisms. The chapter establishes how these biological principles trans-
late into computational advantages.

Chapter 2 provides a comprehensive literature review situating this work within
the broader context of evolutionary robotics, continual learning, and bio-inspired
computation. The review systematically examines historical development, key
achievements, and persistent limitations motivating this work.

Chapter 3 presents the bio-inspired adaptive rate modulation framework for
sequential multi-task learning, providing detailed mathematical formulations, im-
plementation strategies, and experimental validation.

Chapter 4 examines gene regulatory networks for vision-based robot control,
demonstrating how this biological paradigm adapts for robotic manipulation tasks
whilst achieving remarkable efficiency improvements.

Chapter 5 provides comparative analysis integrating insights from both major
contributions, examining commonalities and differences whilst exploring possibil-
ities for their combination. This chapter addresses scalability considerations and
discusses how demonstrated principles might extend to more complex robotic ap-
plications.



The Conclusion synthesises major findings and their implications for the field
of robotics, emphasising both practical advantages demonstrated by bio-inspired
approaches and theoretical insights emerging from this investigation.

Throughout the thesis, extensive experimental validation and ablation studies
provide empirical support for theoretical claims whilst detailed mathematical for-
mulations ensure reproducibility and extensibility.
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CHAPTER 1

{BIOLOGICAL FOUNDATIONS OF DEVELOPMENTAL
EVOLUTIONARY ROBOTICS

The remarkable capabilities of living organisms, from cellular homeostasis to com-
plex adaptive behaviours, emerge from sophisticated control systems that have
evolved over billions of years. Biological control systems differ fundamentally
from engineered systems in their reliance on distributed decision-making, tempo-
ral dynamics, and robust performance under uncertainty. Understanding these
control principles is essential for developing more capable and efficient artificial
autonomous systems.

1.1 Gene Regulatory Networks in Biology

Biological control systems operate through molecular networks that work together
to sense information, make decisions, and coordinate responses across different
temporal and spatial scales. Unlike engineered control systems that typically
employ centralised processing units with deterministic control laws, biological sys-
tems achieve complex behaviours as emergent properties of distributed molecular
networks, stochastic processes, and stable regulatory mechanisms [31].

The evolution of regulatory complexity reflects fundamental computational ad-
vantages that arise from constrained, networked architectures [36]. Rather than
maximising the capabilities of individual components, evolution has favoured sys-
tems that achieve reliable performance through coordinated interactions between
relatively simple components operating within restricted parameter ranges. This
biological design philosophy contrasts with traditional engineering approaches that



seek to enhance system capabilities through additional parameter flexibility and
computational power.

Two classes of biological control systems are particularly relevant to autonomous
robotics: gene regulatory networks that govern cellular development and be-
haviour, and neuromodulatory systems that coordinate neural activity and adap-
tive behaviour. Both exhibit common characteristics, sparse connectivity, bounded
dynamics, multi-timescale operation, and inherent robustness, that could prove
highly beneficial for artificial control systems when appropriately abstracted and
implemented [40, 29].

1.1.1 Gene Regulation at the Molecular Level

The fundamental components of gene regulatory networks are regulatory DNA
sequences, transcription factors (regulatory proteins), and genes. Transcription
factors activate or repress the transcription of target genes by binding to specific
DNA sequences located in gene promoter regions. This binding exhibits sigmoidal
dose-response relationships with cooperative binding characteristics that are hall-
marks of biological regulatory systems [41].

The mathematical description of transcriptional regulation follows Hill kinetics,
where the gene expression rate depends on regulatory protein concentration:

[TE]"

K7 + [TF]» (11)

Expression Rate = Vi

where [TF] represents transcription factor concentration, K, is the dissociation
constant, n is the Hill coefficient representing cooperativity, and V., is the max-
imum expression rate [42].

This cooperative binding creates switch-like, threshold-like responses that enable
gene regulatory networks to make discrete decisions from continuous input sig-
nals [43]. The steepness of the response is determined by the Hill coefficient, with
higher values producing more switch-like behaviour. This mathematical relation-
ship provides a natural mechanism for implementing decision circuits and logic
gates without explicit programming.

1.1.2 Network Properties and Organisation

Gene regulatory networks exhibit specific organisational principles that distinguish
them from random networks. They possess scale-free topology, meaning that a few



highly connected hub genes regulate numerous targets whilst most genes have lim-
ited connectivity [44]. This architecture provides both robustness to random gene
disruptions and vulnerability to targeted removal of hubs, reflecting evolutionary
optimisation for common perturbations rather than catastrophic failures.

Network motifs, recurring patterns of regulatory circuitry, serve as fundamental
building blocks of gene regulatory networks [45, 46]. The most common mo-
tif, the feed-forward loop, filters transient signals and creates temporal delays in
responses [47]. This motif enables cells to distinguish between sustained environ-
mental signals and transient fluctuations, implementing temporal logic that makes
decision-making more reliable.

Negative feedback loops provide homeostatic control and can generate oscillatory
behaviours when combined with appropriate time delays [48]. The toggle switch
motif, composed of two mutually repressing genes, implements bistability that
enables discrete cell fate decisions [49]. These circuit motifs demonstrate how
simple regulatory connections can produce complex, robust behaviours.

Figure 1.1 illustrates a simplified gene regulatory network exhibiting the key or-
ganizational principles discussed above. The sparse connectivity pattern (24% of
possible connections) emerges from evolutionary and metabolic constraints, while
the combination of activation and inhibition enables complex regulatory dynamics.
The network exhibits several important motifs: a mutual regulatory relationship
between G1 and G2 (positive activation from G1, negative inhibition from G2), a
feed-forward loop through G2—G3—G5 with G2 also directly inhibiting G5, and
self-regulation of G3 through auto-inhibition. These regulatory patterns allow the
network to maintain homeostasis while responding to perturbations.

Feed-forward lgop
inhibition
activation

Expression: 0.2
Expression: 0.8

Sparse Connectivity: 6/25 connections (24%)

Figure 1.1: Gene Regulatory Network Architecture.



1.1.3 Examples from Developmental Biology

The circadian clock illustrates how gene regulatory networks generate autonomous
rhythms with approximately 24-hour periods [50]. This system comprises tran-
scriptional negative feedback loops where clock proteins repress their own tran-
scription with appropriate delays. The robustness of circadian rhythms to molec-
ular noise and environmental perturbations demonstrates the effectiveness of bio-
logical regulatory design principles.

Cell fate determination during development shows how gene regulatory networks
make stochastic yet discrete decisions and maintain stable cellular states [51, 52].
Cellular differentiation involves regulatory networks with multiple stable attractor
states, one for each cell type. These networks integrate developmental signals and
progressively restrict cellular potential until cells commit to specific fates that are
maintained throughout the organism’s lifetime.

The lac operon in bacteria demonstrates how gene regulatory networks process
environmental information to make metabolic decisions [53]. In the presence
of lactose and absence of glucose, the lac operon switches to a high expression
state enabling lactose utilisation. This switching involves both positive regula-
tion (through CAP-cAMP) and negative regulation (through the lac repressor),
creating a logical AND gate that integrates information about carbon source avail-
ability.

Morphogen gradient interpretation during embryogenesis shows how gene regu-
latory networks translate spatial information into sharp spatial patterns of gene
expression [54]. Morphogen proteins like Bicoid in Drosophila form concentration
gradients across developing tissues, where different threshold concentrations ac-
tivate different target genes. This establishes spatial domains of gene expression
that define body segments and organ boundaries with remarkable precision despite
the stochastic nature of molecular processes.

1.2 Neuromodulatory Systems in the Brain

Neuromodulatory systems represent a distinct class of neural circuits that differ
fundamentally from classical point-to-point synaptic transmission. Rather than
conveying specific information about sensory stimuli or motor commands, neu-
romodulatory systems broadcast signalling molecules that modify the behaviour
of large neural populations, thereby influencing learning, attention, arousal, and
other global brain states [29].
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1.2.1 The Four Major Neuromodulatory Systems

The brain employs four major neuromodulatory systems that project diffusely
throughout cortical and subcortical structures (Figure 1.2). These systems origi-
nate from small nuclei but influence vast regions simultaneously, enabling coordi-
nated regulation of learning, attention, and behavioral states [55, 56].

(a) cholinergic (b) noradrenergic

=

serotonergic dopaminergic

Lok T

Figure 1.2: Ascending Neuromodulatory Pathways in the
Brain. The four major neuromodulatory systems demonstrate
diffuse projection patterns enabling system-wide coordination: (a)
cholinergic system (attention/arousal); (b) noradrenergic system
(vigilance /novelty); (c) serotonergic system (mood/inhibition); (d)
dopaminergic system (reward/motivation). These widespread pro-
jections enable simultaneous modulation of multiple brain regions.
Adapted from O’Callaghan et al. [56]

Dopaminergic System: The dopaminergic system, with projections primarily
from the ventral tegmental area (VTA) and substantia nigra (SN), plays a crucial
role in reward processing, motivation, and learning [57]. Dopamine neurons ex-
hibit phasic responses to reward prediction errors, the difference between expected
and received rewards [58]. When reward exceeds expectations, dopamine neuron
firing increases, signalling a positive prediction error. When reward falls short
of expectations, dopamine neuron activity decreases below baseline, signalling a
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negative prediction error. This reward prediction error signal provides a teaching
signal that updates value estimates and guides future behaviour.

Serotonergic System: The serotonergic system, originating primarily from the
dorsal and median raphe nuclei, projects widely throughout the brain and influ-
ences mood, anxiety, and behavioural inhibition [32]. Serotonin operates on slower
timescales than dopamine, providing tonic control that affects behavioural policies
over extended periods. This system regulates the balance between immediate and
delayed rewards, influences risk sensitivity, and modulates behavioural flexibility.

Noradrenergic System: The noradrenergic system, emanating from the locus
coeruleus, regulates arousal, attentional engagement with salient or novel stimuli,
and behavioural responses to unexpected events [59]. Noradrenergic neurons fire
phasically to novelty regardless of valence, signalling general surprise or unexpect-
edness. The noradrenergic system primarily modulates cortical gain, adjusting
how vigorously neurons respond to their inputs.

Cholinergic System: The cholinergic system, with major projections from the
basal forebrain, enhances cortical plasticity and facilitates memory formation [60].
Acetylcholine regulates the balance between encoding new information and retriev-
ing previously stored information, operating on intermediate timescales between
tonic serotonin modulation and phasic dopamine responses.

1.2.2 Neuromodulatory Mechanisms

Neuromodulatory systems exert control over neural computation at multiple levels
of organisation through various mechanisms. At the synaptic level, neuromodu-
lators alter neurotransmitter release probability, postsynaptic receptor sensitivity,
and the balance between excitation and inhibition [29]. These actions enable the
same neural circuit to produce different output patterns depending on neuromod-
ulatory state.

At the network level, neuromodulators adjust the gain of neural responses, ef-
fectively controlling how vigorously neurons respond to their inputs. This gain
modulation enables adaptive control of signal-to-noise ratios and determines how
much influence different information sources have on decision-making [61, 62].

At the systems level, neuromodulators coordinate activity patterns between brain
regions, enabling different behavioural modes and states of consciousness [28]. The
interaction between different neuromodulatory systems creates a high-dimensional
space of brain states, with each combination of neuromodulator levels associated
with specific computational properties and behavioural tendencies.
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1.2.3 Functional Coordination

The four major neuromodulatory systems do not operate independently but in-
teract to provide coordinated influences on learning and behaviour. Dopamine
and serotonin exhibit opponent interactions, with dopamine promoting approach
behaviour and serotonin promoting avoidance [32]. The balance between these
systems affects risk-taking, persistence in the face of obstacles, and temporal dis-
counting of future rewards.

Norepinephrine interacts with acetylcholine to regulate the encoding-retrieval bal-
ance in memory systems [60]. High norepinephrine and acetylcholine favour en-
coding new information, whilst low levels favour retrieval of previously stored
information. This coordinated adjustment enables dynamic switching between
learning and exploitation.

The temporal dynamics of neuromodulatory systems span multiple timescales,
from phasic dopamine responses occurring within hundreds of milliseconds to
tonic serotonin effects persisting over hours or days [32]. This multi-timescale
organisation enables biological systems to simultaneously adapt to immediate cir-
cumstances whilst maintaining long-term behavioural policies.

Time Scale

Weeks—Years
Developmental processes
Structural reorganization

Hours—Days
Gene expression changes 4
\
Protein synthesis '

influences

|
10°-102 s Neuromodulation

\
\
]

Seconds—Minutes }

Learning rate adjustment

' modulates
1

.
Synaptic transmission

Milliseconds
Action potentials

Key Principle: Fast processes are modulated by slow processes,
while slow processes integrate information from fast dynamics

Figure 1.3: Simplified Multi-timescale coordination in bio-
logical adaptive system.

Figure 1.3 presents a simplified scheme of temporal hierarchy that enables a sophis-
ticated form of meta-adaptation: fast processes provide immediate responses while
slower processes adjust the parameters governing those responses based on accu-
mulated experience. Critically, the interactions are bidirectional—rapid synaptic
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activity drives slower changes through activity-dependent plasticity, while devel-
opmental processes establish constraints that guide learning. Current artificial
learning systems rarely integrate more than two timescales (typically training time
and inference time), representing a significant gap that developmental evolutionary
robotics addresses. Our framework (Chapters 3 and 4) implements this principle
by combining evolutionary optimization (slow timescale), developmental processes
(intermediate), and real-time learning (fast timescale).

1.3 Computational Advantages of Biological Con-
trol Systems

The control principles observed in gene regulatory networks and neuromodula-
tory systems offer several computational advantages that could be translated to
artificial autonomous systems.

1.3.1 Efficiency Through Constraints

Biological systems achieve high efficiency despite, or perhaps because of, the con-
straints under which they operate. Bounded gene expression levels, limited net-
work connectivity, and restricted parameter ranges focus evolutionary search to-
wards robust, generalisable solutions rather than exploration of the entire param-
eter space [31]. These constraints act as inductive biases that accelerate learning
and improve generalisation.

Sparse biological networks reduce computational complexity whilst maintaining
rich dynamics [40]. Biological gene regulatory networks exhibit extreme sparsity
compared to artificial neural systems. Empirical analyzes and inference studies
indicate that genes are typically regulated by only a few transcription factors
(average ~2-3 per gene) in biologically realistic networks [63], whereas artificial
neural networks often assume dense or fully connected architectures with orders
of magnitude more connections per node. This sparsity arises from metabolic
constraints, maintaining regulatory connections costs energy, but provides com-
putational advantages including improved evolvability, reduced parameter and op-
timisation complexity.

1.3.2 Robustness Mechanisms

Biological systems operate reliably despite pervasive molecular noise, environmen-
tal fluctuations, and component failures. This robustness emerges from network
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architecture rather than precise parameter tuning [51]. Redundancy, feedback con-
trol, and distributed decision-making ensure that system-level behaviour remains
stable even when individual components behave stochastically.

The nonlinear dynamics of gene regulatory networks suppress noise and sharpen
signals, enabling reliable detection of meaningful environmental cues whilst ig-
noring stochastic fluctuations [46]. Cooperative binding produces sharp threshold
functions that convert graded signals into binary decisions with reduced sensitivity
to parameter variations within physiological ranges.

1.3.3 Multi-timescale Adaptation

The temporal hierarchy described in Section 1.2.3 suggests a key computational
principle for artificial autonomous systems: simultaneous adaptation across mul-
tiple timescales, integrating rapid synaptic responses (milliseconds), intermedi-
ate neuromodulatory adjustments (seconds to minutes), and slow developmental
changes (hours to years) [32, 29].

This separation of timescales enables systems to remain responsive to immedi-
ate conditions without destabilizing learned long-term policies. Fast processes
provide immediate behavioral responses whilst slower processes adjust the pa-
rameters governing those responses based on accumulated experience. Critically,
the interactions are bidirectional: rapid activity drives slower changes through
activity-dependent plasticity, whilst developmental processes establish constraints
that guide learning [28].

Implementing multi-timescale adaptation in artificial systems remains challeng-
ing. Single learning rates or monolithic update mechanisms struggle to achieve
the balance between rapid responsiveness and long-term stability that biological
systems maintain naturally through their layered temporal architecture.

1.4 Computational Foundations for Bio-Inspired
Robotics

The biological principles described in preceding sections provide inspiration for
adaptive robotic systems, but their translation to artificial systems requires un-
derstanding the computational frameworks within which they will be implemented.
This section provides essential background on three foundational areas, reinforce-
ment learning, evolutionary computation, and robotic control, that form the tech-
nical substrate for the bio-inspired approaches developed in subsequent chapters.
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1.4.1 Reinforcement Learning Fundamentals

Reinforcement learning provides a mathematical framework for learning optimal
behavior through interaction with an environment [64]. An agent observes states
s € §, executes actions a € A, and receives rewards r € R, with the objective of
maximizing cumulative reward. The Markov Decision Process (MDP) formalism
captures this interaction through the tuple (S,A,P,R,~), where P represents
state transition probabilities, R defines the reward function, and v € [0, 1] is the
discount factor balancing immediate and future rewards.

The fundamental challenge involves learning a policy 7 : S — A that maximizes

the expected return:
Z ytrt] : (1.2)

t=0

J(m) =E sy

Value-based methods estimate action-value functions (s, a) to approximate ex-
pected returns, while policy-based and actor—critic methods directly optimize pol-
icy parameters through gradient-based updates. Modern deep reinforcement learn-
ing algorithms unify these paradigms using deep neural networks, enabling learning
in high-dimensional and continuous control settings relevant to robotics 65, 66,
10].

The challenges specific to robotic applications include continuous action spaces,
high-dimensional sensory inputs (particularly in vision-based manipulation [14]),
and sample inefficiency that makes extensive real-world training prohibitively ex-
pensive [2]. Biological systems overcome these challenges and achieve robust learn-
ing under strict resource constraints, motivating the bio-inspired approaches de-
veloped in Chapters 3 and 4, which leverage biological principles to achieve more
efficient learning whilst maintaining robust performance.

1.4.2 Evolutionary Computation Essentials

Evolutionary algorithms provide population-based optimization methods inspired
by biological evolution [67, 68]. A population of candidate solutions (individuals)
undergoes iterative cycles of evaluation, selection, and variation. Fitness eval-
uation assigns quality scores to individuals based on their performance on the
target task. Selection mechanisms, such as tournament or ranking selection, pref-
erentially choose high-fitness individuals for reproduction. Variation operators,
including mutation and crossover, generate offspring with modified characteris-
tics, introducing the diversity necessary for adaptation.

The general evolutionary cycle operates as follows:
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1. Initialize population Py of N individuals
2. For generation t =1,2,.. .

e Evaluate fitness f(z;) for each individual x; € P,
e Select parents based on fitness values
e Apply variation operators to generate offspring

e Form new population P, through selection from parents and offspring

3. Terminate when convergence criteria are satisfied or maximum generations
reached

Unlike gradient-based optimization, evolutionary algorithms do not require differ-
entiable objectives and can explore multimodal search spaces effectively [27]. This
property proves particularly valuable for optimizing neural network architectures
and parameters where the fitness landscape exhibits multiple local optima and
discontinuities.

However, evolutionary approaches typically require many function evaluations,
often millions, which becomes problematic in robotics where fitness evaluation
requires physical experiments or computationally expensive simulations. The gene
regulatory network approach developed in Chapter 4 addresses this limitation
through biological constraints that reduce the effective search space.

1.4.3 Robotic Control Context

Robotic manipulation presents unique challenges that distinguish it from purely
computational learning problems [1, 3]. The sensorimotor loop connects percep-
tion (visual, tactile, proprioceptive sensors) to action (motor commands control-
ling actuators) through a controller that must operate in real-time, handle sensor
noise and calibration drift, and respond to dynamic environmental changes includ-
ing unexpected perturbations and novel objects.

Vision-based manipulation [14] adds substantial complexity through high dimen-
sional image inputs (~10%-10° dimensions) that must be processed to extract
task-relevant features whilst discarding irrelevant visual information. The chal-
lenge intensifies in unstructured environments where object appearance, position,
and orientation vary unpredictably, requiring controllers that generalize beyond
training data.

Key challenges that constrain robotic learning include:
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e Partial observability: Sensors provide limited information about true en-
vironmental state, with occlusions, limited field-of-view, and sensor noise
preventing complete observation of task-relevant variables

e Continuous control: Many robotic tasks require continuous action spaces
(joint velocities, torques) rather than discrete choices, complicating explo-
ration and credit assignment.

e Sample efficiency: Physical experiments and high-fidelity simulations limit
the number of learning trials, making sample-inefficient methods like deep
reinforcement learning impractical for many applications.

e Sim-to-real transfer: Controllers trained in simulation often fail when
deployed on physical robots due to modeling approximations, unmodeled
dynamics, and physical parameter uncertainties [20].

e Safety constraints: Physical robots must avoid collisions and unsafe con-
figurations during exploration, restricting the learning process in ways that
purely simulated agents do not face.

These constraints motivate the search for alternative control paradigms that can
learn efficiently from limited data whilst maintaining robust performance under
real-world uncertainty. The biological principles, evolved over billions of years to
enable efficient, robust control in noisy, resource-constrained environments, pro-
vide a principled foundation for robotic learning that transcends the limitations
of conventional optimization approaches. Subsequent chapters address these chal-
lenges through multiple developped mechanisms.

1.4.4 Multi-Task and Sequential Learning Fundamentals

The challenge of learning multiple tasks sequentially without forgetting previously
acquired knowledge represents one of the most fundamental obstacles to creating
truly autonomous systems. While humans and other biological organisms rou-
tinely acquire new skills throughout their lifetimes whilst maintaining existing
capabilities, artificial neural networks typically suffer from catastrophic forget-
ting when trained on sequential tasks. This section establishes the fundamental
nature of the forgetting problem and examines how biological systems provide
insight into potential solutions, motivating the bio-inspired approaches developed
in subsequent chapters.
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The Catastrophic Forgetting Problem

Catastrophic forgetting, also termed catastrophic interference, occurs when a neu-
ral network trained on one task suffers severe performance degradation upon train-
ing on a subsequent task. This phenomenon, first systematically documented in
connectionist systems [69, 70|, reveals a fundamental limitation of gradient-based
learning in distributed representations.

Consider a sequence of tasks T = {71, 7,...,T,}, where each task 7; is charac-
terized by a dataset D; = { (xgz), yy))}jy;l drawn from a task-specific distribution
pi(z,y). A neural network with parameters 6 learns task 7; by minimizing the

empirical risk:
N
1 ¢ i i
Li(0) =+ D Uf(:6).4)") (13)
-
where f(-;6) represents the network function and £(-,-) is the task-specific loss
function.

When learning tasks sequentially, the network parameters evolve through a series
of optimization phases. After training on task 7, the parameters reach 0] =
argming £4(#). Subsequent training on task 73 then updates these parameters
toward 05 = argming £5(0). However, this optimization typically causes £;(65) >
L1(67), indicating severe degradation of performance on the first task.

The severity of catastrophic forgetting can be quantified through the forgetting
measure [T1]:

= max | (Accy — Accyy) (1.4)

where Acc; ; represents the accuracy on task 7; after training on task 7. High

values of ]-"Z-(t) indicate substantial forgetting, with empirical studies showing that
conventional neural networks can experience forgetting of 40%-90% when learning
just two sequential tasks [18]. Figure 1.4 illustrates this phenomenon, showing how
performance on Task 1 degrades rapidly when the network begins training on Task
2.

The fundamental cause of catastrophic forgetting lies in the distributed nature of
neural network representations. Unlike localist representations where each unit
encodes independent information, distributed representations require coordinated
patterns of activation across many units to encode specific information [70]. When
gradient descent modifies weights to accommodate new task information, it dis-
rupts the precise patterns required for previously learned tasks. This interference
becomes particularly severe when task domains overlap substantially, requiring
shared representations to encode different information; when network capacity
is limited, forcing competition between tasks for representational resources; and
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Figure 1.4: Catastrophic forgetting in sequential task learn-

ing. When a neural network trained on Task 1 begins training on

Task 2, performance on Task 1 degrades rapidly (shaded region), of-

ten dropping to near-random levels. This catastrophic interference

occurs because new learning overwrites the network parameters re-
sponsible for previously acquired skills.

when learning rates remain high, enabling rapid parameter modification that over-
writes previous knowledge.

The severity and ubiquity of catastrophic forgetting in artificial neural networks
stands in stark contrast to the lifelong learning capabilities observed in biologi-
cal systems, suggesting that fundamental principles underlying biological learning
differ from those implemented in standard gradient-based optimization.

Biological Perspectives and Motivation for Bio-Inspired Approaches

The catastrophic forgetting problem reveals a fundamental gap between artificial
and biological learning systems. Humans and other animals routinely acquire new
skills throughout their lifetimes whilst maintaining previously learned capabilities,
often exhibiting positive transfer where new learning enhances rather than disrupts
existing knowledge [70, 72]. This remarkable capability suggests that biological
neural systems employ mechanisms that artificial networks lack.

Neuroscientific research has identified multiple complementary mechanisms oper-
ating at different timescales and organizational levels that enable biological sys-
tems to avoid catastrophic forgetting [73]. Synaptic consolidation stabilizes impor-
tant connections through molecular modifications that resist subsequent plasticity.
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Critical synapses undergo structural changes, including spine enlargement and in-
creased receptor density, that make them resistant to disruption by new learning
whilst allowing less important synapses to remain plastic [73]. This selective sta-
bilization enables the brain to protect important knowledge whilst maintaining
the capacity to learn new information.

Systems-level consolidation gradually transfers information from rapid-learning
structures to slower-learning but higher-capacity structures. The hippocampus
initially encodes new experiences rapidly, then gradually transfers this informa-
tion to neocortical structures through repeated reactivation during sleep and rest
periods [74]. This hierarchical organization enables fast learning of new informa-
tion without immediately disrupting stable long-term memories stored in cortical
networks.

Neuromodulatory requlation dynamically adjusts plasticity based on behavioral
context and environmental demands. The neuromodulatory systems examined in
Section 1.2 provide global signals that increase learning rates when encounter-
ing novel situations whilst reducing plasticity in well-learned domains. Dopamine
signals reward prediction errors that indicate when learning is necessary, whilst
acetylcholine modulates the encoding-retrieval balance, promoting memory for-
mation during novel experiences and memory consolidation during familiar situa-

tions [60, 28].

Structural organization creates specialized circuits for different functions whilst
maintaining connections that enable knowledge transfer. The modular organi-
zation of cortical and subcortical structures provides natural separation between
different domains of knowledge, reducing interference whilst allowing coordinated
function through long-range connections [75]. This architectural principle sug-
gests that physical separation of task-specific processing, combined with controlled
knowledge transfer mechanisms, may be essential for continual learning.

These biological observations motivate the central hypothesis of this thesis: that
computational implementations of biological regulatory mechanisms can provide
more effective solutions to the continual learning challenge than purely algorithmic
approaches that ignore biological organizational principles. The biological systems
that successfully avoid catastrophic forgetting employ not single mechanisms but
coordinated systems operating across multiple scales, from molecular processes
affecting individual synapses to system-level dynamics coordinating entire brain
regions.

This multi-scale coordination suggests that effective artificial continual learning
systems may require similar integration of mechanisms operating at different or-
ganizational levels. The neuromodulatory framework presented in Chapter 3 im-
plements dynamic regulation of learning parameters based on task context and
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performance feedback, translating the principles of biological neuromodulation
into practical computational mechanisms.

1.5 From Biology to Robotics

1.5.1 Abstraction Principles

Translating biological regulatory principles into computational implementations
requires careful abstraction to capture essential features whilst omitting unnec-
essary biological details [27]. The goal is to extract the computational principles
that make biological systems effective, not to replicate biological systems in full
detail.

Three key abstraction principles guide this translation. First, preserve the struc-
tural properties that enable biological functionality, sparsity, modularity, hierar-
chy, rather than replicating specific molecular mechanisms. Second, implement
the essential nonlinearities, thresholds, saturation, cooperative interactions, that
enable biological systems to filter noise and make decisions. Third, respect the
temporal dynamics and multi-timescale structure that enable biological systems
to adapt across different time horizons.

1.5.2 Previous Computational Applications

Gene regulatory networks have been applied in evolutionary robotics with promis-
ing results [76, 77]. These implementations demonstrated that evolving both the
topology and parameters of networks can produce effective robot controllers with
the interpretability and modularity observed in natural systems.

Neuromodulatory principles have inspired learning rate adaptation methods [28],
attention mechanisms [78|, and meta-learning strategies [79]. However, most exist-
ing implementations treat individual neuromodulatory functions in isolation rather
than implementing the coordinated interactions observed in biological systems.

1.5.3 Novel Contributions of This Work

This thesis makes three significant advances over previous bio-inspired approaches.
First, it implements coordinated multi-system neuromodulation rather than iso-
lated neuromodulatory functions, capturing the interaction effects that charac-
terise biological coordination. Second, it demonstrates that biological constraints
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can provide optimisation advantages rather than limiting system capabilities.
Third, it provides systematic validation through ablation studies showing that
performance improvements result from specific biological principles rather than
general implementation characteristics.

The systematic mapping between biological mechanisms and computational im-
plementations establishes a principled framework for translating biological insights
to artificial systems. Tables 1.1 and 1.2 summarise these mappings for neuromod-
ulatory systems and gene regulatory networks, respectively, making explicit the
connections between biological properties, computational advantages, and specific
implementations.

Table 1.1: Biological-to-Computational Mapping: Neuromodula-
tory Systems

Mechanism Key Properties Computational Ad- | Implementation
vantage
Dopamine re- | Phasic responses to | Adaptive learning rates | spa modulates

ward signaling prediction errors; | based on performance; ef- | Nefective (Chapter 3)
modulates plasticity | ficient credit assignment
Serotonin  sta- | Tonic regulation; | Prevents oscillations; | 75.gr = 0.5 (slowest
bility long timescales | maintains learned knowl- | adaptation)
(hours-days) edge; temporal discount-
ing
Norepinephrine | Phasic responses | Dynamic attention al- | syg gates lateral
attention to novelty; arousal | location; exploration- | connections a%
modulation exploitation balance 7
Acetylcholine Enhances plasticity; | Knowledge integration; | Coordinates trans-
consolidation memory formation selective transfer; pre- | fer between PNN
vents forgetting columns

Multi-system Neurotransmitters Coordinated multi-factor | 4-module interaction
coordination interact (e.g., DA- | adaptation exceeds indi- | (98.0% retention vs.
5HT opponent | vidual mechanisms 93.2% baseline)
processes)
Multiple NE (seconds) < DA | Hierarchical temporal pro- | 7ng = 0.05, 75.547 =
timescales (minutes) < ACh | cessing; rapid + slow | 0.5
(hours) <  5-HT | adaptation
(days)
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Table

tory Networks

1.2: Biological-to-Computational Mapping: Gene Regula-

Mechanism

Key Properties

Computational Ad-

vantage

Implementation

Bounded gene

Expression levels

Prevents parameter explo-

Gene states x; €

expression constrained to [0,1] | sion; natural regulariza- | [0.0,1.0] with clip-
by molecular con- | tion; inherent stability ping
centrations
Sparse connec- | Only essential reg- | Reduced computational | ~ 20% sparse regula-
tivity ulatory connections | complexity; improved | tory matrix W (")
maintained due to | evolvability; enhanced
metabolic costs interpretability
Hill function co- | Cooperative protein | Natural threshold-based | H(u,0) = 02"172“2 .
operativity binding creates sig- | switching; noise filtering; | sign(u)

moidal responses

sharp decision boundaries

Molecular decay
processes

Proteins  naturally
degrade over time

Temporal memory with-
out explicit recurrence;
multi-timescale dynamics

Decay rates 0; €
[0.05,1.0]

Biological noise

Stochastic molecular
processes (n ~ 10 —

Natural exploration; pre-
vents local minima; robust

n:(t) ~ N(0,0.01%)

20%) solutions
Modular  net- | Regulatory circuits | Reusable control patterns; | Emergent from evo-
work motifs (feed-forward loops, | hierarchical organization lution (Chapter 4)
oscillators)

1.6 Conclusion

The biological and computational foundations presented in this chapter form the
scientific and technical basis for the systems developed in subsequent chapters.
Gene regulatory networks and neuromodulatory systems exemplify control princi-
ples that have been refined through evolution to achieve high efficiency, robustness,

and adaptability.

The biological understanding presented here underpins the mathematical mod-
els, experimental designs, and theoretical analyses that demonstrate the practi-
cal advantages of developmental evolutionary robotics approaches. By grounding
computational innovations in well-established biological principles, we ensure that
bio-inspired systems leverage genuine biological advantages rather than superficial

analogies.

The following chapters demonstrate how these principles translate into measurable
performance improvements in robot learning and control.
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CHAPTER 2

LTHEORETICAL FOUNDATIONS AND LITERATURE
REVIEW

2.1 Introduction

The development of adaptive robotic systems capable of continual learning and
autonomous behavior remains one of the central challenges in artificial intelligence
and robotics. This chapter establishes the theoretical foundations and reviews
the research traditions that inform the approaches presented in this thesis. The
review synthesizes insights from evolutionary computation, continual learning, bio-
inspired neural architectures, and developmental biology into a unified framework
that guides our methodological innovations.

The review progresses from historical foundations toward contemporary approaches
and open challenges. We examine evolutionary robotics, tracing how biology-
inspired optimization methods have evolved from simple controller evolution to so-
phisticated approaches incorporating morphological adaptation and novelty search.
We explore continual and multi-task learning, focusing on catastrophic forgetting
and strategies that enable sequential skill acquisition. The examination contin-
ues with adaptive learning rate methods, bio-inspired neural network design, and
computational neuromodulation. Finally, we synthesize these research streams to
identify critical gaps that motivate the contributions of this thesis.
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2.2 Evolutionary Robotics: Historical Perspec-
tive

Evolutionary robotics emerged from the convergence of evolutionary computation
and autonomous robotics in the early 1990s, representing a fundamental shift from
traditional engineering approaches toward bio-inspired automatic design meth-
ods [8, 80]. Rather than hand-designing robot controllers through laborious engi-
neering processes, evolutionary algorithms could automatically discover effective
control strategies through processes analogous to natural selection.

The intellectual roots trace back to evolutionary computation, which had demon-
strated remarkable success in optimization across diverse domains [67]. However,
applying evolutionary principles to robotics presented unique challenges that re-
quired significant methodological innovations. Unlike abstract optimization prob-
lems, robotic applications demanded controllers that operated in real-time, han-
dled noisy sensory inputs, and produced robust behaviors in dynamic environ-
ments [20].

Early work by Harvey et al. established foundational principles that continue to
guide evolutionary robotics research [80]. Their experiments demonstrated that
evolutionary algorithms could discover elegant solutions to navigation and obstacle
avoidance tasks using minimal neural architectures. The key insight was that
evolution could exploit morphological and environmental properties that human
designers might overlook.

Sims’ pioneering work on evolving virtual creatures showcased the potential for co-
evolving morphology and control [81]. By allowing both body structures and neu-
ral controllers to evolve, Sims demonstrated the emergence of locomotion strate-
gies remarkably similar to those observed in biological organisms. This work
highlighted that separating morphology from control, as traditional robotics ap-
proaches do, may fundamentally limit evolutionary design processes.

The development of NeuroEvolution of Augmenting Topologies (NEAT) by Stan-
ley and Miikkulainen represented a major methodological advancement [82]. NEAT
addressed the competing conventions problem in evolving neural network topolo-
gies through historical markings, protected structural innovation through specia-
tion, and grew networks incrementally from minimal structures. These innovations
enabled more efficient evolution of network topologies compared to fixed-topology
methods.

Novelty search, introduced by Lehman and Stanley, challenged the assumption
that optimization toward explicit objectives necessarily produces optimal results [83].
By rewarding behavioral novelty rather than objective performance, novelty search
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demonstrated that removing performance pressure can paradoxically lead to dis-
covering solutions that objective-based search fails to find. This approach proved
particularly effective in deceptive fitness landscapes where local optima trap tra-
ditional evolutionary algorithms.

Despite these advances, evolutionary robotics faces persistent challenges that limit
broader adoption. The computational expense of evolutionary processes, partic-
ularly when applied to complex neural architectures, remains a significant bar-
rier [27]. The reality gap, the difficulty of transferring evolved behaviors from
simulation to physical robots, continues to challenge practitioners [20]. Contem-
porary research addresses fundamental questions regarding fitness function design,
scalability, and integration with other machine learning techniques.

Recent developments in evolutionary robotics have expanded the field’s scope and
capabilities through several parallel tracks. Quality-diversity algorithms, partic-
ularly MAP-Elites and its variants [84, 85], have emerged as powerful alterna-
tives to traditional optimization approaches by simultaneously discovering both
high-performing and diverse solution sets. These methods have proven especially
effective for modular robotics where they generate diverse morphological stepping
stones that enable escape from local optima while building repertoires of adap-
tive behaviors [86]. The integration of deep learning with evolutionary methods
has led to neural architecture search techniques that automatically discover opti-
mal network topologies for robotic control tasks [87]. Gradient-assisted quality-
diversity algorithms such as Policy Gradient MAP-Elites and CMA-MAE [88, 89]
combine the exploration benefits of diversity search with the exploitation power
of gradient-based optimization. The field has also witnessed advances in real-
world robot evolution, moving beyond simulation-only approaches toward systems
capable of autonomous reproduction and physical evolution [90], though ethical
concerns around robot multiplication and autonomous adaptation require careful
consideration. Simultaneously, evolutionary swarm robotics [91] has demonstrated
the emergence of collective behaviors including task specialization and division of
labor through selection on group performance alone. These contemporary devel-
opments suggest evolutionary robotics is transitioning from a niche research area
toward practical applications while maintaining theoretical connections to biolog-
ical evolution and open-ended evolutionary dynamics.
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Table 2.1: Historical Development of Evolutionary Robotics Meth-

ods
Era Key Work Innovation Limitations Impact
Early Harvey et | Evolved neural con- | Small-scale; Foundation
1990s al. [80]; Nolfi & | trollers for simple be- | simulation only;
Floreano [8] haviors limited transfer

Late 1990s | Sims [81]; Lip- | Co-evolution of mor- | Reality gap; | High
son & Pollack [9] | phology and control computational

cost
2000s NEAT [82]; Hy- | Topology evolution; | Scalability chal- | Moderate
perNEAT [92] indirect encoding lenges
2010s Novelty Quality-diversity; Fitness function | High
Search 83]; | exploration-based design

[83];

MAP-Elites [84]

2017-2020 | ES for RL [93]; | Deep RL integration; | Sample effi- | High
]

CMA-ES [94 parallel evaluation ciency
2020-2022 | Surrogate- Data efficiency; auto- | Domain  speci- | Moderate
Assisted MAP- | matic modular design | ficity
Elites [95];
AutoMoDe [96]
2022-2024 | PGA-MAP- Gradient-assisted QD; | Computational | High
Elites [97]; | neural  architecture | cost; theoretical
CMA-MAE [98]; | search integration understanding
Evolutionary
NAS [87]
2024- Real-world Physical robot evolu- | Ethical con- | Emerging
Present evolution  sys- | tion; task generaliza- | cerns; validation
tems [99]; Multi- | tion; language-model | complexity
task MAP- | integration
Elites [100];
LLM-guided
evolution [101]
This GRN + Evo- | Biological con- | Validation Novel
Work lution straints as opti- | in complex
mization guides domains

2.3 Sequential Learning Architectures and Meth-
ods

Having established the fundamental challenge of catastrophic forgetting in Sec-
tion 1.4.4, we now examine how researchers have attempted to address this prob-
lem through various architectural and algorithmic innovations. Table 2.2 presents
a comprehensive taxonomy of continual learning strategies, organized into five
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major categories: approaches based on regularization, replay, optimization, repre-
sentation, and architecture. Each strategy represents distinct trade-offs between
memory efficiency, forgetting prevention, and knowledge transfer capabilities.

This section focuses on architecture-based approaches, particularly Progressive
Neural Networks (PNN) [22], which forms the foundation for the bio-inspired
extensions developed in Chapter 3. We provide detailed technical analysis of
PNN’s mechanisms and examine representative methods from other categories,
Elastic Weight Consolidation (EWC) as a regularization approach and PackNet
as an efficient parameter allocation method, to establish the technical context and
motivate our contributions.

2.3.1 Progressive Neural Networks: Architectural Foun-
dation

Progressive Neural Networks [22] address catastrophic forgetting through archi-
tectural innovation, allocating dedicated capacity for each new task whilst main-
taining lateral connections that enable knowledge transfer from previously learned
tasks. This approach achieves zero forgetting by construction, representing a fun-
damental departure from regularization-based methods that attempt to protect
important parameters whilst allowing modification.

Architectural Design and Mathematical Formulation

The PNN architecture consists of a sequence of neural network columns {C, Cs, ..., C,},
where each column C; is dedicated to task 7;. When learning task 7;, a new col-

umn is instantiated with randomly initialized parameters, whilst all parameters
from previous columns {Ci,...,C;_1} are frozen to preserve learned knowledge.

This architectural isolation guarantees that no catastrophic forgetting can occur,

as previous task parameters remain unchanged during new task training.

The forward pass through a PNN computes layer activations through a combina-
tion of within-column processing and lateral connections from previous columns:

i—1
0 g (W s Song 21
k=1

where hl(»l) € R% represents the activations at layer [ of column 7, Wi(l) € Réxdia

are the standard within-column weights that process information vertically through
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the network, Uz(lk) € R%*4 are the lateral connection weights that transfer knowl-
edge horizontally from column £ to column i, and f(-) is the element-wise activa-
tion function (typically ReLU).

The lateral connections U, 1(2 serve two critical functions. First, they enable positive
transfer by allowing new tasks to exploit features learned from related previous
tasks. The network can leverage low-level visual features, motor primitives, or
abstract representations developed during earlier training phases. Second, they
provide a mechanism for the network to discover which previous knowledge is rel-
evant to the current task, with the weights Ui(’lk) learned through standard gradient
descent during training on task 7;. This learned selectivity enables the archi-
tecture to automatically identify and exploit beneficial knowledge transfer whilst
ignoring irrelevant previous learning.

The complete parameter set for a PNN with n columns, each having L layers with
d hidden units per layer, grows as:

(n—1)

1
Opxn| = nLd? + = L2 ="t

2 2 52
5 S Ld* = O(n*d?) (2.2)

This quadratic growth in the number of tasks represents the primary limitation of
the basic PNN architecture, limiting practical deployment to scenarios with fewer
than 10-15 tasks before memory requirements become prohibitive.

Training Procedure and Task-Specific Optimization

Training a PNN proceeds sequentially through tasks. For the first task 77, a single
column (] is trained using standard supervised or reinforcement learning proce-
dures, optimizing the within-column weights Wl(l) to minimize the task-specific
loss £1(01). Upon completion of training, all parameters of column C} are frozen.

For subsequent tasks 7; where i > 1, a new column C; is instantiated with

randomly initialized within-column weights Wi(l) and lateral connection weights

{Ui(l,z, i_!. The optimization objective becomes:

0F = arg rr(19i_n L;(0;) subject to {0} = {0; 1} (2.3)

where 0, = {Wz-(l), Ui(lk)} represents the trainable parameters for column 7. This
constrained optimization ensures that previous task performance cannot degrade,
achieving zero forgetting by construction.

The lateral connections introduce additional expressiveness that can accelerate
learning when beneficial knowledge transfer is possible. Empirical studies demon-
strate that PNN consistently matches or exceeds the performance of networks
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trained independently on each task, with performance improvements of 10%-50%
observed when tasks share relevant structure [22].

Advantages and Limitations

Progressive Neural Networks provide several compelling advantages. They achieve
zero forgetting as previous task parameters remain unchanged during new task
training, providing theoretical guarantees that are difficult to achieve through reg-
ularization approaches. They enable automatic feature transfer through learned
lateral connections, avoiding the need to manually specify which knowledge should
be shared between tasks. The lateral connection weights provide some inter-
pretability, revealing which previous tasks contribute most to current task per-
formance. They maintain task-specific output heads, allowing specialization for
different action spaces or objective functions across tasks, a critical advantage for
control applications where tasks may have incompatible action mappings.

However, these advantages come at computational cost. The quadratic growth
in parameters with task number (O(n?)) limits scalability. The frozen columns
represent wasted capacity if early tasks were learned with excessive parameters, as
overprovisioning in initial columns permanently allocates resources that cannot be
reclaimed. The architecture provides no mechanism for backward transfer, where
knowledge from new tasks might improve performance on previous tasks. The
approach requires careful tuning of column capacity, as undersized columns limit
individual task performance whilst oversized columns waste memory.

2.3.2 Representative Methods from Other Strategies

Regularization-Based: Elastic Weight Consolidation

Elastic Weight Consolidation (EWC) [18] represents the regularization-based strat-
egy, using Fisher Information to identify important parameters and constraining
their modification during subsequent learning. When learning task 75 after task
T4, EWC augments the standard loss function with a quadratic penalty:

ﬁEwc(e) = £B(9) + Z %FZ (91 — 92,1’)2 (2.4)

where F; is the Fisher information quantifying parameter importance, 67 ; are the
optimal parameters from task A, and A controls consolidation strength.

EWC achieves O(np) memory complexity (storing Fisher information and opti-
mal parameters for n tasks with p parameters), enabling application to longer

31



task sequences than PNN. The method provides no explicit transfer mechanism
and suffers from high sensitivity to the hyperparameter A, which must balance
plasticity for new learning against stability of previous knowledge.

Parameter Allocation: PackNet

PackNet [102] addresses PNN’s parameter efficiency through structured pruning,
identifying and freezing task-specific subnetworks whilst freeing unused capacity
for future learning. For each task, PackNet trains the network on available (un-
frozen) parameters, applies magnitude-based pruning to identify essential weights,
and freezes the pruned subnetwork.

PackNet achieves near-zero forgetting through parameter isolation whilst requiring
less memory than PNN. However, maximum task capacity is determined by initial
network size. The approach provides no mechanism for dynamic adaptation of
pruning strategy based on task characteristics or learning progress.

2.3.3 Control-Specific Challenges and Architectural Ne-
cessity

Beyond the general limitations of consolidation and architectural approaches, se-
quential learning of control tasks presents distinctive challenges that are particu-
larly relevant to robotic applications [21].

Control tasks differ fundamentally from vision classification in ways that exacer-
bate the stability-plasticity dilemma. State and action spaces vary dramatically
across tasks. Control objectives can be diametrically opposed and reward struc-
tures span from dense immediate feedback to sparse delayed signals.

These characteristics create a parameter conflict problem for consolidation, based
approaches. When tasks require opposite control strategies, damping versus am-
plifying, stabilization versus exploration, immediate response versus delayed plan-
ning, the network parameters optimized for one task directly conflict with those
needed for another. Empirical evaluation across multiple control environments
demonstrates that Low consolidation enables initial learning but permits severe
catastrophic forgetting, whilst higher consolidation prevents both learning and
forgetting by maintaining uniformly poor performance.

These control-specific challenges motivate architectural approaches that provide
task-specific output layers whilst enabling selective knowledge transfer in hidden
representations. The architectural isolation guarantees that action mappings for
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one task cannot corrupt those of another, addressing the parameter conflict prob-
lem directly. For robotics applications involving sequential learning of diverse
manipulation, navigation, or interaction skills where control tasks naturally ex-
hibit the diversity that causes consolidation approaches to fail, the zero-forgetting
guarantees and perfect retention demonstrated by architectural approaches with
adaptive mechanisms become critical.

2.3.4 Comparative Analysis and Research Gaps

Table 2.2 reveals that different strategies occupy distinct regions of the trade-off
space between memory efficiency, forgetting prevention, and knowledge transfer
capabilities. Regularization-based methods (EWC, SI [103]) offer no memory over-
head but limited capacity; replay-based methods (iCaRL [104], GEM [105]) pro-
vide strong baselines but raise privacy concerns; optimization-based approaches
(GPM [106], MAML [107]) enable explicit interference control or fast adaptation at
computational cost; representation-based methods (L2P [108], DualPrompt [109])
leverage pre-trained models but require large-scale pre-training; and architecture-
based approaches (PNN, PackNet, HAT [110]) achieve zero or near-zero forgetting
through parameter isolation but face scalability constraints.

Despite their different strategies, all reviewed approaches share fundamental limi-
tations that motivate the bio-inspired solutions developed in subsequent chapters.
None provide mechanisms for dynamic adaptation of learning parameters based
on task context or performance feedback. PNN, EWC, and PackNet all employ
fixed learning strategies: constant learning rates, static regularization strengths,
or predetermined pruning schedules. This lack of adaptivity contrasts sharply with
biological learning systems that dynamically adjust plasticity based on behavioral
context and environmental demands.

All approaches treat forgetting prevention as a binary decision: either protect
parameters completely (PNN, PackNet) or apply uniform regularization (EWC).
This fails to capture the nuanced, context-dependent regulation observed in bi-
ological systems, where different brain regions and connections exhibit different
degrees of plasticity depending on behavioral state, task demands, and learning
phase. The neuromodulatory framework developed in Chapter 3 addresses this
limitation by implementing coordinated multi-factor adaptation inspired by bio-
logical neuromodulation.

The reviewed approaches employ either architectural isolation (PNN, PackNet)
or parameter regularization (EWC) but do not coordinate these mechanisms with
other adaptive processes such as attention allocation, exploration-exploitation bal-
ance, or knowledge consolidation. Biological systems integrate multiple adaptive
mechanisms operating at different organizational levels, from molecular processes
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at individual synapses to system-level dynamics coordinating entire brain regions.
This coordination enables sophisticated forms of adaptation that would be impos-
sible with any single mechanism operating alone.

These fundamental limitations motivate the central hypothesis of this thesis: that
computational implementations of biological regulatory mechanisms can provide
more effective solutions to the continual learning challenge than approaches that
ignore biological organizational principles.

Table 2.2: Taxonomy of Continual Learning Strategies

Strategy Representative Mechanism Trade-offs
Methods
Regularization-Based
Parameter EWC [18], SI [103], | Constrain impor- | Pro: No memory
Protection RWalk [71], | tant parameters | overhead
AFEC [111] using  Fisher infor- | Con: Limited ca-

mation, path inte- | pacity
gral, or expansion-

renormalization

Knowledge | LwF [112], | Distill knowledge from | Pro: Preserves
Distillation | PODNet [113], | old model to new model | learned representa-

Co2L [114], | via intermediate/final | tions

DDE [115] outputs Con: Requires old

model storage

Replay-Based
Experience | iCaRL [104], | Store/replay subset of | Pro: Effective,
Replay GEM [105], | old data with improved | strong baseline

DER++ [116], | selection strategies Con: Memory/pri-

X-DER [117] Vacy CONcerns
Generative | DGR [118], MeR- | Generate pseudo-data | Pro: No storage
Replay GANs [119], Life- | from old tasks using | required

longGAN [120] GANs/VAEs Con:  Generator

quality dependent

Feature Re- | GFR [121], RE- | Replay generated fea- | Pro: More efficient
play MIND [122], | tures instead of raw | than data replay
FeTrIL [123] data Con: Representa-
tion shift issues

Optimization-Based

Gradient OGD [124], | Project gradients or- | Pro: Explicit in-
Projection GPM [106], Adam- | thogonal to important | terference control
NSCL [125] subspaces Con: Subspace es-

timation overhead

Continued on next page
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Table 2.2 — continued from previous page

Strategy Representative Mechanism Trade-offs
Methods

Meta- MAML [107], | Learn initialization or | Pro:  Fast task

Learning OML [126], | update rules for fast | adaptation
ANML [127], | adaptation Con: Meta-
La-MAML [128§] training complexity

Flat Minima | Stable-SGD [129], | Find flatter loss land- | Pro: Better

Seeking MC-SGD [130], | scape regions for better | stability-plasticity
SAM [131] generalization Con: Additional

computation

Representation-Based

Self- LUMP [132], | Learn robust represen- | Pro:  Robust to

Supervised | Co2L [114], Dual- | tations via contrastive | forgetting

Learning Net [133] or self-supervised ob- | Con: Requires un-

jectives

labeled data

Pre-trained | L2P [108], Du- | Leverage pre-trained | Pro: Strong base-
Models alPrompt [109], | backbones with prompt | line performance
CODA- tuning or adapters Con: Requires
Prompt [134], large-scale pre-
SLCA [135] training
Architecture- Based
Parameter PackNet [102], | Dedicate parameter | Pro: Near-zero
Allocation HAT [110], Sup- | subsets to each task | forgetting
Sup [136] via masking Con: Limited
scalability
Network Ex- | Progressive Dynamically  expand | Pro: Controlled
pansion NN [22], | network capacity for | forgetting
DEN [137], Dy- | new tasks Con: Linear
Tox [138] growth in parame-
ters
Modular Expert Gate [139], | Use mixture of experts | Pro: Task special-
Network Model Zoo [140], | or ensemble of models | ization
CoSCL [141] Con: Task identity
inference needed
This Work | Bio-inspired Coordinate learn- | Pro: 98% reten-
(BIARM) | neuromodula- ing dynamics via | tion, coordinated
tion four neuromodula- | adaptation
tory modules (DA, | Con: Runtime
5-HT, NE, ACh) overhead (+52-
87%)
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2.4 Adaptive Learning Rate Methods

The optimization of learning rates represents one of the most critical aspects of
training artificial neural networks, with the choice of learning schedule often de-
termining the difference between successful learning and failure to converge [142].
Traditional stochastic gradient descent uses a single, manually tuned learning rate,
but the optimization landscape of deep networks suggests that different parameters
may benefit from different learning rates at different times during training [143].

2.4.1 Mathematical Foundations of Adaptive Optimization

Consider the standard gradient descent update rule for minimizing a loss function
L(0):
6t+1 = 925 - UVQ£(6t> (25)

where 7 is the learning rate and VL is the gradient. The fundamental limitation
of this approach lies in using a single scalar n for all parameters regardless of their
individual optimization landscapes.

Adaptive methods address this by introducing parameter-specific learning rates.
AdaGrad [144] maintains an accumulation of squared gradients for each parameter:

t
G = Zggz (2.6)
=1

where ¢, = 9L | s the gradient for parameter i at time ¢. The update rule

20; |6,
becomes: .

Oi1, = 01i — —F—=—=01.
t+1, t, —Gm’ n 6gt,

where € is a small constant for numerical stability. This formulation provides larger
updates for parameters with historically small gradients and smaller updates for
parameters with large gradients. The theoretical justification stems from online
convex optimization, where AdaGrad achieves regret bounds of O(ﬁ ) for convex
functions [144].

(2.7)

However, the monotonic accumulation in G, causes learning rates to decay indef-
initely, potentially halting learning prematurely. RMSprop [145] addresses this
through exponential moving averages:

Vi = Bu—1i + (1 — 5)9@ (2.8)

36



with update rule:
Ul

Orr1i = Oy — ————=01
vV Uti +e€

where € (0,1) controls the decay rate. This formulation allows learning rates to
increase when recent gradients are small, preventing premature convergence.

(2.9)

Adam [146] extends this by incorporating momentum through first-moment esti-
mation:

me; = Pimy—1,; + (1 — B1)gri (2.10)
U = Pavr_1,; + (1 — 52)9,52,1' (2.11)

with bias-corrected estimates:

V= (2.12)

and update:
9t+17i = 97571' - T (2-13)

The bias correction terms (1 — 81)~! and (1 — 5%)~! compensate for initializa-
tion bias, ensuring that moment estimates are unbiased, especially during initial
training steps.

2.4.2 Limitations of Single-Factor Adaptation

Despite their success, these adaptive methods share a fundamental limitation: they
optimize each parameter independently based solely on gradient statistics [144,
146, 147]. Formally, the effective learning rate for parameter i at time ¢t is:

et = f(gre) (2.14)
where f is a function of the parameter’s gradient history. This formulation ignores:

Cross-parameter dependencies: Parameters do not optimize independently.
The loss landscape exhibits coupling between parameters, where the optimal learn-
ing rate for one parameter may depend on the state and recent updates of others.

Task-level context: The gradient statistics provide local information about the
loss surface but no information about task difficulty, progress toward convergence,
or the relationship between current and previous tasks in continual learning sce-
narios.
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Multiple timescales: Biological learning operates across multiple timescales
simultaneously, rapid synaptic changes, slower neuromodulatory adjustments, and
long-term structural plasticity [28]. Single-exponential moving averages capture
only one timescale.

2.4.3 Reinforcement Learning Optimization Challenges

The reinforcement learning framework described in Section 1.4.1 presents unique
optimization challenges that compound the limitations of adaptive learning meth-
ods discussed above. Unlike supervised learning where the data distribution re-
mains fixed, reinforcement learning faces non-stationary distributions as the policy
evolves during training. Each policy update changes the distribution of states vis-
ited and actions taken, creating a moving target for optimization [148].

This non-stationarity interacts problematically with adaptive learning rate meth-
ods. AdaGrad’s monotonic accumulation of gradient statistics becomes partic-
ularly unsuitable when the optimal learning rates should change as the policy
evolves. RMSprop and Adam partially address this through exponential moving
averages, but their fixed decay rates cannot adapt to the varying dynamics of
policy improvement.

Additional challenges specific to reinforcement learning include:

e High variance gradients: Policy gradient estimates exhibit high variance,
particularly in sparse reward environments where successful behaviors occur.
rarely [149]

¢ Exploration-exploitation trade-offs: Learning rates affect not only con-
vergence speed but also the exploration behavior, with overly aggressive
learning potentially prematurely converging to suboptimal policies.

e Credit assignment delays: Temporal credit assignment challenges require
learning rates that can adapt to different temporal horizons across state-
action pairs.

These reinforcement learning-specific challenges motivate the bio-inspired neuro-
modulatory framework developed in Chapter 3, where different adaptive mecha-
nisms operate at multiple timescales to provide context-aware learning rate mod-
ulation.
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2.4.4 Toward Multi-Factor Coordination

Recent work has explored various forms of adaptive learning rate control, in-
cluding joint optimization of meta-parameters [150], multiple learning rate can-
didates [151], and layer-specific adaptation [152, 153]. Building on these ideas,
we propose a unified view where the effective learning rate is decomposed into
multiple coordinated factors:

" =m0 - T fe(sr(1)) (2.15)
k=1

where fj are modulation functions and sy (t) are state variables. This formulation
makes explicit several limitations in current approaches:

e Factors are typically treated independently: fi(sx(t)) depends only on s
e Optimization occurs separately for each factor rather than jointly

e Coordination strategies are heuristic rather than principled

Biological neuromodulatory systems provide existence proofs that coordinated
multi-factor adaptation is achievable and beneficial. Dopamine, serotonin, nore-
pinephrine, and acetylcholine each modulate different aspects of learning and be-
havior while interacting to produce coordinated effects [28, 154, 59, 29]. Impor-
tantly, these systems do not operate independently, their effects are interdependent
and coordinated [32].

The key difference from existing adaptive methods lies in this explicit coordination.
Rather than treating adaptive factors independently as multiplicative components
(Equation 2.15), biological systems suggest a jointly coordinated formulation.

2.5 Bio-Inspired Neural Network Design

Bio-inspired neural network architectures draw inspiration from various aspects
of biological neural systems, ranging from individual neuron models to large-scale
network organization [155]. These approaches differ in the level of biological detail
they incorporate and the specific biological principles they emphasize.

Spiking neural networks (SNNs) model individual neurons more realistically than
traditional artificial neurons by representing information through the precise tim-
ing of discrete action potentials [155, 156]. SNNs can theoretically compute func-
tions that rate-coded networks cannot, and they offer potential advantages for
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neuromorphic hardware implementation. However, training SNNs remains chal-
lenging due to the non-differentiable nature of spike generation [157].

Reservoir computing approaches, including echo state networks and liquid state
machines, employ large pools of randomly connected recurrent neurons with fixed
weights [158, 159]. Only the output connections are trained, reducing computa-
tional requirements while maintaining rich temporal dynamics. These architec-
tures demonstrate that biological neural systems may leverage random connectiv-
ity and intrinsic dynamics rather than requiring all connections to be precisely
tuned.

Attention mechanisms, inspired by selective attention in biological vision, en-
able neural networks to focus computational resources on relevant parts of in-
put [78, 160]. The Transformer architecture’s self-attention mechanism has proven
remarkably effective across diverse domains, suggesting that biological attention
principles provide computational advantages even when abstracted far from their
biological implementation.

Modular and hierarchical architectures reflect the organization observed in bi-
ological neural systems, where specialized modules process different aspects of
information and are organized hierarchically [75]. Capsule networks [161] attempt
to incorporate explicit hierarchical relationships between visual features, while
mixture-of-experts models [162] dynamically route information to specialized sub-
networks.

2.6 Computational Neuromodulation

Computational neuromodulation represents a relatively recent but promising di-
rection in bio-inspired artificial intelligence, drawing inspiration from the neuro-
modulatory systems that regulate learning and adaptation in biological brains [28,
32]. Unlike traditional neural networks where all adaptation occurs through synap-
tic weight modification, neuromodulatory systems provide global signals that mod-
ify how synapses adapt and how neurons respond to their inputs.

Doya proposed a unified framework linking specific neuromodulatory systems to
computational functions in reinforcement learning [28]. Dopamine signals reward
prediction errors, providing a teaching signal for value learning. Serotonin modu-
lates the timescale of reward prediction, influencing temporal discounting. Nore-
pinephrine signals unexpected uncertainty, modulating exploration rates. Acetyl-
choline distinguishes expected from unexpected uncertainty, controlling the bal-
ance between memory encoding and retrieval.

40



Early computational implementations of neuromodulation explored various iso-
lated functions. Some approaches used neuromodulatory signals to adaptively ad-
just learning rates based on prediction errors or other performance metrics [163],
while others employed neuromodulation to control attention, synaptic plasticity,
or network dynamics [164, 165]. Meta-learning approaches shared conceptual sim-
ilarities with neuromodulation by learning how to learn [166], optimizing not just
task-specific parameters but also learning algorithms, learning rates, or architec-
tural choices.

Recent work has begun to address the key limitation of these earlier approaches,
their focus on isolated neuromodulatory functions rather than coordinated multi-
system organization. Mei et al. [167] demonstrated that integrating dopamine,
acetylcholine, serotonin, and noradrenaline dynamics in concert enables adaptive
learning that addresses catastrophic forgetting and robustness in non-stationary
environments. Wang et al. [168] developed a Neuromodulated Meta-Learning
framework that jointly optimizes structural and synaptic parameters, extend-
ing traditional meta-learning to bio-inspired regimes that echo biological flexi-
bility. Similarly, neuromodulatory extensions to meta-reinforcement learning have
shown improved dynamic representations and task adaptation compared to stan-
dard meta-RL approaches [169], while bio-plausible spiking network models with
reward-modulated plasticity further demonstrate the computational advantages of
neuromodulation in biologically grounded learning systems [170].

These advances demonstrate that biological neuromodulatory systems do not op-
erate independently; their interactions create emergent computational properties
that exceed what any single system could achieve [29]. This observation motivates
the coordinated neuromodulatory framework developed in this thesis, which builds
upon these recent multi-system approaches to further explore the computational
principles underlying coordinated neuromodulation.

2.7 Research Gaps and Opportunities

Despite significant advances across the fields reviewed above, several fundamental
gaps limit the effectiveness of current approaches to adaptive robotic systems.
The identification of these gaps (Figure 2.2) provides crucial motivation for the
developmental evolutionary robotics approach presented in this thesis.

2.7.1 Limited Coordination Between Adaptive Mechanisms

The first major gap lies in the limited coordination between different adaptive
mechanisms in current systems. While individual techniques such as adaptive
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learning rates, attention mechanisms, and regularization methods demonstrate
effectiveness in isolation, most approaches fail to coordinate these mechanisms
in ways that provide synergistic benefits [72]. Biological systems, by contrast,
exhibit sophisticated coordination between multiple adaptive processes operating
at different timescales, suggesting that artificial systems might benefit from similar
coordination strategies.

This lack of coordination manifests in several ways. Adaptive learning rate meth-
ods adjust parameters based solely on gradient statistics without considering task-
level context. Attention mechanisms operate independently of learning rate adap-
tation. Continual learning approaches protect parameters from modification with-
out coordinating this protection with other adaptive mechanisms. The potential
for coordination between these different forms of adaptation remains largely un-
explored.

The progression from fixed to coordinated adaptation (Figure 2.1) reflects an evo-
lution toward more sophisticated learning control. While meta-learning introduced
per-parameter adaptation, it lacks the coordinated modulation that characterizes
biological systems. BIARM bridges this gap by implementing coordinated multi-
factor adaptation inspired by neuromodulatory coordination.

Traditi 1 ML Meta-l . Biological BIARM
aditiona cta-learning Systems (This Work)

o
—

Dopamine

Acetylcholine Stability
Norepinephrine
v

All parameters Per-parameter
updated uniformly learning rates
Limitation: Limitation: Advantage: Innovation:
No context sensitivity No coordination Coordinated modulation Bio-inspired

‘ coordination

Figure 2.1: Evolution of coordination mechanisms in adap-
tive learning systems.

2.7.2 Sample Inefficiency and Computational Cost

Evolutionary robotics and deep reinforcement learning both suffer from severe
sample inefficiency [93]. Evolutionary approaches require millions of fitness evalua-
tions, while reinforcement learning methods demand extensive interaction with en-
vironments. This inefficiency becomes particularly problematic in robotics, where
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each interaction carries temporal and economic costs that make extensive explo-
ration prohibitively expensive.

Biological learning systems achieve remarkable sample efficiency through multiple
mechanisms operating in concert. Developmental constraints focus exploration on
viable solutions. Neuromodulatory systems adapt learning rates based on perfor-
mance feedback. Transfer learning reuses knowledge across related tasks. Current
artificial systems rarely integrate these mechanisms, instead relying on brute-force
exploration that requires enormous computational resources.

2.7.3 Superficial Biological Inspiration

Many bio-inspired approaches incorporate superficial aspects of biological systems
without capturing fundamental organizational principles [27]. For example, neural
networks use biological terminology (neurons, synapses) but lack key properties
of biological neural systems such as sparse connectivity, bounded dynamics, and
multi-timescale adaptation. This superficial biomimicry limits the extent to which
artificial systems can benefit from billions of years of evolutionary optimization.

The challenge lies in identifying which aspects of biological systems provide gen-
uine computational advantages versus which are implementation details specific to
biological substrates. Successful bio-inspired approaches must abstract essential
computational principles while omitting irrelevant biological details. This requires
a deeper understanding of why biological systems work as they do, not just how
they work.

2.7.4 Integration of Multiple Timescales

Biological learning systems seamlessly integrate adaptation across multiple timescales,
from rapid synaptic plasticity (milliseconds to seconds) to slower neuromodula-
tory changes (minutes to hours) to developmental processes (days to years) [25].
Current artificial systems typically operate at a single timescale, either training
networks from scratch (slow timescale) or fine-tuning pre-trained networks (fast
timescale), but rarely integrate multiple timescales of adaptation within a single
system.

The integration of evolutionary optimization, developmental processes, and real-
time learning represents a fundamental challenge receiving limited attention in
current research. While biological systems seamlessly integrate these different
types of adaptation, artificial systems typically treat them as separate processes.
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Understanding how to coordinate evolutionary optimization, developmental pro-
cesses, and real-time learning could enable more capable and robust adaptive
systems.

Lack of coordi-
nation between
evolution and learning

Evolutionary gapi1 Continual
Robotics Learning

This Work

Sample inefficiency in Limited integration of
robotic adaptation Gap 2 Gap 3 biological principles

Bio-inspired
Control

Figure 2.2: Research landscape and contribution position-
ing.

2.8 Conclusion

This chapter has surveyed the theoretical foundations underlying adaptive robotic
systems, spanning evolutionary computation, continual learning, optimization meth-
ods, bio-inspired neural architectures, and computational neuromodulation. Sev-
eral key themes emerge from this comprehensive review that directly inform the
research direction of this thesis.

The historical trajectory of evolutionary robotics demonstrates both the promise
and limitations of biology-inspired automatic design methods. While evolution-
ary approaches have successfully discovered elegant solutions to complex control
problems, challenges of computational expense, scalability, and the reality gap con-
tinue to constrain practical applications. The persistent problem of catastrophic
forgetting in continual learning systems reveals fundamental limitations in how
artificial systems acquire sequential knowledge, motivating approaches that can
better coordinate stability and plasticity.
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The exploration of bio-inspired neural design and computational neuromodulation
reveals that biological systems employ sophisticated coordination mechanisms op-
erating across multiple temporal and spatial scales. These mechanisms enable
adaptation, self-regulation, and robust behavior in ways that current artificial
systems rarely achieve. Insights from developmental biology suggest that pro-
cesses of growth, differentiation, and self-organization may be as important as
final architectures in determining system capabilities.

Most critically, this review has identified a fundamental gap in current research:
the limited coordination between different adaptive mechanisms. While individ-
ual techniques demonstrate effectiveness in isolation, few approaches achieve the
sophisticated integration characteristic of biological systems, where evolutionary
optimization, developmental processes, learning mechanisms, and real-time adap-
tation operate in concert across multiple timescales.

The theoretical framework established in this chapter provides the foundation
for the specific implementations presented in subsequent chapters. The mathe-
matical formalisms of gene regulatory networks and neuromodulatory dynamics
offer principled approaches to translating biological insights into computational
mechanisms. The design principles articulated here guide the development of bio-
inspired systems that capture genuine biological advantages rather than superficial
mimicry. The research opportunities identified suggest that advancing adaptive
robotic systems requires moving beyond incremental improvements to existing
methods toward more fundamental integration of biological principles with com-
putational approaches.
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CHAPTER 3

BIO-INSPIRED ADAPTIVE RATE MODULATION FOR
MULTI-TASK LEARNING

3.1 Introduction and Motivation

This chapter discusses the research article: “Bio-Inspired Adaptive Rate Modula-
tion for Multi-task Learning in Progressive Neural Networks”, Informatica, De-
cember 2025 [37].

Sequential multi-task learning represents one of the most challenging problems in
robotics, where systems must continuously acquire new skills while preserving pre-
viously learned capabilities. The fundamental limitation of existing approaches lies
in their reliance on fixed learning strategies. Most current methods treat learning
as a monolithic process, applying uniform learning rates, attention mechanisms,
and memory consolidation strategies regardless of the specific demands of the cur-
rent learning context. This one-size-fits-all approach ignores the dynamic nature
of learning, where different phases of skill acquisition may benefit from different
optimization strategies.

Consider how humans learn a sequence of related motor skills, such as playing
different musical instruments. Initially, learning a piano piece requires focused
attention on finger placement and timing, with rapid parameter updates as ba-
sic motor patterns are established. Later, when learning violin, the system can
leverage some existing musical knowledge while adapting to new physical con-
straints. Throughout this process, different aspects of learning are coordinated:
reward processing adapts based on performance feedback, attention shifts between
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different aspects of the task, stability mechanisms prevent interference between in-
struments, and memory systems selectively consolidate knowledge that transfers
across domains.

Recent advances in neuroscience have revealed that biological learning systems
employ complex neuromodulatory mechanisms that coordinate multiple aspects of
learning and adaptation [28, 29, 32, 30]. Unlike artificial systems that typically rely
on fixed learning parameters, biological systems dynamically adjust learning rates,
attention allocation, and memory consolidation based on contextual information
provided by specialized neurotransmitter systems.

This chapter presents a bio-inspired adaptive rate modulation framework that
translates the organizational principles of biological neuromodulatory systems into
practical computational mechanisms for sequential multi-task learning. Rather
than treating dopamine, serotonin, norepinephrine, and acetylcholine as isolated
mechanisms, the key insight is that their coordinated interaction enables forms of
adaptive learning impossible with any single system operating alone.

3.2 Framework Architecture and Mathematical
Formulation

3.2.1 Overall System Design

The Bio-Inspired Adaptive Rate Modulation (BIARM) framework translates the
organizational principles of biological neuromodulation established in Section 1.2
into a practical computational architecture that can be integrated with existing
neural network approaches. The framework consists of four specialized modules
that correspond to the major neuromodulatory systems, each responsible for mon-
itoring different aspects of the learning environment and contributing to coordi-
nated adaptation of learning parameters.

The system operates through a hierarchical coordination mechanism where each
neuromodulatory module maintains its own internal state while contributing to
system-wide learning parameter modulation. Unlike traditional approaches that
treat learning parameters as fixed or schedule them according to predetermined
patterns, our framework enables dynamic adaptation based on current learning
context, environmental demands, and inter-module coordination. The integration
of the framework with existing neural network architectures is achieved through
a standardized interface that allows the neuromodulatory influences to be applied
to various types of learning algorithms without requiring fundamental changes to
the underlying learning procedures.
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3.2.2 Neuromodulatory State Dynamics

Each neuromodulatory module m € {DA,5HT, NE, ACh} maintains an internal
state s, (t) € [0,1] that evolves during training according to discrete exponential
moving averages:

St + 1) = 8 (t) + Ty - (85278(E) — 5, (1)) (3.1)

where 7, represents the discrete adaptation rate for module m, determining how
quickly the module state responds to target changes within each training step.
The 7, values represent relative adaptation speeds rather than absolute biologi-
cal timing, and s%'¢(¢) is computed by a module-specific neural network. The
time constants are assigned in accordance with the functional role of each module:
DA uses 7p4 = 0.1 to support performance-based feedback, NE uses 7y = 0.05
for attention gating, ACh uses 7a¢, = 0.3 for knowledge integration, and 5-HT
uses Tsyr = 0.5 for learning stabilisation. The precise numerical values were
determined through systematic grid search over the parameter space [0.01,1.0]
with 0.05 increments, evaluating 10,000 parameter combinations using a compos-
ite score weighting convergence speed (30%), training stability (40%), and final
performance (30%) across multiple environments. The identified configuration
was validated across 10 independent runs with different random seeds, confirming
robustness to initialisation.

3.2.3 Target State Computation Networks

Each module computes its target state using a dedicated neural network that
processes relevant contextual information. This design allows each module to spe-
cialize in detecting and responding to specific types of environmental and learning
context while maintaining the flexibility to adapt to novel situations.

Dopamine Module The dopamine module monitors reward signals and task
performance to adaptively modulate learning rates based on the reliability and
magnitude of learning progress. Unlike fixed learning rate schedules, this module
adjusts learning rates dynamically based on current performance trends, increasing
rates when learning is progressing rapidly and decreasing rates when performance
has stabilized.

The dopamine module processes current state and reward signal to adapt learning
based on performance feedback:

Sgiget = J(fDA ( [Scurrent7 Tcurrent] )) (3 2)
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The dopamine module takes as input the concatenation of the current state scurrent
and the current reward 7.y rens, producing a scalar target state via sigmoid nor-
malisation. This design allows the module to modulate learning intensity based on
immediate reward feedback, increasing its activation when rewards are high and
decreasing it otherwise, thereby coupling the effective learning rate to ongoing
task performance.

Serotonin Module The serotonin module regulates learning stability and tem-
poral discounting, helping to balance rapid adaptation with the preservation of
previously learned knowledge. This module monitors learning variance and ad-
justs parameters to maintain stable learning dynamics while preventing excessive
oscillations that could disrupt acquired knowledge:

S?ﬁ%‘et = U(ff)HT([SCurrenta SDAD) (33)

The serotonin module takes as input the concatenation of the current state s..rent
and the current dopamine state sp4, producing a scalar target state via sigmoid
normalisation. This inter-module dependency allows the serotonin state to be di-
rectly conditioned on the ongoing reward-processing dynamics of the dopamine
module, implementing the biological principle that serotonergic stability regula-
tion operates in response to dopaminergic activity.

Norepinephrine Module The norepinephrine module manages attention alloca-
tion and the exploration-exploitation trade-off, directing learning resources toward
the most relevant aspects of the current task while maintaining the flexibility to
explore novel strategies when current approaches are insufficient:

Sf\?éget = U(fNE([Scurrenta ntask])) (34)

The norepinephrine module takes as input the concatenation of the current state
Seurrent @nd the current task novelty measure ny,4:, producing a scalar target state
via sigmoid normalisation. This design directly couples the module’s activation to
how novel the current task remains, allowing it to modulate attention allocation
based on learning progress rather than fixed schedules. Task novelty ni,s starts
at 1.0 for each new task and decays exponentially:

Neask(t + 1) = Neastc(t) x 0.995 (3.5)

This simple but effective measure quantifies how new the current task remains
relative to initial conditions, providing the norepinephrine module with a contin-
uous signal that naturally diminishes as the agent accumulates experience within
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a task. The implementation draws upon research on attention and arousal, incor-
porating mechanisms for detecting task novelty and environmental changes that
require attention reallocation.

Acetylcholine Module The acetylcholine module facilitates memory consolida-
tion and knowledge integration, helping to coordinate the transfer of knowledge
between different tasks while protecting important memories from interference:

Stféghet = O-(fACh([Scurrenm SNE])) (36)

The acetylcholine module takes as input the concatenation of the current state
Seurrent and the current norepinephrine state syg, producing a scalar target state
via sigmoid normalisation. This dependency allows the acetylcholine state to
be conditioned on the current level of attentional engagement, implementing the
biological principle that cholinergic memory integration operates in coordination
with noradrenergic attention signals.

3.2.4 Coordinated Learning Parameter Modulation

The coordination between these four modules represents enables the framework
to achieve performance improvements that exceed what any individual module
could provide in isolation. The coordinated influence of all four neuromodulatory
modules determines the effective learning parameters used during each training
step, moving beyond isolated adaptive mechanisms toward integrated optimization
strategies.

The effective learning rate for each training step is computed as a weighted com-
bination of all neuromodulatory states:

Neffective = Mbase * (WDA * SDA + WsHT * S5HT + WNE * SNE + WACh * SAChH) (3.7)

where 7pase 1S the base learning rate and the weighting coefficients reflect the
relative contributions of each neuromodulatory system: wps = 0.3 provides pri-
mary influence from reward processing, wspr = 0.2 contributes stability control,
wnyg = 0.3 implements attention-based modulation, and wac, = 0.2 manages
memory integration influence. This weighted formulation ensures that the effec-
tive learning rate reflects the consensus of all four adaptive modules rather than
being dominated by any single factor, with the fixed coefficients reflecting the rela-
tive contribution of each module’s functional role to the overall learning dynamics.
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The attention coefficients for lateral connections between Progressive Neural Net-
work columns are computed through a three-component mechanism:

o) = c(Woh) -V (") - o > Wi S (3.8)
me{DA,5HT,NE,ACh}

This formulation enables selective knowledge transfer by combining content-based
attention through J(Wahg)) providing learned attention weights that focus on rel-

evant features, value transformation through V(hg)) implementing learned projec-
tions that extract useful information, and context-dependent modulation through
coordinated neuromodulator influence. The sigmoid activation on the modula-
tion term ensures bounded influence while allowing each module to contribute
according to its current state and learned importance weights.

3.3 Integration with Progressive Neural Networks

3.3.1 Architectural Enhancement

While Progressive Neural Networks (Section 2.3.1) provide guaranteed zero for-
getting through architectural isolation [22], they use fixed learning parameters
and static connection strengths that limit the system’s ability to adapt to varying
task demands and learning contexts in sequential learning of control tasks.

Building on PNN’s foundation of task-specific columns with lateral connections,
BIARM integrates adaptive rate modulation with careful consideration of how the
neuromodulatory influences should be applied at different stages of the learning
process. During the initial training of a new task column, the neuromodulatory
system must balance rapid learning with stability to ensure that the new task is
learned effectively without disrupting the knowledge transfer from previous tasks.

Our framework as shown in Figure 3.1 computes layer outputs as:

1—1
W= g (vm(”hﬁ’”+2cv§f;lf£2h§?) 59

k=1

The implementation begins with the integration of neuromodulatory state vari-
ables into the Progressive Neural Network architecture. Each task column is aug-
mented with neuromodulatory state vectors that track the current activation levels
of the four neuromodulatory systems. These state vectors evolve over time based
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Figure 3.1: BIARM Architecture. Task-specific columns with

attention-modulated lateral connections («) enable progressive

learning and knowledge transfer. Neuromodulatory system (bot-

tom) regulates learning dynamics. Solid/dashed/dotted arrows in-
dicate forward/lateral/neuromodulatory connections.

on the current learning context, task performance, and environmental conditions,
providing dynamic context information that guides learning parameter adaptation.

3.3.2 Input Standardization and Task Management

To handle varying input dimensions across different tasks, we implement adaptive
input standardization that ensures compatibility across different task dimensions:

o(z) = x if dim(x) = diax (3.10)

[ 0g,p 0 —dim(z)]  if dim(2) < dimax

where day is the maximum input dimension across all tasks. This standardiza-
tion layer enables the framework to handle heterogeneous task sequences without
requiring manual specification of transformation rules for each new task.

3.3.3 Complete Training Algorithm

The complete training procedure integrates all components of the BIARM frame-
work into a cohesive algorithm that coordinates neuromodulatory adaptation with
Progressive Neural Network training. Algorithm 1 maintains neuromodulatory
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state variables throughout training, updating them at each step based on current
context while using their coordinated influence to modulate learning parameters.

Algorithm 1 Bio-Inspired Adaptive Rate Modulation Training

Require: Task sequence 7 = {T11,T5,...,T,}, episodes F, batch size B
Ensure: Trained progressive network with adaptive modulation
1: Initialize modulation system with states s,, = 0.5 for all m

2: Initialize base learning rate np.se and network parameters
3: for each task 7; in 7 do

4: Initialize new column C}

5: Calculate initial task novelty ng.qg = 1.0

6: for episode = 1 to F do

7: Reset environment

8: while episode not done do

9: Observe state Scurrent, €xecute action, get reward r
10: Update module target states (Egs. 3.2-3.6)
11: Update module states (Eq. 3.1)

12: Compute effective learning rate (Eq. 3.7)

13: Compute attention coefficients (Eq. 3.8)

14: Store transition in replay buffer

15: if buffer size > B then

16: Sample mini-batch from buffer

17: Compute loss with modulated parameters
18: Update network parameters with negective
19: end if
20: Update task novelty: ni.sx <— Niask X 0.995
21: end while
22: end for
23: end for

Key implementation details include the network architecture where each task col-
umn employs two hidden layers with 128 units each using ReLU activation, with
input and output dimensions adapted to environment requirements and Xavier ini-
tialization for weights with zero initialization for biases. Each neuromodulatory
module uses a two-layer network with 64 hidden units, employing ReLLU activation
in the hidden layer and sigmoid in the output layer. The training configuration
uses a batch size of 64, base learning rate of 0.001 modulated by the neuromodu-
latory system, Adam optimizer with modulated learning rates, experience replay
maintaining 10,000 transitions per task, and epsilon-greedy exploration starting
at 1.0 and decaying to 0.01.
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3.4 Experimental Validation and Results

3.4.1 Experimental Setup and Environment Selection

The experimental validation of the bio-inspired adaptive rate modulation frame-
work was conducted across four distinct OpenAl Gymnasium environments that
provide diverse challenges for sequential multi-task learning. The environments
were selected to test different aspects of adaptive learning, including control preci-
sion, exploration requirements, temporal reasoning, and multi-objective optimiza-
tion. Each environment presents unique characteristics that allow for compre-
hensive evaluation of the neuromodulatory mechanisms under different learning
conditions. The four selected environments are visualized in Figure 3.2 and de-
scribed as follows:

CartPole-v1 serves as a foundational test of control precision and stability main-
tenance. This environment requires learning precise control policies that can bal-
ance competing objectives while maintaining system stability over extended peri-
ods. The task provides clear performance feedback that enables detailed analysis
of how the neuromodulatory systems respond to different phases of the learning
process, from initial skill acquisition through performance optimization and main-
tenance. With a 4-dimensional continuous state space consisting of cart position,
velocity, pole angle, and angular velocity, and a 2-dimensional discrete action space
for left or right force application, the environment awards +1 per timestep while
the pole remains upright. Episode termination occurs when the pole angle exceeds
+12° or cart position exceeds +2.4 units, with a maximum episode length of 500
timesteps and training conducted over 400 episodes.

The Acrobot-v1 environment tests the framework’s ability to handle complex
dynamics and long-horizon planning requirements. The under-actuated nature of
this system requires coordination between exploration and exploitation, making it
an ideal testbed for evaluating the norepinephrine and dopamine modules’ ability
to manage the exploration-exploitation trade-off effectively. This two-link pen-
dulum system features a 6-dimensional continuous state space comprising joint
angles and velocities, with a 3-dimensional discrete action space for torque appli-
cation to the second joint. The environment provides a reward of -1 per timestep
until the goal is reached, which requires swinging the end-effector above a target
height. Training proceeds for 500 episodes with a maximum episode length of 500
timesteps.

The MountainCar-v0 environment presents sparse reward challenges that test
the framework’s ability to maintain learning motivation in the absence of frequent
positive feedback. This environment is particularly valuable for evaluating the
dopamine module’s reward prediction mechanisms and the serotonin module’s
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(a) CartPole Visualiza- (b) Acrobot Visualiza- (c) MountainCar Visu- (d) LunarLander Visu-
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Figure 3.2: Visualization of OpenAl Gymnasium environ-
ments : (a) CartPole-vl; (b) Acrobot-vl; (¢) MountainCar-v0;
and (d) LunarLander-v3.

ability to maintain learning stability during extended periods of limited feedback.
The 2-dimensional continuous state space captures position and velocity, while the
3-dimensional discrete action space offers left, no action, and right movements.
The environment awards -1 per timestep, requiring the agent to reach a flag at
the top of a hill within a maximum episode length of 200 timesteps across 800
training episodes.

The LunarLander-v3 environment provides the most complex learning chal-
lenge, requiring coordination of multiple control objectives including precise po-
sitioning, velocity control, and fuel efficiency optimization. This environment
tests the framework’s ability to coordinate all four neuromodulatory modules si-
multaneously while managing the complex interactions between different learning
objectives. The 8-dimensional continuous state space includes position, velocity,
orientation, and ground contact information, with a 4-dimensional discrete action
space controlling no action, left engine, main engine, and right engine. The com-
plex reward function evaluates landing success, fuel efficiency, and stability, with
episode termination occurring upon landing, crash, or timeout within a maximum
episode length of 1000 timesteps over 800 training episodes.

All experiments employed standardized training procedures across all environ-
ments to ensure fair comparison between the adaptive framework and baseline
Progressive Neural Networks. Each experiment was repeated across multiple ran-
dom seeds to provide statistical validation of the observed performance improve-
ments, with comprehensive data collection enabling detailed analysis of the mech-
anisms underlying the performance gains. The training configuration maintained
identical network architectures across all comparisons, with task-specific training
episodes determined based on environment complexity as detailed above. Training
hyperparameters are standardized across all experiments as outlined in Table 3.1:
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Table 3.1: Training Configuration Parameters

Parameter Value

Batch size 64

Base learning rate 0.001

Optimizer Adam

Discount factor () 0.99
Experience replay buffer 10,000 transitions per task

Epsilon-greedy exploration € starts at 1.0, decays to 0.01 with rate 0.995

Task-specific Training Episodes

CartPole-v1 400 episodes
Acrobot-v1 500 episodes
MountainCar-v0 800 episodes
LunarLander-v3 800 episodes

3.4.2 Performance Results and Comprehensive Analysis

The results as presented in Table 3.2 and Figure 3.3 demonstrate consistent and
substantial performance improvements across all tested environments. The ex-
perimental validation reveals that the magnitude of improvement correlates with
task complexity and the benefits of coordinated adaptation, providing compelling
evidence for the value of bio-inspired neuromodulatory mechanisms in sequential
multi-task learning.

Table 3.2: Performance Comparison Between Baseline PNN and

BIARM
Environment Baseline PNIN BIARM Improvement
CartPole-v1 491.00 £ 11.94 500.00 £ 0.00 +1.83%
Acrobot-v1 —94.50 £ 24.96 —93.50 + 18.91 +1.06%

MountainCar-v0 —165.904+-46.31 —119.80 4+ 28.02 +27.79%
LunarLander-v3 —417.174+412.62 233.37 £+ 34.38 +155.94%

Note: Improvement is computed as

BIARM — Baseline PNN
|Baseline PNN]

x 100

where the absolute value in the denominator accounts for environments in which the baseline
performance is negative.

The most substantial improvement occurred in the LunarLander-v3 environment,
where the adaptive framework achieved positive performance scores of 233.37 +
34.38 while the baseline Progressive Neural Networks consistently failed to learn
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effective policies with negative performance of —417.17 & 412.62. This 155.94%
improvement represents a qualitative difference in learning capability rather than
merely incremental performance enhancement, demonstrating that the neuromod-
ulatory framework enables successful task completion in scenarios where baseline
methods fail entirely. The substantial variance reduction from 412.62 to 34.38 rep-
resents a 91.7% decrease, indicating that the framework not only improves average
performance but also enhances the consistency and reliability of learned behaviors.

The CartPole-v1 results, while showing a more modest 1.83% improvement in
mean performance, demonstrated a remarkable reduction in performance vari-
ance, achieving zero variance across test episodes compared to the baseline vari-
ance of 11.94. This result indicates that the neuromodulatory framework not
only improves average performance but also enhances the consistency and relia-
bility of learned behaviors, which is crucial for practical robotic applications. The
achievement of perfect consistency demonstrates that the adaptive mechanisms
can eliminate performance variability in well-structured control tasks.

The Acrobot-vl and MountainCar-v0 environments showed intermediate perfor-
mance improvements of 1.06% and 27.79% respectively, with substantial reduc-
tions in performance variance in both cases. For Acrobot-vl, the variance de-
creased by 24.3% from 24.96 to 18.91, while MountainCar-v0 achieved a 39.5%
variance reduction from 46.31 to 28.02. These results demonstrate that the frame-
work provides benefits across diverse learning scenarios, from those requiring
minimal adaptation to those demanding substantial strategic adjustments. The
MountainCar-v0 results are particularly noteworthy given the sparse reward struc-
ture, which typically challenges learning algorithms by providing minimal feedback
for extended periods.

The correlation between environment complexity and performance improvement
magnitude suggests that the neuromodulatory framework provides the greatest
benefits in scenarios that require coordination between multiple learning objec-
tives. The improvement in LunarLander-v3, which requires managing multiple
competing objectives simultaneously, demonstrates that biological principles may
be particularly valuable for complex control problems that exceed the capabilities
of fixed-parameter approaches.

3.4.3 Computational Overhead Analysis

The BIARM framework introduces computational overhead (Table 3.3) through
four primary sources: forward passes through neuromodulatory networks (4 mod-
ules x 64 hidden units each), computation of modulated learning rates and atten-
tion coefficients, state updates for neuromodulatory values, and attention-gated
lateral connection computations.
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Figure 3.3: Learning curves showing training progress

across all four environments. (a) BIARM framework (b) base-

line Progressive Neural Networks. The shaded regions represent

standard deviation across multiple runs, demonstrating superior
stability and convergence with BIARM.

Table 3.3: Computational Overhead Analysis

Environment  Baseline Time/Step BIARM Time/Step Overhead

CartPole-v1 0.45 ms 0.68 ms +52%
Acrobot-v1 0.52 ms 0.89 ms +71%
MountainCar-v0 0.41 ms 0.71 ms +73%
LunarLander-v3 0.63 ms 1.18 ms +87%

The overhead ranges from +52% (CartPole) to +87% (LunarLander) per training
step. This scales linearly with task count due to lateral connection computations.
Detailed comparative analysis with other continual learning approaches, including
memory complexity and scalability considerations, is provided in Section 5.3.2.

For the immediate application context, the overhead is justified by performance
improvements: the 87% overhead in LunarLander enables the difference between
complete failure (baseline) and successful task completion (BIARM), while the
52% overhead in CartPole achieves perfect consistency (zero variance) compared
to baseline variance of 11.94.
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3.5 Comprehensive Ablation Study

3.5.1 Methodology and Component Isolation

To validate the contribution of each adaptive module and understand the mecha-
nisms underlying the observed performance improvements, we conducted system-
atic ablation studies. The comprehensive ablation studies provide crucial insights
into the mechanisms underlying these performance improvements. The method-
ology involved removing individual neuromodulatory modules while maintaining
the computational framework, allowing us to isolate the specific contribution of
each component. The systematic removal of individual neuromodulatory modules
reveals that each component contributes meaningfully to overall system perfor-
mance, with the dopamine and acetylcholine modules showing the largest individ-
ual contributions in most environments.

When ablating modules with dependencies (5HT depends on DA, ACh depends
on NE), we replaced missing dependency inputs with fixed neutral values of 0.5,
representing moderate activation. This approach allows fair comparison across
configurations while eliminating the specific module’s adaptive contribution with-
out disrupting the computational pipeline.

3.5.2 Ablation Results and Component Analysis

The ablation results, as shown in Table 3.4 and Figure 3.4, reveal distinct con-
tributions from each module that validate the biological inspiration behind the
framework design. The dopamine and acetylcholine modules show the most se-
vere impact when removed, confirming their critical roles in reward-based learning
adaptation and knowledge integration between task columns.

Table 3.4: Ablation Study Impact on Performance Across All En-

vironments
Environment Full BIARM w/o DA w/o 5-HT w/o NE w/o ACh
CartPole-v1 500.00 £ 0.00 195.77 £148.93  173.29 £198.46 233.33 £212.19  247.78 £ 210.25
Acrobot-v1 —93.50£1891 —109.82+£20.67 —110.78 £21.01 —110.27+£24.56 —106.48 & 22.55

MountainCar-v0 —119.80 £ 28.02 —125.90 £32.98 —126.26 £26.96 —139.63+31.10 —133.39429.71
LunarLander-v3  233.37 £34.38 —18.63 £190.72 218.15+£97.80 202.99 £135.61 —39.61 £ 152.67

Dopamine Module Ablation The dopamine module ablation results confirm
its crucial role in reward-based learning adaptation, with its removal leading to
substantial performance degradation across all environments. In LunarLander-v3,
removing the dopamine module resulted in a 108.0% performance impact, drop-
ping performance from 233.37 + 34.38 to —18.63 4 190.72. The magnitude of this

29



200 A

Final Performance

—200 A

—400 -

—600 A

Environment

Figure 3.4: Final Performance Evaluation of Catastrophic
Forgetting for Ablation Study. Bar chart showing performance
degradation when removing individual neuromodulatory modules
across all four environments, demonstrating the critical contribu-
tion of each component to the overall system performance.

degradation correlates with the reward structure complexity of each environment,
with more complex reward landscapes showing greater dependence on adaptive
reward processing mechanisms.

Acetylcholine Module Ablation The acetylcholine module ablation studies re-
veal its essential role in knowledge integration and transfer between task columns.
The removal of this module showed the highest overall impact in Lunar-Lander-v3
with a 117.0% performance degradation, reducing performance to —39.614152.67.
This particularly impacted performance in environments where knowledge trans-
fer could provide substantial benefits, demonstrating the importance of adaptive
knowledge integration mechanisms in continual learning scenarios.

Serotonin Module Ablation The serotonin module, while showing smaller indi-
vidual contributions to mean performance with only a 6.5% impact in LunarLander-
v3, demonstrated substantial impacts on learning stability and variance reduction.
The ablation of this module led to increased performance variability across all
environments, with variance increasing from 34.38 to 97.80 in LunarLander-v3,
confirming its role in promoting stable and consistent learning dynamics.

Norepinephrine Module Ablation The norepinephrine module ablation stud-
ies revealed its importance for attention allocation and exploration management
with a 13.0% performance impact in LunarLander-v3. The removal of this module
particularly impacted performance in environments requiring complex exploration
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strategies or attention allocation across multiple task aspects. While showing mod-
erate direct performance reduction, the variance increased fourfold from 34.38 to
135.61, demonstrating its critical role in maintaining training stability also.

3.5.3 Temporal Dynamics and Coordination Patterns

Analysis of neuromodulatory dynamics (Figure 3.5) during training reveals the
coordination patterns that emerge from the interaction of the four modules. The
temporal analysis of learning progress shows that the neuromodulatory framework
provides benefits throughout the learning process, from initial skill acquisition
through performance optimization and long-term maintenance. These patterns
suggest that the framework develops environment-specific adaptation strategies
that optimize learning for the particular characteristics of each task domain. The
emergence of these coordinated patterns without explicit programming demon-
strates the power of bio-inspired organizational principles for creating adaptive
behaviors.

In simple tasks like CartPole-v1, neuromodulator levels remain relatively stable
with minimal fluctuations once optimal control is achieved. The dopamine mod-
ule shows slight increases during reward acquisition, while serotonin maintains
consistent stability control. This reflects the predictable nature of the balancing
task once basic control is mastered. Complex environments like LunarLander-v3
demonstrate pronounced fluctuations that mirror their challenging nature. The
landing task requires continuous adaptation to varying spacecraft dynamics, lead-
ing to dynamic dopamine responses and norepinephrine adjustments for atten-
tion allocation between frozen columns. These fluctuations represent appropriate
adaptive responses rather than instability, demonstrating the framework’s ability
to scale modulation intensity based on task demands.

3.6 Performance Retention Evaluation

One of the most critical aspects of sequential multi-task learning is the system’s
ability to maintain performance on previously learned tasks while acquiring new
capabilities. Our framework’s approach to this challenge combines the architec-
tural benefits of Progressive Neural Networks with adaptive mechanisms that op-
timize knowledge transfer and minimize interference.

Table 3.5 presents the performance retention analysis comparing initial task per-
formance to performance after learning all subsequent tasks. The analysis demon-
strates that BIARM achieves superior knowledge preservation compared to base-
line Progressive Neural Networks. The average retention rate of 98.0% across all
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(c) MountainCar Environment (d) LunarLander Environment

Figure 3.5: Neuromodulator Dynamics Analysis. For each en-
vironment: (top) Temporal activation patterns of each neuromodu-
lator, showing the evolution of DA, 5-HT, NE, and ACh levels over
training; (middle-left) Learning rate modulation, demonstrating
how the neuromodulators influence learning speed; (middle-right)
Attention modulation, showing the dynamic focusing of learning;
and (bottom) Correlation heatmap revealing interactions between
neuromodulators.

tasks significantly exceeds the baseline rate of 93.2%), representing a 4.8 percent-
age point improvement in knowledge retention. Perfect retention was achieved in
CartPole-vl and LunarLander-v3, demonstrating that the adaptive mechanisms
can completely eliminate catastrophic forgetting in both simple and complex tasks
when appropriately coordinated.
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Table 3.5: Initial vs Final Performance Comparison Between
BIARM and Baseline Model

Environment Model Initial Performance Final Performance Retention

CartPolovl BIARM 500.00 = 0.00 500.00 = 0.00 100%
Baseline 496.20 + 5.31 491.00 + 11.94 98.95%
Aerobotvl BIARM —88.20 + 3.84 —93.50 + 18.91 94.3%
Baseline —86.80 + 10.71 —94.50 + 24.96 91.85%
MountainCapyy  BIARM —117.20 + 29.84 —119.80 + 28.02 97.82%
UALAEVY B seline —150.60 + 49.33 ~165.90 + 46.31 90.78%
L Landery  BIARM 933.37 + 34.38 933.37 + 34.38 100%
URArLandervo - poseline  —380.88 + 346.54 —417.17 4+ 412.62 91.30%

3.7 Discussion and Implications

3.7.1 Biological Plausibility and Validation

The experimental results provide compelling evidence that bio-inspired adap-
tive rate modulation offers genuine advantages over fixed-parameter learning ap-
proaches in sequential multi-task scenarios. However, the analysis of these results
reveals several important insights about when, why, and how these advantages
emerge, providing guidance for future applications and improvements of the frame-
work.

The success of our framework provides computational validation for several key
principles from neuroscience. The hierarchical importance of different neuromod-
ulatory systems revealed by our ablation studies aligns well with biological liter-
ature. Dopamine’s critical role in learning rate modulation matches extensive
research on its function in reward-based learning. Acetylcholine’s importance
for knowledge integration corresponds to its known roles in attention and mem-
ory consolidation. The structured dependency chains between modules, designed
to reflect biological coordination principles, produce coherent adaptive behaviour
across diverse environments, suggesting that even simplified implementations of
neuromodulatory organisation can capture functionally meaningful aspects of bi-
ological learning regulation.

The substantial variance reduction, observed across all environments, is particu-
larly important characteristic for practical robotic applications where consistent
performance is often more valuable than occasionally exceptional performance ac-
companied by frequent failures. The achievement of zero variance in CartPole-v1
represents a particularly striking example of how adaptive mechanisms can en-
hance learning reliability.
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3.7.2 Comparison with Alternative Approaches

Our approach shares conceptual similarities with meta-learning frameworks that
seek to learn how to learn more effectively [107, 171, 79]. However, BIARM
differs in its explicit biological grounding and its focus on coordinated adaptation
rather than parameter optimization. While meta-learning approaches typically
learn adaptation strategies through gradient-based optimization, our framework
implements biologically-motivated coordination principles that emerge from the
interaction of specialized modules.

This biological grounding provides several advantages. First, it offers princi-
pled guidance for system design grounded in established neuroscientific princi-
ples rather than purely empirical exploration.. Second, it naturally incorporates
multi-timescale dynamics that are difficult to achieve through gradient-based ap-
proaches. Third, it provides interpretable mechanisms that can be analyzed and
understood in terms of their biological counterparts, facilitating system debugging
and improvement.

The comparison with other continual learning approaches reveals that the neuro-
modulatory framework provides complementary benefits that could enhance the
effectiveness of alternative architectural and algorithmic solutions. BIARM can be
viewed as complementary to rather than competitive with other continual learn-
ing methods. The framework’s modulation mechanisms could potentially enhance
the effectiveness of regularization-based methods like Elastic Weight Consolida-
tion [18] by providing adaptive control over the strength and timing of regulariza-
tion. Similarly, replay-based methods [104, 118] could benefit from neuromodula-
tory control over when and how stored experiences are utilized for learning.

3.7.3 Generalization and Future Extensions

The principles demonstrated in this work suggest several promising directions
for future research. The coordination mechanisms could be extended to include
additional neuromodulatory systems, such as histamine for arousal or GABA for
inhibitory control. The temporal dynamics could be made more sophisticated by
incorporating circadian rhythms or other biological timing mechanisms.

The framework could also be extended beyond sequential task learning to address
other challenges in adaptive robotics. Multi-agent coordination, long-horizon plan-
ning, and dynamic environment adaptation all present scenarios where coordina-
tion between multiple adaptive mechanisms might provide significant benefits.
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3.8 Conclusion

This chapter has presented a comprehensive bio-inspired adaptive rate modulation
framework that successfully translates the organizational principles of biological
neuromodulatory systems into practical computational mechanisms for sequen-
tial multi-task learning. The framework demonstrates that coordination between
multiple adaptive mechanisms, inspired by dopamine, serotonin, norepinephrine,
and acetylcholine systems, provides substantial performance improvements over
fixed-parameter approaches across diverse learning scenarios.

Key Contributions

1. Theoretical Framework: A principled approach to coordinating multiple
adaptive mechanisms based on biological neuromodulation principles.

2. Mathematical Formulation: Precise specifications for implementing co-
ordinated neuromodulatory control in artificial systems, including;:

e State dynamics with multi-timescale adaptation

e Target computation through specialized neural networks
e Coordinated learning rate and attention modulation

e Integration with Progressive Neural Networks

3. Empirical Validation: Comprehensive experimental results showing con-
sistent improvements ranging from 1.06% to 155.94% across four challenging
environments.

4. Mechanistic Understanding: Detailed ablation studies confirming that
performance improvements stem from fundamental biological principles rather
than superficial implementation details.

The experimental validation demonstrates that the framework provides the great-
est benefits in scenarios requiring coordination between multiple learning objec-
tives, enhanced learning reliability, effective knowledge transfer between tasks, and
substantially reduced variance.

The success of this bio-inspired approach establishes a foundation for the next
contribution of this thesis, which explores how biological principles from gene reg-
ulatory networks can provide complementary improvements in learning efficiency
and robustness for robotic control applications. The coordination mechanisms de-
veloped here demonstrate the power of biological inspiration for creating adaptive
systems, setting the stage for investigating how other biological control architec-
tures might further advance the field of developmental evolutionary robotics.
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CHAPTER 4

GENE REGULATORY NETWORKS FOR
VISION-BASED ROBOT CONTROL

4.1 Introduction and Biological Motivation

This chapter discusses the research article: “Gene Regulatory Networks for FEn-
hanced Vision-Based Robot Control: A Bio-Inspired Approach”, MDPI Sensors
26(6), 1742, 2026 [38].

While Chapter 3 demonstrated how neuromodulatory principles enable adaptive
multi-task learning, this chapter explores a fundamentally different biological con-
trol paradigm. Gene Regulatory Networks (GRNs), introduced in Section 1.1, can
offer distinct advantages for vision-based robotic control.

Recent work in vision-based robot control has demonstrated that systems can
learn to grasp diverse objects using only RGB images [14, 172], but the training re-
quirements remain substantial. State-of-the-art approaches like QT-Opt achieved
96% grasp success rates but required distributed training on seven robots for 800
hours, highlighting the computational resources needed for competitive perfor-
mance [172].

This chapter presents the first comprehensive application of Gene Regulatory Net-
works to vision-based robot control, achieving a 57.5% success rate on the chal-
lenging KukaDiverseObjectEnv benchmark while reducing training time by 13.7x
compared to established baselines, demonstrating that biological regulatory prin-
ciples can improve training efficiency while maintaining competitive performance..
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4.2 Mathematical Formulation and System Ar-
chitecture

We illustrate in this section how GRNs are applied to vision-based robot con-
trol, giving the mathematical formulation, system architecture, and optimization
framework. We begin by describing the core dynamics that govern gene expres-
sion, including the mapping from sensory inputs to regulatory signals and the
generation of motor commands from the evolved gene expression patterns.

4.2.1 Discrete-Time Gene Expression Dynamics

Our computational implementation of GRNs adapts the continuous-time dynamics
of biological gene regulation to discrete-time updates suitable for robotic control
applications. The core dynamics are governed by:

it + 1) = x;(t) + At - [fi(s, @) — dxi(t) + mi(¢)] (4.1)

where z;(t) € [0.0, 1.0] represents the expression level of gene i at discrete time step
t, and the gene expression vector x = [r1, X, . . . ,xn]T captures the current state
of the regulatory network. The discrete timestep At = 0.05 provides temporal
resolution sufficient for robotic control while ensuring numerical stability.

The sensory input vector s € R® combines visual and proprioceptive information,
where the first four dimensions represent processed visual features extracted from
RGB camera input, and the remaining four dimensions encode proprioceptive
feedback from robot joint states. This multimodal sensory integration enables
the GRN to respond to both global environmental context and local robot state
information.

The activation function f;(s,x) determines how gene 7 responds to environmental
stimuli and regulatory influences from other genes, implementing the core logic of
the regulatory network:

8 n
fils, x) = H (Z wis + Y w - o, ei) (4.2)
j=1

k=1

The sensor-to-gene connection weights wj(»f.) determine how strongly each sensory
input influences gene i, allowing the network to develop specialized responses to
different types of environmental information. The regulatory interaction matrix

r . . o . . .
w,(m.) encodes gene-gene interactions, where positive values represent activation and
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negative values represent repression, creating the complex regulatory relationships
that drive network behavior.

4.2.2 Hill Function Activation and Regulatory Logic

The Hill function H(u,f) implements the sigmoidal activation characteristic of
biological gene regulation, capturing the cooperative binding behavior observed in
transcriptional control:

2

H(u,0) = ﬁ - sign(u) (4.3)

This modification of the standard Hill function enables bidirectional regulation
while maintaining the characteristic sigmoid response profile. The squared terms
create sigmoidal activation curves with adjustable sensitivity through the thresh-
old parameter #; € [0.1,1.0], where lower values make genes more responsive to
weak regulatory signals. The sign function preserves the activating or repressing
nature of the regulatory input, allowing genes to both promote and inhibit the
expression of other genes.

The interaction strength parameters a4, € [0.1,3.0] provide an additional layer of
regulatory control, modulating the influence of gene k on other genes in the net-
work. This parameter enables the evolution of regulatory hierarchies where some
genes serve as master regulators with strong influence over many targets, while
others function as specialized effectors with limited regulatory scope. Each gene
has an associated decay rate 0; € [0.05, 1.0] that models the natural degradation
of gene products in biological systems, providing temporal dynamics that enable
the network to implement sequential behaviors and temporal reasoning without
explicit memory modules.

4.2.3 Biological Noise and Robustness

Biological noise 7;(t) ~ AN(0,0.01%) introduces stochasticity that serves multiple
important functions in the system. In biological systems, molecular noise is not
merely a nuisance to be filtered out, but plays essential roles in state-space ex-
ploration, preventing convergence to suboptimal solutions, and enabling robust
control strategies that work across varying conditions [51, 173]. The noise level is
calibrated to match the signal-to-noise ratios observed in biological gene expression
systems, where fluctuations typically represent 10-20% of mean expression levels.
The clipping operation bounds expression levels to the unit interval [0.0, 1.0], pre-
venting numerical instabilities while maintaining biological plausibility.
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4.2.4 Motor Command Generation

Motor commands are generated through a linear combination of gene expression
levels that maps the high-dimensional gene expression space to the robot’s actuator
space:

a(t) = tanh(W™x(t)) (4.4)

The motor command vector a(t) € [—1,1]" provides control signals for the seven
degrees of freedom of the robotic manipulator. The motor output weight matrix
W e R™50 maps the 50-dimensional gene expression space to the 7-dimensional
motor command space. This linear mapping enables complex, coordinated motor
behaviors to emerge from distributed gene expression patterns. Unlike traditional
approaches that require explicit coordination mechanisms, the GRN naturally
generates coordinated control signals through the regulatory relationships between
genes. The hyperbolic tangent activation function ensures that motor commands
remain bounded within the acceptable range for joint control, preventing damage
to the robotic system while providing smooth, continuous control signals.

4.3 Four-Stage Architecture and Visual Process-
ing

Figure 4.1 illustrates the four-stage GRN architecture. Stage 1 processes RGB
images through a lightweight CNN, extracting 4-dimensional visual features. Stage
2 integrates visual features with 4-dimensional proprioceptive feedback to create
an 8-dimensional sensor input vector. Stage 3 implements a core gene regulatory
network with 50 genes that evolves during optimization. Stage 4 transforms the
gene expression vector into 7-dimensional motor commands through the learned
motor output weight matrix. The subsections below provide detailed explanations
of each stage.

4.3.1 Stage 1: Lightweight Visual Feature Extraction

The first stage implements a lightweight convolutional neural network designed
specifically for computational efficiency while maintaining sufficient representa-
tional power for manipulation tasks. Processing 48 x 48 x 3 RGB images through
two convolutional layers, the system extracts essential visual features without the
computational overhead of deeper architectures.

The first convolutional layer transforms the 3-channel RGB input to 16 feature
channels using 8 x 8 kernels with stride 4, capturing large-scale spatial patterns
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Figure 4.1: Gene regulatory network architecture. Four-stage

vision-based robot control system: (1) visual processing, (2) sensor

integration, (3) gene regulatory dynamics, and (4) motor command
generation.
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relevant for object detection and localization. The second layer expands to 32
channels using 4 x 4 kernels with stride 2, refining the feature representation to
capture more detailed spatial relationships necessary for grasp planning.

Adaptive pooling reduces the spatial dimensions to a fixed 2 x 2 grid regardless
of input variations, ensuring consistent feature dimensionality while preserving
spatial relationships. The final flattening operation produces a 128-dimensional
feature vector that is normalized and reduced to 4 dimensions through learned
linear projection, providing compact visual representation suitable for GRN pro-
cessing. This architecture balances computational efficiency with representational
power, requiring only a fraction of the parameters and computation needed by
typical deep vision systems while extracting sufficient information for successful
manipulation [174].

4.3.2 Stage 2: Multimodal Sensor Integration

The second stage integrates visual features with proprioceptive feedback to create
a comprehensive sensory representation that captures both environmental context
and robot state. The 4-dimensional visual feature vector is concatenated with
4-dimensional proprioceptive information including joint positions, creating an
8-dimensional sensor input vector s.

This multimodal integration is crucial for successful manipulation, as visual infor-
mation alone is insufficient for precise motor control. The sensor integration stage
also implements normalization and scaling to ensure that visual and proprioceptive
signals contribute appropriately to gene regulation.

4.3.3 Stage 3: Gene Regulatory Network Dynamics

The third stage implements the core GRN computation, where 50 interconnected
genes exhibit complex regulatory dynamics that process sensory information and
generate appropriate control responses. The choice of 50 genes provides sufficient
complexity for manipulation tasks while maintaining computational tractability
for evolutionary optimization. The regulatory network exhibits ~ 20% sparse
connectivity (to be evolved), meaning that approximately 525 of the possible 2,500
gene-gene connections are active.

The gene expression update process implements the discrete-time dynamics de-
scribed in Equation 4.1, where each gene’s expression level evolves based on sen-
sory inputs, regulatory influences from other genes, decay processes, and biological
noise. This parallel update mechanism enables the network to process multiple
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sensory inputs simultaneously while generating coordinated responses through reg-
ulatory coupling.

4.3.4 Stage 4: Motor Command Generation

The fourth stage transforms the 50-dimensional gene expression vector into 7-
dimensional motor commands through the learned motor output weight matrix
(Equation 4.4). This transformation enables complex motor behaviors to emerge
from the distributed pattern of gene expression, where different expression patterns
correspond to different motor behaviors. The linear mapping allows for both
direct gene-to-motor relationships and more complex combinatorial relationships
where multiple genes contribute to each motor command, enabling the evolution
of hierarchical control architectures.

Algorithm 2 details the motor command generation process implemented in our
GRN controller. The algorithm processes visual inputs through the CNN encoder,
integrates proprioceptive feedback, updates gene expression levels according to the
regulatory dynamics, and generates motor commands.

Algorithm 2 GRN Controller Motor Command Generation

Require: Evolved genome G = {W® W@ W g § o}
Require: Visual encoder CNN; initial gene expression x(0)
1: Initialize x < x(0)
2: while robot episode active do
3: Irgp < CaptureRGBImage()

4: v < CNNExtractFeatures(/rgp)
5: p < GetProprioception()
6: s < [v;p] > Concatenate visual and proprioceptive
7: for i =1ton do
8: Ui < 25:1 w§zs‘)5j + 2k wg)xkak
9: fz — H(UZ, 92)
10: n; < N(0,0.01%)
11: Ax; fi — by + i
12: PV« clip(x; + At - Az;,0.0,1.0)
13: end for
14: X 4 xW
15: Apay — WMx
16: a < tanh(ayay)
17: ExecuteMotorCommands(a)

18: end while
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4.4 Evolutionary Optimization Framework

4.4.1 Genome Representation and Encoding

The evolutionary optimization framework treats each GRN controller as a genome
encoding the complete regulatory architecture required for vision-based manipu-
lation. Each genome G contains six parameter matrices and vectors:

G={wO wm wm g5 a) (4.5)

The sensor-to-gene connection weight matrix W) € R®*%° determines how sen-
sory inputs influence gene expression, enabling the network to develop specialized
responses to different types of environmental information. The gene regulatory
interaction matrix W) € R%0*50 encodes the complex web of regulatory rela-
tionships between genes, implementing the core logic of the control system. The
gene-to-motor connection weight matrix W € R***7 maps gene expression pat-
terns to motor commands. The activation threshold vector & € R sets the
sensitivity of each gene to regulatory inputs, the decay rate vector § € R* con-
trols temporal dynamics, and the interaction strength vector a € R modulates
regulatory influence.

4.4.2 Population Initialization and Diversity

The evolutionary algorithm maintains a population of N, = 12 genomes, bal-
ancing computational efficiency with sufficient diversity for effective search. This
relatively small population size is enabled by the constrained search space imposed
by biological bounds. Initial genomes are sampled from biologically motivated dis-
tributions that reflect the statistical properties observed in natural GRNs.

Connection weights are drawn from normal distributions: W) ~ AN/(0,0.3%),
W@ ~ N(0,0.1%) with ~ 20% evolved sparsity, and W™ ~ N(0,0.22). Gene-
specific parameters use uniform distributions: 6; ~ #(0.2,0.8), §; ~ (0.1,0.9),
and «; ~ U(0.5,2.0).

The sparsity constraint in the regulatory matrix is implemented by randomly set-
ting ~ 80% of connections to zero during initialization, then allowing evolution-
ary processes to modify connection patterns through structural mutations. This
approach ensures that the search begins with biologically plausible connectivity
patterns while allowing evolution to discover optimal regulatory architectures.
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4.4.3 Fitness Evaluation and Multi-Objective Optimiza-
tion

The fitness function combines multiple objectives to encourage both task perfor-
mance and behavioral robustness:

F(G)=R+10-S,4+2-C+1-min(5,,0.8) (4.6)

The average episode reward R provides a baseline measure of task performance,
capturing the system’s ability to achieve manipulation objectives. The success
rate S, represents the fraction of episodes resulting in successful object grasping
and receives high weighting to prioritize task completion. The consistency mea-
sure C' = 1/(1 + og) is based on the standard deviation of episode rewards and
encourages stable, reproducible performance. The final term min(S,, 0.8) provides
additional reward for success rates up to 80%, after which the marginal benefit
decreases to prevent overfitting.

4.4.4 Robust Training Protocol

To improve training efficiency while maintaining robustness, we employ a dual
evaluation strategy that balances computational speed with generalization capa-
bility. During fitness evaluation, 70% of episodes occur under normal conditions
to assess basic task performance, while 30% involve Gaussian noise A/(0,0.03?)
added to visual features to test robustness. This approach prevents overfitting
to clean sensory conditions, encourages the evolution of robust control strategies
that work under uncertainty, and maintains computational efficiency by limiting
the fraction of noisy evaluations.

4.4.5 Evolutionary Operators and Mutation Strategies

The evolutionary process employs three distinct types of mutations that collec-
tively enable exploration of both network structure and parameters while main-
taining biological plausibility:

Structural Mutations Structural mutations occur with 10% probability and
modify the regulatory connectivity pattern by adding or removing connections
between genes, maintaining the sparse connectivity characteristic of biological
GRNs while allowing evolution to discover optimal regulatory architectures.
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Weight Mutations Weight mutations apply Gaussian perturbations with 20%
probability to connection weights in all three weight matrices. The perturbation
magnitude (standard deviation 0.1) is calibrated to enable gradual exploration
while avoiding disruptive changes that could destroy functional regulatory rela-
tionships.

Parameter Mutations Parameter mutations modify gene-specific properties
with 20% probability, adjusting activation thresholds, decay rates, and interaction
strengths through constrained Gaussian perturbations. The biological bounds are
strictly enforced to maintain parameter values within ranges observed in natural
systems.

The evolutionary algorithm presented in Algorithm 3 employs elitism, preserv-
ing the top 25% of performers across generations, while the remaining positions
are filled by mutated offspring generated from the elite population. Early stop-
ping is triggered when a controller achieves 70% success rate during training and
maintains at least 50% success rate during robust validation with 20 episodes,
preventing unnecessary computation while ensuring controller quality.

Algorithm 3 GRN Evolution Algorithm

Require: Population size IV,,.,, max generations Gax, elite fraction f.
1: Initialize population Py with V., random genomes
2: for g = 1 to Gax do
3: for each genome G; € P, do

4: F; + EvaluateGenome(G;)

5: end for

6: Sort population by fitness: Fy > Fy > -+ > Fi,
7 if S,(G1) > 0.7 then

8: Perform robustness test on G;

9: if robust performance confirmed then

10: break

11: end if

12: end if

13: Ne < | fe- NPOPJ
14: Pg+1 — {g17g27"'7gNe}
15: while |P,11] < Nyop do

16: Gparent < SelectElite(Py4q)
17: gof‘fspring — Mutate(gparent)
18: Pg+1 < Pngl U {goffspring}
19: end while

20: end for

21: return Best genome G,
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4.5 Experimental Setup and Baseline Compar-
isons

Experiments used Python 3.12 with PyTorch 2.8.04cul26 and PyBullet 3.2.7 on
Google Colab’s free tier. The evolutionary optimization used tournament selection
(size three), elitism (top 25%), and Gaussian mutation. Population size (12 indi-
viduals) and generation limit (15) ensured reasonable training times within compu-
tational constraints. The evaluation was conducted in the KukaDiverseObjectEnv
from the Gymnasium RL environment suite (Gymnasium v1.2.0; Farama Founda-
tion) [39], a standardized benchmark for vision-based robotic grasping (Figure 4.2).

A

(a) Successful grasp (b) Failed grasp

Figure 4.2: KukaDiverseObjectEnv benchmark. (a) Success-
ful object lift above 0.2 m threshold using RGB visual input. (b)
Failed manipulation attempt. The environment provides sparse
rewards and diverse object configurations with over 1000 object

types.

4.5.1 KukaDiverseObjectEnv Benchmark

KukaDiverseObjectEnv from PyBullet is a standardized benchmark for vision-
based robotic grasping that provides challenging and realistic manipulation sce-
narios. The environment simulates a 7-DOF KUKA iiwa manipulator performing
grasps on objects with varying shapes, sizes, and materials positioned at diverse
locations within the workspace.

Visual observations consist of 48 x 48 x 3 RGB images from a fixed camera view-
point, providing limited resolution that requires efficient visual processing. The
action space consists of continuous values in [—1,1] for each joint representing
desired velocities.
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Episodes are limited to 30 timesteps with a sparse reward structure that pro-
vides +1.0 reward only when objects are lifted above a 0.2 m threshold. No
intermediate rewards or shaping signals are provided, creating a challenging ex-
ploration problem. The environment includes over 1000 diverse object types with
varying grasping difficulties and colors, from simple geometric shapes to complex
irregular objects, with random positioning within the robot’s workspace requiring
controllers to generalize across different spatial configurations.

4.5.2 Baseline Method Configurations

The proposed method was compared against four baseline approaches representing
distinct control paradigms, with detailed configurations summarized in Table 4.1.

Table 4.1: Baseline method configurations.

Method Type Key Parameters Architecture
PPO On-policy RL = 0.01, v = 0.993 Conv: 3 — 16 — 32 — 32
€ =0.07, LR=2 x 104 FC: 128 — 64
NEAT Evolutionary  Pop=12, Gen=15 Evolving topology
Mutation: 80% weights Input: 128D—Output: 7D
TD3 Off-policy RL  Buffer=50K, Batch=128 Conv: 3 — 16 — 32
LR: le-4 (actor), le-3 (critic) FC: 256 — 256
IPG+HER Hybrid RL Success rates: 25 — 45% Literature baseline
Standard RL (Kumar et al. [175]) Various architectures

Proximal Policy Optimization (PPO) employs an actor—critic architecture with a
clipped surrogate objective and entropy regularization. NeuroEvolution of Aug-
menting Topologies (NEAT) evolves both network topology and weights through
a population-based search. Twin Delayed Deep Deterministic Policy Gradient
(TD3) employs twin critic networks with experience replay for off-policy learning.
Literature baselines from Kumar et al. [175] established performance ranges for
well-tuned reinforcement learning approaches on the same benchmark environ-
ment.

4.5.3 Evaluation Protocol

The evaluation protocol ensures fair comparison through standardized procedures
and comprehensive statistical analysis. Each method receives identical compu-
tational budgets with 15 generations for evolutionary approaches and equivalent
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training time for reinforcement learning methods. Following training, standard-
ized testing utilizes fixed random seeds for reproducible evaluation across 40 test
episodes for the GRN approach. Bootstrap confidence intervals provide statisti-
cal comparison with appropriate correction for multiple comparisons. Robustness
assessment introduces Gaussian noise (standard deviation 0.03) to visual features
during evaluation, testing controller performance under realistic sensory uncer-
tainty.

4.6 Experimental Results and Performance Anal-
ysis

4.6.1 Comparative Performance Results

Table 4.2 presents performance metrics for all evaluated methods. Efficiency rep-
resents success rate divided by training time (percentage points per minute). PPO
results used the repository implementation [176], while IPG+HER and Standard
RL were literature baselines from Kumar et al. [175].

Table 4.2: Comprehensive Performance Comparison on KukaDi-
verseObjectEnv Benchmark

Method Success Rate Training Time Efficiency Test Episodes
GRN (Ours) 57.5% 6.5 min 8.85 40

PPO (Repository) 50.0% 89.0 min 0.56 10
NEAT 33.3% 47.4 min 0.70 30

TD3 10.0% 70.0 min 0.14 40
IPG+HER ~45% N/A N/A N/A
Standard RL ~25% N/A N/A N/A

The experimental results demonstrate that the GRN approach achieves superior
performance while requiring less training time than conventional methods. The
GRN approach achieved a 57.5% success rate while requiring only 6.5 minutes of
training time, representing substantial improvements over all baseline methods.
The 7.5 percentage point improvement over PPO (50.0%) is achieved with 13.7x
faster training, demonstrating both superior final performance and improved effi-
ciency.

The efficiency improvement is particularly striking, with the GRN method achiev-
ing 8.85 percentage points per minute compared to 0.56 for PPO, representing a
1,480% improvement in training efficiency. This improvement stems from the con-
strained search space imposed by biological constraints, which focuses evolutionary
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optimization on promising regions of the parameter space. NEAT achieved 33.3%
success rate with 47.4 minutes of training, while TD3 achieved only 10.0% success
rate despite 70.0 minutes of training, highlighting the challenges that traditional
methods face with sparse rewards and high-dimensional continuous control.

4.6.2 Training Dynamics and Convergence

Figure 4.3 presents a comprehensive analysis of the evolved GRN controller, re-
vealing characteristics contributing to performance advantages: evolution progress
showing fitness improvement over six generations with rapid convergence, success
rate evolution demonstrating 80% peak performance during training with a final
test result of 57.5%, and network complexity evolution showing growth in regula-
tory connections from 400 to 1600 connections.
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Figure 4.3: Gene regulatory network analysis. FEvolution

progress, success rates, and network complexity over training gen-

erations. Left panel shows fitness evolution across 6 generations

with rapid initial improvement. Middle panel displays success rate

progression peaking at 80% during training. Right panel illustrates

regulatory network growth from sparse initialization to evolved
complexity of ~1600 active connections.

The rapid convergence reflects the effectiveness of biological constraints in guid-
ing optimization. Unlike unconstrained neural evolution that must explore vast
parameter spaces, the GRN approach benefits from bounded dynamics, sparse
connectivity, and other biological principles that eliminate many suboptimal so-
lutions from consideration. This focused search enables the algorithm to discover
effective controllers with far fewer evaluations than traditional approaches require.
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4.6.3 Robustness and Noise Tolerance

The robustness evaluation reveals that GRN controllers maintain 91.8% of their
clean performance when Gaussian noise is added to visual features. This represents
exceptionally strong resilience to sensory perturbations, with performance drop-
ping only from 57.5% to 52.8% under noisy conditions. This robustness stems from
several biological principles incorporated in the GRN architecture: The bounded
gene expression levels prevent extreme responses to noisy inputs, while the bio-
logical noise inherent in the system dynamics provides natural filtering of external
perturbations.

4.6.4 Regulatory Matrix and Evaluation Test

The evolved regulatory matrix (Figure 4.4a) demonstrates adaptive connectivity,
starting from sparse initialization and evolving to ~1600 active connections (64%
of total) as optimization balances network complexity with performance demands
(Figure 4.3). The heatmap reveals both positive (blue) and negative (red) regula-
tory interactions distributed throughout the network, demonstrating the evolution
of complex regulatory relationships essential for coordinated motor control.
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Figure 4.4: Regulatory matrix and rolling success rate re-
sults. (a) Regulatory matrix heatmap of the final evolved gene
network with both activating (blue) and repressing (red) interac-
tions. (b) Rolling success rate analysis over 40 test episodes show-
ing performance consistency with 57.5% overall success rate.
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The rolling success rate analysis (Figure 4.4b) demonstrated consistency of the
evolved controller across 40 test episodes, validating robustness through relatively
stable performance throughout testing episodes.

4.7 Ablation Study

To validate the individual contributions of GRN components, nine architectural
ablations were systematically applied to the best-evolved genome, each isolating
a specific biological mechanism. Figure 4.5 presents the results, confirming that
biological mechanisms provide substantial and distinct performance contributions.

Gene R y k A i Study Results
(b) Performance Distribution
(a) C Impact i (Control + 4 Most Critical C ) 4c) All Compone; by Impact
1 * 15% Effect Threshold
No Noise
80
Uniform Thresholds
—— :
No Regulation &
—— e | g
No Decay 5 5
] g
@ b
o
3 i}
“ 20
Random Sensors ° o
o
L
-3 2 -1

&
g

0

o
I
ES
E
=z
Z
z
9
g

- 0 -20 Iniforr No Decay
Effect Size (Control - Ablation) %

Figure 4.5: GRN ablation study results. (a) Effect sizes for all
nine ablated components. (b) Performance distribution for control
and the four most critical components. (c) Complete ranking of
component importance. Asterisks indicate statistical significance.

No Noise (34% degradation): the stochastic term n;(¢) was removed by setting
noise_level = 0.0, eliminating all biological noise from gene dynamics. This
produced the largest degradation, confirming that molecular stochasticity is not
merely a nuisance but serves an essential functional role in state-space exploration
and in preventing premature convergence to suboptimal regulatory patterns.

Uniform Thresholds (28% degradation): all evolved activation thresholds were
replaced with a uniform value (6; = 0.5 for all genes), removing the specialisation
encoded in threshold diversity. The resulting degradation confirms that different
genes rely on distinct sensitivity levels to respond selectively to different sensory
conditions and regulatory states, and that this specialisation is critical to coordi-
nated motor output.

No Regulation (24% degradation): all regulatory interaction weights were set

to zero (w,(;;) = 0), effectively reducing the GRN to a set of independent genes
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with no inter-gene communication. This confirmed that the evolved regulatory
structure is responsible for the coordinated gene expression patterns necessary for
complex sequential manipulation behaviours.

Fewer Genes (22% degradation): the network was reduced from 50 to 25 genes
by truncating all parameter matrices accordingly, including the regulatory matrix,
sensor weights, motor weights, activation thresholds, decay rates, and interaction
strengths. The significant degradation indicates that a minimum level of gene
diversity is required to sustain the sensory-motor mappings demanded by the
manipulation task.

Random Sensors (20% degradation): the evolved sensor-to-gene weight matrix
W) was replaced with random values drawn from A(0,0.3%), destroying the
specialised sensory processing patterns developed during evolution. This confirms
that the evolved sensor weights encode task-relevant perceptual structure that
cannot be substituted by arbitrary connectivity.

No Decay (20% degradation): all gene decay rates were fixed to zero (§; = 0),
removing the dissipative dynamics that enable natural temporal sequencing in
gene expression. Without decay, genes accumulate activation indefinitely, losing
the multi-timescale temporal memory that underpins sequential control behaviour.

Random Motors (20% degradation): the evolved gene-to-motor weight matrix
W) was replaced with random values drawn from A(0, 0.22), severing the learned
mapping from gene expression patterns to motor commands. The resulting degra-
dation confirms that the motor output layer encodes evolved coordination struc-
ture rather than functioning as a generic linear readout.

Random Matrix (18% degradation): the regulatory interaction matrix was ran-
domised while preserving the original sparsity pattern of the evolved genome,
replacing learned regulatory relationships with arbitrary ones. This isolates the
contribution of the specific regulatory structure independently of connectivity den-
sity, confirming that the identity of regulatory interactions matters beyond sparsity
alone.

No Sparsity (14% degradation): the regulatory matrix was replaced with a dense
random initialisation, removing the evolved sparse connectivity pattern. The com-
paratively small degradation indicates that while sparse connectivity contributes
to computational efficiency and robustness, a dense network can partially preserve
performance at higher computational cost. Taken together, these results validate
that the performance improvements of the GRN controller stem from fundamental
biological principles rather than superficial implementation details, and establish a
clear hierarchy of component importance for future architectural design decisions.
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4.8 Discussion

4.8.1 Biological Constraints as Optimization Guides

The success of our GRN approach demonstrates a counterintuitive principle: care-
fully chosen constraints can enhance rather than limit optimization effectiveness.
Traditional machine learning approaches typically seek to maximize flexibility and
minimize assumptions, operating under the belief that fewer constraints lead to
better solutions. Our results suggest that this assumption may be fundamentally
flawed for certain classes of problems.

Biological systems have evolved under severe resource constraints and environ-
mental uncertainties, yet they consistently demonstrate remarkable efficiency and
robustness. Rather than viewing these constraints as limitations overcome through
clever engineering, our work suggests that the constraints themselves serve as pow-
erful optimization guides that focus search processes on solutions that are both
effective and robust. The bounded dynamics of gene expression prevent the pa-
rameter explosion problems that can destabilize neural network training, while
sparse connectivity reduces the dimensionality of the search space without sacri-
ficing representational power [31].

This principle has profound implications for machine learning and optimization
more broadly. Rather than seeking ever-more-flexible architectures, researchers
might benefit from identifying and implementing constraints that have been val-
idated through biological evolution. The challenge lies in distinguishing between
constraints that genuinely enhance optimization and those that merely limit flex-
ibility.

4.8.2 Temporal Dynamics Without Explicit Architecture

One of the most striking aspects of the GRN approach is its ability to implement
sophisticated temporal reasoning and memory functions without explicit recur-
rent connections or memory modules. The temporal dynamics emerge naturally
from the interplay between gene activation, regulatory interactions, and molecu-
lar decay, creating natural filters and integrators that enable complex sequential
behaviors.

This natural temporal processing offers several advantages over explicit memory
architectures. It avoids the stability problems often associated with recurrent neu-
ral networks, where gradient flow through time can lead to vanishing or exploding
gradients. It provides multiple timescales naturally through different decay rates,
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enabling the system to integrate information across different temporal horizons
simultaneously.

The temporal dynamics are inherently stable due to the bounded nature of gene
expression and the dissipative effects of decay processes. Unlike unbounded neu-
ral activations that can grow without limit, gene expression levels naturally re-
turn to baseline in the absence of driving inputs, providing inherent stability that
prevents runaway dynamics. The implications extend beyond robotics to any
domain requiring temporal reasoning and sequential decision-making, suggesting
that complex temporal behaviors can emerge from simple local dynamics without
the architectural complexity typically associated with memory systems in artificial
intelligence.

4.8.3 Interpretability and Biological Validation

The interpretability of GRN controllers represents a significant advantage over
black-box neural network approaches. The gene expression patterns provide mean-
ingful insights into system operation that can be related to specific phases of
the manipulation task and understood in terms of biological analogs. This in-
terpretability is crucial for building trust in autonomous systems and enabling
effective human-robot collaboration.

The biological validation aspect is equally important. By demonstrating that
computational implementations of biological principles can achieve superior per-
formance on challenging tasks, our work provides indirect validation of biological
theories about gene regulation and cellular control.

This bidirectional validation, where computational success validates biological
understanding and biological principles inform computational design, suggests a
promising future for bio-inspired approaches that goes beyond superficial mimicry
to capture fundamental organizational principles. The clear functional specializa-
tion observed in evolved GRN controllers, with distinct gene populations handling
sensory processing, motor coordination, and regulatory control, mirrors the mod-
ular organization found in biological developmental systems [36].

4.8.4 Scalability and Future Applications

The scalability of the GRN approach depends on several factors that merit careful
consideration. The computational complexity scales roughly linearly with the
number of genes, making it feasible to implement larger networks for more complex
tasks. However, the evolutionary optimization becomes more challenging as the
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parameter space grows, potentially requiring more sophisticated search strategies
or hybrid approaches that combine evolution with gradient-based fine-tuning.

The sparse connectivity helps mitigate scalability concerns by keeping the number
of regulatory interactions manageable even as network size grows, with biological
evidence suggesting that this sparsity can be maintained at larger scales without
sacrificing functionality.

Future applications could extend beyond manipulation to domains such as loco-
motion, navigation, and multi-robot coordination. The hierarchical control capa-
bilities and natural temporal dynamics of GRNs make them particularly suitable
for tasks requiring coordination across multiple actuators and time scales. The ap-
proach might also prove valuable for online adaptation scenarios where controllers
must modify their behavior based on changing environmental conditions or hard-
ware failures. The inherent robustness and self-organizing properties of GRNs
could enable controllers that adapt gracefully to unexpected situations without
explicit retraining. Similarly, incorporating GRN principles into reinforcement
learning frameworks might address the sample efficiency limitations that currently
hinder practical deployment of learning-based robot control.

4.8.5 Real-World Deployment Considerations

While our simulation results demonstrated GRN effectiveness within controlled
environments, real-world deployment would face additional challenges including
varying lighting conditions, sensor calibration drift, mechanical wear, and timing
constraints not present in simulation environments. Real robotic systems experi-
ence dynamic illumination changes and visual artifacts that could affect the sparse
visual features processed by our CNN encoder. Physical sensors exhibit gradual
calibration drift over extended operation, while robot actuators experience me-
chanical wear and changing dynamics that could impact the assumed consistent
actuator response characteristics in our motor command generation.

4.9 Conclusion

This chapter has presented, to our knowledge, the first comprehensive application
of Gene Regulatory Networks to vision-based robot control, demonstrating that
biological regulatory principles can provide improvements in training efficiency
while maintaining competitive performance on challenging manipulation tasks.
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Key Contributions

1. Novel GRN-Based Control Architecture: First comprehensive appli-
cation of gene regulatory networks to vision-based robotic manipulation,
establishing a new paradigm for bio-inspired control.

2. Evolutionary Optimization Framework: Specialized evolutionary algo-
rithm adapted for GRN parameters with biologically motivated constraints,
achieving efficient search through constrained parameter spaces.

3. Efficiency Improvements: 13.7x reduction in training time compared to
established baselines while achieving competitive or superior performance
(57.5% success rate).

4. Robustness Validation: Maintained 91.8% of clean performance under
noisy conditions, demonstrating resilience to sensory perturbations.

Comprehensive ablation studies confirmed that performance improvements stem
from fundamental biological principles rather than superficial implementation de-
tails.

The natural emergence of temporal dynamics, hierarchical control, and functional
specialization demonstrates how sophisticated behaviors can arise from simple
regulatory principles.

The next chapter will provide comprehensive comparative analysis integrating
insights from both major contributions, examining their complementary strengths
and exploring possibilities for synergistic combination.
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CHAPTER 5

LCOMPARATIVE ANALYSIS, INTEGRATION, AND
FUTURE DIRECTIONS

5.1 Introduction

The preceding chapters presented two distinct yet complementary bio-inspired
approaches to adaptive robotics: the neuromodulatory coordination framework
(Chapter 3) for sequential multi-task learning and the gene regulatory network
architecture (Chapter 4) for efficient vision-based control. While these approaches
draw inspiration from different biological systems and address different compu-
tational challenges, their success reveals convergent principles that characterize
effective biological control architectures.

This chapter provides a comprehensive comparative analysis examining funda-
mental mechanisms, design principles, and computational advantages underlying
both approaches. By identifying common themes and complementary strengths,
we establish foundations for understanding when and how different bio-inspired
principles apply to autonomous system design.

Both presented approaches share fundamental characteristics distinguishing them
from conventional methods: strategic use of biological constraints as optimization
guides, multi-scale temporal dynamics enabling sophisticated coordination, hi-
erarchical organization emerging naturally from biological principles, and robust
performance degrading gracefully under perturbations. However, they also exhibit
complementary strengths suggesting opportunities for synergistic integration.
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5.2 Methodological Comparison and Architec-
tural Analysis

5.2.1 Temporal Dynamics and Multi-Scale Coordination

Both bio-inspired approaches implement temporal dynamics operating across mul-
tiple time scales, but achieve this through fundamentally different mechanisms.
The neuromodulatory framework explicitly coordinates four distinct temporal
scales through specialized modules, with time constants ranging from rapid nore-
pinephrine responses (7ng = 0.05) to slower serotonin regulation (7syr = 0.5).
This design directly implements known temporal hierarchies of biological neuro-
modulatory systems.

In contrast, the GRN approach achieves multi-scale temporal processing through
distributed effects of individual gene decay rates, ranging from rapidly responding
genes (6; = 0.05) to slowly decaying memory genes (6; = 1.0). Rather than
explicit coordination between temporal scales, the GRN approach allows temporal
coordination to emerge from regulatory interactions between genes with different
temporal characteristics.

The architectural implications differ significantly. The neuromodulatory frame-
work requires explicit design of temporal coordination mechanisms and careful
balance between competing influences from different modules. The GRN approach
achieves temporal coordination naturally through regulatory matrix structure, but
provides less direct control over specific temporal relationships.

Experimental analysis reveals both approaches successfully implement temporal
reasoning capabilities with different strengths. The neuromodulatory framework
excels at coordinating learning dynamics across tasks with different temporal re-
quirements, as demonstrated by adaptive modulation of learning rates based on
current context. The GRN approach excels at implementing complex temporal se-
quences within individual tasks, shown by coordinating multi-phase manipulation
behaviors without explicit sequence programming.

5.2.2 Constraint-Guided Optimization and Search Space
Structure

As established in Chapters 3 and 4, both approaches validate that strategic bio-
logical constraints enhance optimization. Rather than repeating this analysis, we
focus on how constraint implementation differs between approaches and enables
their potential integration.
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The neuromodulatory framework implements constraints primarily at the algo-
rithmic level, constraining learning parameter adaptation to follow biologically-
motivated coordination principles. The bounded nature of neuromodulator states
(sm € [0,1]) and specific temporal dynamics (7, values) focus the adaptation
process on parameter regions proven effective in biological systems.

The GRN approach implements constraints primarily at the architectural level,
constraining both network structure through sparse connectivity and dynamics
through bounded gene expression (x; € [0, 1]). These structural constraints reduce
effective dimensionality of the optimization problem while maintaining sufficient
representational power for complex control tasks.

Table 5.1: Constraint Types and Implementation Mechanisms

Constraint Cate- BIARM Frame- GRN Approach Biological
gory work Basis
Parameter Bounds  Neuromodulator Gene expression Concentration
states € [0, 1] € [0,1] limits
Temporal Dynam- Exponential moving Decay processes with Molecular ki-

ics

averages with 7,

0i

netics

Network Structure

Fixed PNN architec-

20% evolved sparse

Evolved con-

ture + adaptive mod- regulatory matrix nectivity
ulation
Optimization Learning  parameter Full network architec- Different
Space modulation ture scales
Coordination Explicit inter-module Emergent regulatory System-level
coordination cascades organization

Table 5.1 reveals complementary constraint strategies: BIARM constrains the
adaptation process while maintaining architectural flexibility, whereas GRN con-
strains the architecture itself while allowing behavioral emergence.

5.3 Applications and Limitations

5.3.1 Application Domain

The success in respective domains provides insight into robotic applications where
bio-inspired methods offer the greatest advantages.

The BIARM Framework demonstrates particular effectiveness in sequential multi-
task learning scenarios where knowledge transfer and adaptation are crucial. It
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shows promise for lifelong learning robotics, where domestic robots continuously
acquire new skills while maintaining previously learned capabilities. The frame-
work is also well-suited for multi-domain service robots, which are systems oper-
ating across multiple environments with different task demands. Additionally, it
proves valuable in human-robot collaboration scenarios requiring adaptation based
on human feedback and changing collaboration patterns.

The GRN Approach demonstrates exceptional effectiveness for vision-based con-
trol tasks requiring rapid deployment and robust execution. It is particularly
applicable to industrial automation, specifically manufacturing systems requiring
rapid deployment without extensive training periods. The approach is also bene-
ficial in resource-constrained environments such as space and underwater robotics
where training time and computational efficiency are critical. Furthermore, it suits
safety-critical applications, which are systems requiring interpretable dynamics
and predictable behavior for verification and validation.

5.3.2 Limitations and Possible Failure Modes

Critical assessment of limitations is essential for future research direction and
practical deployment considerations.

The BIARM Framework faces several significant limitations. The computational
overhead of 52-87% runtime may be prohibitive for resource-constrained appli-
cations, necessitating hardware acceleration or selective module activation. The
framework currently exhibits architecture dependency, being tied to Progressive
Neural Networks architecture, which means generalization to other architectures
requires investigation. While the framework demonstrates robustness, it shows
hyperparameter sensitivity in that optimal time constants (7,,) require domain-
specific tuning. There is also a scalability ceiling concern, as the quadratic growth
of lateral connections with task count may limit applicability beyond approxi-
mately 10 tasks without architectural modifications.

The GRN Approach similarly has notable limitations. It demonstrates limited
post-deployment adaptation flexibility after evolutionary optimization. The ap-
proach exhibits evolutionary sensitivity, as performance can vary with initializa-
tion, with the observed success rate confidence interval of [51.2%, 63.8%] suggest-
ing inherent variability. Additionally, there is a simulation-reality gap since all
results were obtained in simulation, meaning real-world deployment faces sensor
noise, lighting variations, and mechanical wear not fully captured in simulated
environments.

Both approaches share several common limitations. They exhibit domain speci-
ficity, with BIARM tested only on discrete-action environments and GRN tested
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only on a single manipulation task. Finally, there are comparison constraints, as
the different problem domains prevent direct quantitative comparison between the
two approaches.

5.4 Integration Possibilities and Hybrid Archi-
tectures

5.4.1 Conceptual Framework for Integration

The complementary strengths suggest promising avenues for integration leveraging
advantages of both whilst mitigating individual limitations. The conceptual foun-
dation rests on observation that biological systems routinely coordinate multiple
adaptive mechanisms operating at different temporal and organizational scales.

Consider how biological organisms coordinate gene regulation with neuromodula-
tion: gene regulatory networks establish basic architectural framework and func-
tional capabilities of neural circuits, whilst neuromodulatory systems dynamically
adjust circuit operation based on behavioural context and environmental demands.
This hierarchical coordination enables both stability provided by evolved archi-
tectural constraints and flexibility required for adaptive behaviour.

5.4.2 Hierarchical Integration Architecture

We propose hierarchical integration where GRN-based controllers provide base-
level motor control whilst neuromodulatory systems enable adaptive parameter
tuning. Since both approaches have been validated independently in previous
chapters, this section outlines the integration proposal.

The integrated system extends the base GRN dynamics from Chapter 4 to include
neuromodulatory influence:

zi(t+ 1) = x;(t) + At - [fi(s, 2, m) — 6;(mpa)z;(t) + n;(1)] (5.1)

where m = [mpa, msur, mne, Mace] € [0, 1]* represents the neuromodulatory
state vector. The system state consists of 50 gene expression levels plus 4 neuro-
modulator concentrations, yielding a 54-dimensional dynamic state.

The neuromodulatory modules modulate key GRN parameters as follows:
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Si(mpa) = 07 - exp(ypa - (mpa — 0.5)) (5.2)
Oi(msur) = 6;° - (1 + ysmr - (mgur — 0.5))
wE}’) (mxg, macn) = wi™ - (14 g - (Mg — 0.5) + yach - (macy — 0.5))  (5.4)

Equation 5.2 modulates gene decay rates §; through dopamine, where 6°*° repre-

sents the evolved baseline decay rate for gene ¢ and ypa controls the modulation
strength. The exponential form ensures decay rates remain positive whilst allow-
ing bidirectional adjustment around the baseline. Equation 5.3 adjusts activation
thresholds 6; via serotonin, where lease is the baseline threshold and syt deter-
mines the modulation magnitude. Equation 5.4 modulates regulatory interaction
strengths wg) through norepinephrine and acetylcholine, where w}}ase represents
the evolved baseline weight between genes ¢ and j, and ynxg, Yacn control their
respective modulation contributions.

These formulations follow the neuromodulatory principles established in Chap-
ter 3, adapted to modulate GRN parameters rather than neural network learning
rates.

The primary implementation challenges include managing the increased compu-
tational cost, ensuring stable interaction between the GRN and neuromodulatory
components, and determining appropriate modulation parameter ranges (7 values)
for each neuromodulator. These considerations, along with empirical validation
of the proposed integration, represent important directions for future work.

5.5 Broader Implications for Bio-Inspired Robotics

The success of both individual approaches and potential for integration reveals
fundamental design principles guiding future development of bio-inspired robotic
systems.

Principle 1: Constraints as Optimization Guides Biological constraints
should be viewed as optimization guides rather than limitations. Both approaches
demonstrate carefully chosen constraints reduce search space dimensionality while
maintaining representational power, focus optimization on biologically validated
parameter regions, and provide inherent stability preventing pathological behav-
iors.

Principle 2: Multi-Scale Temporal Organization Effective adaptive sys-
tems require coordination across multiple temporal scales. Implementation should
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match temporal constants to functional requirements, enable emergent coordina-
tion through appropriate coupling mechanisms, and leverage temporal hierarchy
for both stability and flexibility.

Principle 3: Hierarchical Functional Organization Complex behaviors emerge
from hierarchical organization of simple components. Design should implement
specialized modules with clear functional roles, enable emergent coordination
through appropriate interaction mechanisms, and maintain modularity while al-
lowing information flow between levels.

Principle 4: Robustness Through Bounded Dynamics Biological systems
achieve robustness through bounded state variables and dissipative dynamics. Ar-
tificial systems should implement bounded parameter spaces preventing extreme
values, use decay processes providing natural stability, and incorporate noise en-
abling exploration while filtering perturbations.

5.6 Research Questions Revisited

Having presented the experimental results, comparative analysis, and broader im-
plications of both contributions, this section returns to the six research questions
posed in the Introduction and provides direct answers grounded in the empirical
and theoretical findings of this thesis.

RQ1: How can mechanisms governing biological development, from
gene regulatory networks to neuromodulatory systems, be translated
into computational frameworks that enhance learning efficiency and
robustness in robotic systems?

Both contributions demonstrate that effective translation requires abstraction at
the level of organisational principles rather than molecular detail. For BIARM,
the key abstraction is the coordinated multi-timescale structure of neuromodula-
tory interaction, implemented through four interdependent modules with module-
specific adaptation rates and cascaded dependency chains. For the GRN con-
troller, the key abstractions are bounded gene expression dynamics, sparse regula-
tory connectivity, Hill function activation, and molecular decay, all implemented
through discrete-time updates that preserve the essential computational properties
of their biological counterparts. In both cases, the translation preserves functional
behaviour rather than biological mechanism, which is what enables measurable
performance advantages in artificial systems.

RQ2: Can neuromodulatory principles be effectively implemented in
artificial systems to overcome the limitations of fixed-parameter learn-
ing algorithms?
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The experimental results presented in Chapter 3 provide a direct affirmative an-
swer. BIARM achieves performance improvements ranging from 1.06% to 155.94%
over baseline Progressive Neural Networks across four Gymnasium environments,
with an average knowledge retention rate of 98.0% compared to 93.2% for the
fixed-parameter baseline. The LunarLander-v3 result is particularly illustrative:
the baseline PNN consistently failed to learn an effective policy (—417.17+412.62),
while BIARM achieved stable positive performance (233.37 & 34.38), demonstrat-
ing that coordinated neuromodulatory adaptation can resolve learning failures
that fixed-parameter approaches cannot overcome.

RQ3: Can biological constraints serve as optimisation guides that fo-
cus the search process on robust solutions rather than limiting system
capabilities?

The GRN ablation study provides the clearest answer to this question. The
bounded gene expression interval [0, 1], the sparse regulatory matrix, and the Hill
function activation collectively reduce the effective dimensionality of the evolu-
tionary search space while preserving sufficient representational power for complex
manipulation. The resulting 13.7x reduction in training time compared to PPO,
achieved without sacrificing final performance, confirms that biological constraints
accelerate optimisation rather than impeding it. The BIARM framework corrobo-
rates this finding at the algorithmic level, where biologically motivated adaptation
rates and dependency structures consistently outperformed unconstrained fixed-
parameter baselines.

RQ4: What role can gene regulatory networks play in creating efficient
and robust robot controllers?

Chapter 4 demonstrates that GRNs can serve as complete vision-based robot con-
trollers, achieving a 57.5% success rate on the KukaDiverseObjectEnv benchmark
while retaining 91.8% of clean performance under sensory noise perturbations.
Beyond raw performance, GRNs offer three specific advantages for robotic con-
trol: natural temporal memory through gene decay dynamics without explicit
recurrent architectures, inherent robustness through bounded state variables that
prevent extreme responses to noisy inputs, and interpretable regulatory structure
that can be analysed in terms of biologically meaningful gene interaction patterns.
These properties collectively position GRNs as a promising control paradigm for
resource-constrained and safety-critical robotic applications.

RQ5: How do bio-inspired constraints and mechanisms affect training
efficiency, robustness, and generalisation capabilities compared to con-
ventional approaches?

Across both contributions, bio-inspired constraints consistently improved all three
dimensions simultaneously. Training efficiency was improved by 13.7x for the
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GRN controller and by substantial variance reduction for BIARM, with the Lu-
narLander standard deviation decreasing from 412.62 to 34.38. Robustness was
demonstrated through GRN noise tolerance (91.8% performance retention under
N(0,0.03%) visual perturbations) and through BIARM’s superior knowledge reten-
tion across sequential tasks. Generalisation was evidenced by consistent improve-
ments across four structurally distinct Gymnasium environments for BIARM, and
by successful grasping across over 1000 diverse object types for the GRN con-
troller. Critically, these gains were achieved without increasing model capacity,
confirming that the advantages stem from structural biological principles rather
than from additional parameters.

RQ6: Can the demonstrated principles be generalised into a coherent
framework for developmental evolutionary robotics that guides adaptive
system design across multiple domains?

Chapter 5 has identified four convergent design principles shared by both con-
tributions, constraints as optimisation guides, multi-scale temporal organisation,
hierarchical functional organisation, and robustness through bounded dynamics,
that hold independently of the specific biological system being abstracted. The
proposed hierarchical integration architecture (Section 5.4.2), in which GRN-based
controllers provide base-level motor control while neuromodulatory modules pro-
vide adaptive parameter tuning, demonstrates that these principles are composi-
tional and can be combined into a unified framework. While empirical validation
of the integrated architecture remains a direction for future work, the theoretical
coherence of the framework and the consistency of results across two independent
bio-inspired implementations support the viability of developmental evolutionary
robotics as a principled design methodology rather than a collection of isolated
techniques.

5.7 Future Research Directions

Several immediate research directions emerge directly from this work:

Real-World Hardware Implementation While simulation results provide com-
pelling evidence for effectiveness, validation on physical robotic systems remains
essential. Challenges include: sensor noise and calibration drift not fully captured
in simulation, actuator dynamics and mechanical wear affecting controller per-
formance, real-time computational constraints requiring optimization, and safety
considerations for learning-based control systems. The biological robustness prin-
ciples underlying both approaches (bounded dynamics, intrinsic noise tolerance,
distributed decision-making) may provide inherent advantages when adapting to
real-world uncertainties.
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Extended Task Complexity Both approaches should be evaluated on more
complex tasks requiring longer-horizon planning, multi-object manipulation, and
coordination between multiple robots. Extensions could include: hierarchical task
decomposition and planning, coordination between multiple GRN or neuromodu-
latory controllers, and integration with symbolic reasoning systems for high-level
planning.

Hybrid System Implementation The proposed integration architectures re-
quire empirical validation through: systematic comparison of different integration
approaches, ablation studies isolating contributions of each component, and eval-
uation across diverse task domains and environmental conditions.
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CONCLUSION

In the dynamic landscape of autonomous robotics, where the fusion of biological
principles, evolutionary computation, and machine learning is reshaping intelli-
gent system design, the imperative for efficient, robust, and interpretable control
mechanisms has never been more pronounced. The research presented in this dis-
sertation underscores the multifaceted advantages of incorporating developmental
principles into robotic systems and introduces innovative solutions to enhance
their performance, efficiency, and reliability.

This thesis demonstrates that biological development principles, when systemat-
ically translated into computational frameworks, can outperform traditional ap-
proaches. The formalization rests on three foundational principles: constrained
optimization spaces prove more efficient than unbounded searches, multi-factor co-
ordination outperforms isolated mechanisms, and temporal dynamics emerge nat-
urally from regulatory mechanisms without explicit memory architectures. The
mathematical formulation of gene regulatory networks (GRNs) for robotic con-
trol bridges computational biology and autonomous systems through discrete-time
gene expression dynamics with Hill function activation, biological noise, and sparse
connectivity constraints. The Bio-Inspired Adaptive Rate Modulation (BIARM)
framework coordinates four computational modules inspired by neuromodulatory
systems; dopamine, serotonin, norepinephrine, and acetylcholine, demonstrating
substantial advantages over single-factor approaches.

From the development of GRN-based controllers to the BIARM framework, the
research efforts outlined in this work have focused on demonstrating the practi-
cal advantages of biological inspiration. These contributions reveal that biological
constraints consistently improved optimization performance. Bio-inspired systems
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maintained strong performance under noisy conditions, while the substantial vari-
ance reduction observed across all tasks indicates improved training stability ad-
dressing persistent challenges in neural network optimization.

In conclusion, this dissertation contributes to developmental evolutionary robotics
as a promising approach to autonomous systems, with potential applications in
bio-inspired technologies for efficient and robust deployment scenarios. By lever-
aging biological constraints as optimization advantages and demonstrating coor-
dinated multi-factor adaptation, this research provides algorithmic optimizations
that may inform future advancements in robotic learning.

Outlook

Building upon the insights gained from the demonstrated advantages of biolog-
ical constraints, several promising avenues for further research and development
emerge.

Scalable bio-inspired architectures: As robotic tasks grow in complexity,
there is a pressing need for scalable bio-inspired solutions that can effectively
address multi-modal, long-horizon challenges. Future research efforts could focus
on investigating how the demonstrated principles scale to more sophisticated sys-
tems, exploring deeper integration of developmental mechanisms and expanding
the complexity of gene regulatory architectures while maintaining computational
tractability.

Interdisciplinary collaboration: The intersection of computational biology,
neuroscience, evolutionary computation, and robotics presents rich opportunities
for interdisciplinary collaboration. Future research endeavors could leverage in-
sights from diverse fields to develop holistic solutions.

Interpretability and transparency: With increasing deployment of autonomous
systems in safety-critical applications, there is growing demand for interpretable
control mechanisms that enable human oversight and trust. Future research could
explore advanced visualization techniques for gene expression dynamics, develop
formal verification methods for bio-inspired controllers.

Real-world deployment and evaluation: While simulations demonstrations
are essential, real-world impact ultimately depends on practical deployment in
diverse operational settings. Future research efforts should prioritize implementa-
tion in actual robotic platforms, allowing for empirical evaluation of performance
under realistic conditions including hardware constraints, sensor noise, and envi-
ronmental unpredictability that extend beyond simulation benchmarks.
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