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Sequential multi-task learning faces the fundamental challenge of acquiring new tasks while retaining
performance on previously learned tasks. Progressive Neural Networks address catastrophic forgetting
through architectural isolation but rely on fixed learning strategies that limit adaptive efficiency. Current
adaptive methods typically optimize single factors, missing the coordinated nature observed in biological
adaptive systems. Inspired by neuromodulatory systems where four key neurotransmitters (dopamine, sero-
tonin, norepinephrine, and acetylcholine) coordinate learning and adaptation, we propose a Bio-Inspired
Adaptive Rate Modulation framework that coordinates four computational modules using organizational
principles derived from neuromodulatory systems: reward-based adaptation, stability control, attention
gating, and knowledge integration. These modules translate the organizational principles of biological
neuromodulation into practical optimization mechanisms for Progressive Neural Networks using standard
neural network components. Evaluation on four OpenAl Gymnasium environments demonstrates perfor-
mance improvements ranging from 1.06% to 155.94% over baseline Progressive Neural Networks, with
up to 92% variance reduction and performance retention averaging 98.0% . The framework achieves
these gains with reasonable computational overhead. Comprehensive ablation studies confirm each mod-
ule’s contribution, validating the four-factor design. Results demonstrate that neuromodulation-inspired
coordination of multiple adaptive factors significantly outperforms fixed learning strategies, providing a
principled approach to adaptive optimization in sequential multi-task learning.

Povzetek: Clanek predlaga bio-navdihnjen okvir za progresivne nevronske mreze, ki s koordinacijo tirih

modulov posnema neuromodulacijo za prilagodljivo ucenje brez pozabljanja v zaporednih nalogah.

1 Introduction

Sequential multi-task learning faces the fundamental chal-
lenge of acquiring new tasks while retaining performance
on previously learned tasks. Progressive Neural Net-
works (PNNs) address catastrophic forgetting through ar-
chitectural isolation—creating separate neural columns for
each task with lateral connections for knowledge transfer
[1]. However, current PNN implementations rely on fixed
learning strategies, missing opportunities to adapt learning
parameters based on context.

Current adaptive methods [2] optimize single factors
independently, failing to capture the coordinated neuro-
modulation observed in biological systems, where multi-
ple monoaminergic systems (dopamine, serotonin, nore-
pinephrine) interact to dynamically regulate cognitive state,
synaptic plasticity, and learning processes in the prefrontal
cortex [3], with recent computational work confirming that
such coordinated mechanisms provide substantial advan-
tages in neural network learning [4, 5].

Biological neuromodulatory systems coordinate four key
neurotransmitters: dopamine (reward processing), sero-

tonin (stability regulation), norepinephrine (attention con-
trol), and acetylcholine (memory integration) [6, 7, 8]. This
coordination suggests artificial systems could benefit from
similar multi-factor approaches.

Inspired by these organizational principles, we propose
a Bio-Inspired Adaptive Rate Modulation (BIARM) frame-
work for Progressive Neural Networks. Our framework im-
plements four specialized adaptation modules correspond-
ing to these neurotransmitter functions, translating bio-
logical coordination principles into practical optimization
mechanisms. The system dynamically adapts learning pa-
rameters through coordinated modulation and enables se-
lective knowledge transfer through attention-gated lateral
connections.

This work contributes: (1) a bio-inspired adaptive rate
modulation framework coordinating four specialized mod-
ules for PNNs, (2) attention-gated lateral connections for
selective knowledge transfer, and (3) experimental valida-
tion showing consistent performance improvements with
substantial variance reduction across four OpenAl Gymna-
sium environments.

Section 2 reviews related work, Section 3 presents our
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framework, Section 4 describes experiments and results,
Section 5 discusses implications, and Section 6 concludes
with future directions.

2 Related work

Our work intersects several research areas in machine learn-
ing: continual learning architectures, adaptive learning rate
methods, and bio-inspired neural network design. We orga-
nize our review around these key areas and highlight how
our approach addresses limitations in existing methods.

2.1 Continual learning and progressive
neural networks

Continual learning addresses the fundamental challenge of
learning new tasks while retaining knowledge from pre-
vious tasks [9]. Progressive Neural Networks represent a
foundational advance by allocating separate neural columns
for each task while enabling knowledge transfer through
lateral connections [1]. This architectural isolation ensures
previously learned representations remain unchanged while
new tasks benefit from knowledge transfer, though the orig-
inal formulation uses fixed lateral connection strengths and
static learning parameters.

Several important extensions have emerged. Elas-
tic Weight Consolidation selectively protects important
weights using Fisher information-based regularization [10].
PackNet achieves incremental learning through progres-
sive pruning [11], while Learn to Grow proposes dynamic
expansion based on task complexity [12]. VariGrow ex-
tends this concept using Bayesian novelty detection for
task-agnostic continual learning [13].

Memory-based approaches include Brain-Inspired
Replay for selective experience replay [14], gradient
interference-based selective replay [15], and synaptic
intelligence using online Fisher information computation
[16].

Despite these advances, most approaches maintain fixed
learning strategies that do not adapt to varying task de-
mands and operate through static post-learning mechanisms
that protect or isolate parameters after task completion.
This represents a gap for methods that could enhance the
learning process itself through dynamic parameter adapta-
tion during training.

2.2 Adaptive learning rate methods

Adaptive learning rate optimization has been extensively
studied, with foundational methods focusing on single-
factor adaptations. AdaGrad adapts rates based on histori-
cal gradients [17], while ADADELTA addresses aggressive
decay using gradient windows [18]. Adam combines mo-
mentum with adaptive per-parameter rates [19], with sub-
sequent improvements including AdamW for better reg-
ularization [20] and RAdam for variance correction [21].
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Contemporary approaches extend these principles through
fractional-order derivative methods for long-term gradient
capture [22] and bio-inspired swarm optimization for rate
selection [23].

Recent work explores multi-factor approaches. Adafac-
tor adapts learning rates while maintaining sublinear mem-
ory cost [24], and coordinated adaptive mechanisms show
substantial improvements in multi-task scenarios [2].

However, most existing methods optimize individual
factors independently and lack principled frameworks for
coordinating multiple adaptation mechanisms, particularly
in sequential learning where simultaneous coordination is
required.

2.3 Bio-inspired neural network design and
computational neuromodulation

Bio-inspired approaches have gained attention for inform-
ing computational architectures [6]. Computational neuro-
modulation implementations show promise in spatial learn-
ing tasks and adaptive behaviors [4, 5]. Research re-
veals sophisticated coordination mechanisms where multi-
ple neurotransmitters regulate learning and behavior [8, 7].

Practical applications include dopaminergic modulation
in active inference models [25], bio-inspired networks for
robotic control [26], and synaptic plasticity frameworks in-
tegrating learnable connection plasticity with dynamic ex-
pansion [29]. These demonstrate practical implementations
while highlighting gaps between isolated mechanisms and
coordinated systems.

Recent bio-inspired continual learning approaches in-
clude corticohippocampal circuit models for dual memory
representation [27] and Drosophila-inspired active forget-
ting mechanisms [28]. These advances primarily target
image-based continual learning scenarios rather than se-
quential control tasks.

2.4 Gaps in current approaches

Despite significant advances, fundamental gaps remain:

Limited Coordination: Adaptive optimizers improve
single-factor adaptation but lack frameworks for coordinat-
ing multiple mechanisms simultaneously.

Static Architectures: Progressive Neural Networks pre-
vent catastrophic forgetting but use fixed learning strategies
that do not adapt to changing task demands.

Isolated Mechanisms: Existing computational neuro-
modulation approaches implement individual mechanisms
rather than coordinated systems, overlooking coordination
principles that make biological systems effective.

Our work addresses these gaps by coordinating multiple
adaptive factors within Progressive Neural Networks us-
ing organizational principles from biological neuromodula-
tory systems, optimizing knowledge transfer and parameter
updates in real-time rather than simply preserving learned
representations, while targeting sequential control learning
where existing recent advances have limited applicability.
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3 Methodology

3.1 Framework overview

We propose a Bio-Inspired Adaptive Rate Modulation
(BIARM) framework that extends Progressive Neural
Networks with coordinated adaptive mechanisms. The
framework implements four computational modules that
adapt learning parameters during sequential task training:
reward-based modulation, stability control, attention gat-
ing, and knowledge integration.

The core insight is that different aspects of sequential
learning benefit from coordinated adaptation rather than
fixed parameters. While Progressive Neural Networks pre-
vent catastrophic forgetting through architectural isolation,
they miss opportunities for adaptive optimization during the
learning process.

3.2 Biological inspiration and
computational framework

While our framework draws organizational inspiration
from neuromodulatory systems, it implements these prin-
ciples through standard computational mechanisms. The
four modules correspond to functional roles observed in bi-
ological systems:

DA module: Adapts learning based on performance
feedback (analogous to dopaminergic reward process-

ing)

SHT module: Provides stability control (analogous to
serotonergic behavioral regulation)

NE module: Controls attention allocation (analogous
to noradrenergic attention modulation)

— ACh module: Manages knowledge integration (anal-
ogous to cholinergic memory enhancement)

The key computational insight is that coordinated adapta-
tion of multiple factors outperforms fixed parameter strate-
gies in sequential learning scenarios. Each module operates
at different temporal scales and processes different types of
contextual information, enabling sophisticated adaptation
during training. This computational framework enables dy-
namic optimization that fixed-parameter approaches can-
not achieve, particularly in complex environments where
knowledge integration from multiple frozen columns is crit-
ical.

3.3 Progressive neural network architecture

Our framework builds upon the standard Progressive Neu-
ral Network architecture. For a sequence of tasks T' =
{T1,T3,...,T,}, each task T; is assigned a dedicated neu-
ral column C;. The output of layer [ in column ¢ is com-
puted as:
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where Wi(l) represents the weight matrix for column ¢ at
layer !, U, i(,l’g are the lateral connection weights from column
k to column 3, agf,){ are attention coefficients that modulate
knowledge transfer, and f(-) is the activation function.

Our key contribution is making the attention coefficients
al(.’l,)c and learning parameters adaptive through coordinated

modulation.

3.4 Four-factor adaptive modulation system

The framework implements four adaptive modules, each
serving a distinct computational role in sequential learning
optimization:

3.4.1 Computational module design

Each module m € {DA, 5HT,NE, ACh} maintains an in-
ternal state s,,(t) € [0, 1] that evolves during training. The
state updates follow discrete exponential moving averages
with module-specific time constants:

Sm(t+1) = s (t) + T - (SSEN(E) — 51 (1) (2)

where 7,,, represents the discrete adaptation rate for mod-
ule m, determining how quickly the module state responds
to target changes within each training step, with 7,,, values
representing relative adaptation speeds rather than absolute
biological timing (milliseconds to seconds), and si = (t) is
computed by a module-specific neural network. The time
constants are derived from computational requirements:
DA uses rapid adaptation (7pa = 0.1) for immediate per-
formance feedback, NE operates fastest (7yg = 0.05)
for dynamic attention switching between frozen columns,
ACh employs moderate adaptation (T4cn, = 0.3) for bal-
anced knowledge integration, and SHT uses the slowest rate
(s = 0.5) for learning stabilization.

The time constants 7,,, for each neuromodulator mod-
ule were determined through systematic grid search opti-
mization across the parameter space [0.01, 1.0] with 0.05
increments, evaluating 10000 parameter combinations us-
ing a composite score that weighted convergence speed
(30%), training stability (40%), and final performance
(30%) across multiple environments. This optimization
process identified the configuration 7p4 = 0.1, 757 =
0.5, 7wvg = 0.05, and 74, = 0.3 as achieving optimal
performance, with validation across 10 independent runs
using different random seeds confirming robustness. Sensi-
tivity analysis demonstrates moderate robustness to param-
eter variations, with performance degrading by 15 — 60%
only when deviating significantly from the optimized con-
figuration, indicating that while the parameters are well-
tuned for the sequential learning domain, the framework
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Neuromodulatory System

Figure 1: BIARM Architecture. The system consists of progressive task columns (shown vertically) with lateral con-
nections modulated by attention mechanisms («). Each column specializes in a specific task while maintaining knowl-
edge transfer through modulated lateral connections. The neuromodulatory system (shown at bottom) influences learning
through four key components. Solid arrows indicate forward connections, dashed arrows represent lateral connections,
and dotted lines show neuromodulatory influences. Key equations shown define layer output, neuromodulator dynam-
ics, attention mechanism, input standardization, and neuromodulator influences on learning rate, stability, attention, and

memory.

maintains practical applicability across reasonable parame-
ter ranges.

3.4.2 Target computation networks

Each module computes its target state using a dedicated
neural network that processes relevant contextual informa-
tion:

Reward-based Module (DA): Processes current state
and reward signal

target

Spa = U(fDA([scurrenta Tcurrent])) 3)

Stability Control Module (SHT): Processes current
state and DA module state

ssitt. = 0 (fsur([Scuments 504])) (4)
Attention Module (NE): Processes current state and
task novelty

Sﬂget = U(fNE([Scurrenh ntaskD) %)
Memory Integration Module (ACh): Processes current
state and NE module state

t: t
s:rcg}? = U(fACh ( [Scurrent7 SNE])) (6)
where f,,, () represents the neural network for module m,
o(+) is the sigmoid function, 7¢yyent is the current reward,
and ny,gx measures task novelty.

The four modules coordinate through interdependent
state updates and shared parameter influence. During each
training step, modules update sequentially: dopamine com-
putes its target from current reward (Equation 3), serotonin
then incorporates the updated dopamine state for stabil-
ity assessment (Equation 4), norepinephrine processes task
novelty independently (Equation 5), and acetylcholine in-
tegrates the updated norepinephrine state for memory de-
cisions (Equation 6). This creates dependency chains (Re-
ward — DA — 5HT) and (Novelty — NE — ACh) that
enable coordinated responses to environmental changes.
All four states then jointly influence network parameters
through the learning rate modulation (Equation 7) and lat-
eral connection gating (Equation 8), ensuring that modula-
tion decisions reflect the consensus of all adaptive factors
rather than isolated module responses.

3.5 Adaptive parameter modulation
3.5.1 Learning rate modulation

The effective learning rate for each training step is com-
puted as a weighted combination of all module states:
Neffective = Moase * (WDA * SDA + WsHT + SsHT
+ WNE * SNE + WACh - SACh) (7

where 7pase 1S the base learning rate and w,, are fixed
weighting coefficients. In our implementation: wpa = 0.3,
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WsHT = 0.2, WNE — 0.3, WACh — 0.2.

This modulation mechanism enables dynamic adaptation
of learning intensity based on the current neuromodulatory
context, ensuring the learning rate adapts to the consensus
of all four modules rather than being dominated by any sin-
gle factor.

3.5.2 Attention-gated knowledge transfer

The attention coefficients for lateral connections from
previous frozen columns are computed through a three-
component mechanism that incorporates learned attention
weights, value projections, and coordinated neuromodula-
tor influence:

! l !
o) = s (Wah") - V(n)

o 3

me{DA,5HT,NE,ACh}

WmSm (¥

where W, is a learned attention weight matrix, V'(-) rep-
resents a learned value projection that transforms the source
features, and w,, are learnable modulation weights that
determine the influence of each neuromodulator state s,,
on the attention mechanism. This formulation enables se-
lective knowledge transfer by combining three key com-
ponents: (1) content-based attention through U(Wah,il)),

(2) value transformation through V(hg)), and (3) context-
dependent modulation through the coordinated influence of
all four neuromodulator states. The sigmoid activation on
the modulation term ensures bounded influence while al-
lowing each module to contribute according to its learned
importance weights.

3.6 Implementation details
3.6.1 Network architecture

Each modulation module uses a two-layer neural network
with 64 hidden units and ReLU activation. The networks
are initialized using Xavier initialization and trained jointly
with the main Progressive Neural Network. The complete
training procedure is shown in Algorithm 1

3.6.2 Input standardization

To handle varying input dimensions across tasks, we imple-
ment input standardization:

T if dim(x) = diax ©)
(2304, —dim(z)] if dim(2) < dmax

where dpax 18 the maximum input dimension across all
tasks.
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Algorithm 1 Bio-Inspired Adaptive Rate Modulation

Training

1

Require: Task sequence 7' = {711, T5,..
F, batch size B

Ensure: Trained progressive network with adaptive mod-

., Ty}, episodes

ulation
1: Initialize modulation system with states s,, = 0.5 for
all m
2: Initialize base learning rate 745, and network parame-
ters
3: for each task T;; in T" do
4:  Initialize new column C}
5:  Calculate initial task novelty n;qsp = 1.0
6:  for episode=1to E do
7: Reset environment
8: while episode not done do
9: Observe state S.yrrent, €Xecute action, get re-
ward r
10: Update module target states (Equations 3-6)
11: Update module states (Equation 2)
12: Compute effective learning rate (Equation 7)
13: Compute attention coefficients (Equation 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 7 s rective
19: end if
20: Update task novelty: niqsx < ntask X 0.995
21: end while
22:  end for
23: end for

3.6.3 Task novelty computation
Task novelty n,g starts at 1.0 for each new task and decays

exponentially during training:

ntask(t + 1) = ntask<t) x 0.995 (10)

Task novelty quantifies learning progress within each
task, providing a simple measure of how “new” the current
task remains relative to initial conditions.

3.7 Computational complexity

The modulation system introduces computational overhead
through:

— Four forward passes through small neural networks
(64 hidden units each)

— Computation of modulated learning rate and attention
coefficients

— State updates for four scalar values
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The algorithmic complexity scales as O(M - H) where
M = 4 is the number of modules and H = 64 is the hidden
units per module. Memory complexity increases by O (M -
H? + M) for the modulation networks and scalar states.
The overhead scales linearly with the number of tasks due
to lateral connection computations.

4 Experimental methodology

4.1 Experimental setup

We evaluate the Bio-Inspired Adaptive Rate Modulation
(BIARM) framework on four distinct OpenAl Gymnasium
environments that test different aspects of sequential learn-
ing and control. The environments were selected to provide
varying levels of complexity and different types of learning
challenges.

4.1.1 Environment descriptions

The four selected environments are visualized in Figure 2
and described as follows:

CartPole-vl: A classic control problem with a 4-
dimensional continuous state space representing cart posi-
tion, velocity, pole angle, and angular velocity. The agent
has 2 discrete actions (left/right) and receives +1 reward per
timestep while maintaining the pole upright. Episodes ter-
minate when the pole exceeds £12 degrees or the cart posi-
tion exceeds +2.4 units, with a maximum of 500 timesteps.

Acrobot-vl: A two-link pendulum control task with a
6-dimensional state space encoding joint angles and veloc-
ities. The agent has 3 discrete actions and must swing the
end-effector to reach a target height. The environment pro-
vides -1 reward per timestep until the goal is reached or 500
steps elapse.

MountainCar-v0: A car navigation task with a 2-
dimensional state space (position and velocity) and 3 dis-
crete actions. The agent receives -1 reward per timestep
and must build momentum to reach the goal, requiring ex-
ploration and momentum-based strategies. Episodes termi-
nate upon reaching the goal or after 200 steps.

LunarLander-v3: A spacecraft control task with an 8-
dimensional state space covering position, velocity, orien-
tation, and ground contact information. The agent has 4
discrete actions and receives rewards ranging from -100 to
+100 based on landing success, fuel efficiency, and stabil-
ity. Episodes are limited to 1000 steps. Success defined as
positive scores.

4.1.2 Training configuration

All experiments use identical network architectures for fair
comparison. Each task column consists of two hidden lay-
ers with 128 units each and ReL U activation. Input and out-
put dimensions are adapted to each environment’s require-
ments. Training hyperparameters are standardized across all
experiments as outlined in Table 1:
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4.2 Evaluation metrics

We employ multiple evaluation metrics to assess different
aspects of sequential learning performance:

4.2.1 Task performance metrics

These metrics evaluate both the absolute performance
achieved and the consistency of learning across different
environments and task complexities.

Final Performance: Mean episode reward over 10 test
episodes after the end of training, providing a measure of
converged performance.

Performance Stability: Standard deviation of episode
rewards over the last 50 episodes, measuring training sta-
bility.

4.3 Baseline comparisons

We compare BIARM against two primary baselines to iso-
late the contribution of adaptive modulation:

Standard Progressive Neural Networks (PNN): The
original PNN architecture with fixed learning parameters
and static lateral connections, using identical network ar-
chitecture and hyperparameters.

DQN Performance Reference: For context, we include
DQN performance results from Zhang et al. (2023) [30] on
the same environments, though direct comparison is limited
due to different architectural approaches.

All experiments use identical random seeds (42) for re-
producibility and are averaged over 10 independent runs to
ensure statistical reliability.

5 Results and discussion

5.1 Overall performance analysis

Table 2 presents the comprehensive performance compar-
ison between baseline Progressive Neural Networks and
BIARM across all tested environments. BIARM demon-
strates consistent performance improvements ranging from
1.06% in Acrobot-v1 to 155.94% in LunarLander-v3, with
particularly dramatic gains in complex control environ-
ments.

The most significant improvement occurs in
LunarLander-v3, where BIARM achieves positive scores
(233.37434.38) while baseline PNN consistently fails with
negative performance (-417.17+412.62). This dramatic
difference demonstrates the framework’s effectiveness
in complex environments where coordinated knowledge
integration from multiple frozen columns becomes critical.
The substantial variance reduction across all tasks (most
notably CartPole-v1l achieving zero variance) indicates
improved training stability through adaptive parameter
modulation.
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(a) CartPole Visualization (b) Acrobot Visualization

(c) MountainCar Visualization  (d) LunarLander Visualization

Figure 2: Visualization of OpenAl Gymnasium environments: (a) CartPole-v1; (b) Acrobot-v1; (c¢) MountainCar-v0; and

(d) LunarLander-v3.

Table 1: Training configuration parameters

Parameter Value
Batch size 64
Base learning rate 0.001
Optimizer Adam
Discount factor () 0.99

Experience replay buffer
Epsilon-greedy exploration

10,000 transitions per task

€ starts at 1.0, decays to 0.01 with rate 0.995

Task-specific Training Episodes

CartPole-v1
Acrobot-v1
MountainCar-v0
LunarLander-v3

400 episodes
500 episodes
800 episodes
800 episodes

5.2 Computational overhead analysis

Figure 3 presents the computational overhead analysis com-
paring training time per step between baseline PNN and
BIARM across all environments. For simple tasks like
CartPole-v1, the 52% overhead yields only 1.83% improve-
ment, representing a poor cost-benefit ratio. However,
complex environments like LunarLander-v3 show positive
returns on computational investment 87% overhead for
155.94% improvement, where baseline PNN consistently
fails while BIARM achieves positive performance.

While the computational overhead represents a limita-
tion, several optimization strategies could reduce costs in
future implementations: selective module activation based
on task complexity assessment, hardware acceleration of
the small neural networks (64 units each), and adaptive
modulation intensity scaling. For resource-constrained ap-
plications, a simplified two-module version focusing on the
most critical DA and ACh components could provide a rea-
sonable performance-cost trade-off.

5.3 Ablation study: modulation component

analysis

To validate the contribution of each adaptive module, we
conducted systematic ablation studies using five configura-
tions: FULL (all modules active), DA- (without dopamine
module), SHT- (without serotonin module), NE- (without
norepinephrine module), and ACh- (without acetylcholine
module).

To isolate the contribution of each neuromodulator, we
systematically remove individual modules while maintain-
ing the computational framework. When ablating mod-
ules with dependencies (SHT—DA, ACh—NE), we re-
place missing dependency inputs with fixed neutral values
(0.5), which represents moderate activation and allows fair
comparison across configurations, allowing computation to
proceed while eliminating the specific module’s adaptive
contribution.

Table 3 presents the ablation study results for the most
challenging environment, LunarLander-v3, where modula-
tion effects are most pronounced.

The ablation results reveal distinct contributions from
each module. The DA (reward processing) and ACh
(knowledge integration) modules show the most severe im-
pact when removed, with performance drops of 108.0% and
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Table 2: Performance comparison between DQN, baseline PNN, and BIARM
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Environment DQN [30] Baseline PNN BIARM vs DQN (%) vs PNN (%)
CartPole-vl 360.54+52.1 491.00+11.94 500.00+£0.00 +38.7 +1.83
Acrobot-v1 -135.24+32.4 -94.504+24.96 -93.50+18.91 +30.8 +1.06
MountainCar-vO0  -180.3+42.1  -165.904+46.31  -119.80+28.02 +33.55 +27.79
LunarLander-v3 160.5+58.4 -417.17+412.62 233.371+34.38 +45.4 +155.94
Table 3: Analysis of ablation study impact on performance
Environment Full BIARM Without DA Without 5-HT Without ACh Without NE
CartPole-v1 500.00 + 0.00 195.77+148.93 173.29+198.46 247.78+210.25 233.33+212.19
Acrobot-vl -93.50 + 18.91  -109.82+20.67 -110.784+21.01 -106.48+22.55 -110.27+24.56

MountainCar-v0
LunarLander-v3

-119.80 £ 28.02
233.37 £ 34.38

-125.901+32.98
-18.63£190.72

-126.261+26.96
218.15+97.80

-133.39+29.71
-39.61£152.67

-139.63+31.10
202.99+135.61
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Figure 3: Computational overhead comparison showing
time per step across environments

117.0% respectively. This indicates their critical roles in
learning adaptation and selective knowledge transfer from
frozen columns. The SHT module (learning stabilization)
shows the smallest impact (-6.5%), but contributes to vari-
ance reduction, as evidenced by comparing the standard
deviations. The NE module (attention modulation) con-
tributes moderately (-13.0%) but significantly affects train-
ing stability, with variance increasing from 34.38 to 135.61
when removed.

5.4

The ablation study, as shown in Figure 4, reveals that dif-
ferent modules serve complementary but distinct computa-
tional roles in the adaptive framework:

Dopamine (DA) Module: Most severe impact (-
108.0%) when removed, confirming its critical role in
reward-based learning adaptation. Acetylcholine (ACh)
Module: Highest impact (-117.0%), demonstrating its

Module-specific contribution analysis

x
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Figure 4: Final performance evaluation of catastrophic for-
getting for ablation study

essential role in knowledge integration between frozen
columns..

Norepinephrine (NE) Module: Moderate impact (-
13.0%) but 4x variance increase, indicating its role in
attention-gated knowledge selection.

Serotonin (SHT) Module: Smallest direct impact (-
6.5%) but contributes to learning stabilization and variance
reduction.

5.5 Training stability analysis

The framework demonstrates superior training stability
compared to baseline Progressive Neural Networks. Fig-
ure 5a shows the learning curves for all environments, high-
lighting reduced variance and more consistent convergence
patterns with BIARM.

The variance reduction is particularly pronounced in
complex environments. LunarLander-v3 shows a 92% re-
duction in performance variance (from +412.62 to +£34.38),
while maintaining substantially higher mean performance.
This improvement stems from coordinated adaptation of
learning parameters, which prevents instability commonly
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Table 4: Initial vs final performance comparison between BIARM and baseline model

Environment Model Initial Performance Final Performance Performance Retention
CartPolev] BIARM 500.00 % 0.00 500.00 % 0.00 100%
Baseline 496.20 4 5.31 491.00 & 11.94 98.95%
Actobotv BIARM -88.20 4 3.84 -93.50 & 18.91 94.3%
v Baseline -86.80 & 10.71 -94.50 4 24.96 91.85%
MountainCarvo  BTARM -117.20 4 29.84 -119.80 4 28.02 97.82%
| ™ Baseline  -150.60 & 49.33 -165.90 + 46.31 90.78%
LunarLanderys  BTARM 233.37 + 34.38 23337 + 34.38 100%
Unarkander-va - paseline  -380.88 + 346.54 417.17 + 412.62 91.30%
foyerd stostcs over T e cattescuwrTrne
g o ; 200
- s 7_//M 400
(@) (b)

Figure 5: Learning Performance Across Environments: (a) BIARM learning curves for each environment showing episode
rewards over time. (b) Baseline PNN learning curves for each environment showing episode rewards over time.

observed in fixed-parameter approaches when integrating
knowledge from multiple frozen columns.

5.6 Performance retention

Table 4 presents the performance retention analysis com-
paring initial task performance to performance after learn-
ing all subsequent tasks.

BIARM demonstrates excellent resistance to catas-
trophic forgetting, with performance retention averaging
98.0% across all tasks. The architecture’s frozen column
design inherently prevents catastrophic forgetting, while
the adaptive modulation mechanisms optimize knowledge
integration without degrading previous task performance.
Perfect retention in CartPole-v1 and LunarLander-v3, com-
bined with minimal degradation in other tasks, validates the
framework’s effectiveness in maintaining acquired knowl-
edge while learning new tasks.

5.7 Neuromodulator stability analysis

The neuromodulator dynamics in Figure 6 reflect varying
task complexity and stability requirements. In CartPole-v1,
neuromodulator levels remain relatively stable with mini-
mal fluctuations, corresponding to the task’s inherent sim-

plicity once optimal control is achieved. The DA mod-
ule shows slight increases during reward acquisition, while
SHT maintains consistent stability control, reflecting the
predictable balancing task.

Complex environments like LunarLander-v3 and
MountainCar-v0 demonstrate pronounced fluctuations that
mirror their challenging nature. The landing task requires
continuous adaptation to varying spacecraft dynamics,
leading to dynamic DA responses and NE adjustments
for attention allocation between frozen columns. Moun-
tainCar’s momentum-based navigation requires persistent
exploration, resulting in coordinated ACh-NE interactions
for lateral knowledge transfer. These fluctuations repre-
sent appropriate adaptive responses rather than instability,
demonstrating the framework’s ability to scale modulation
intensity based on task demands.

6 Conclusion

This paper introduces the Bio-Inspired Adaptive Rate Mod-
ulation (BIARM) framework, which addresses key limita-
tions in sequential multi-task learning through coordinated
adaptation of multiple learning factors. By incorporating
four specialized modules inspired by biological neuromod-
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(a) CartPole Environment

Neuromodulator Levels Over Time

(c) MountainCar Environment

C. Guettas et al.

Neuromodulator Levels Over Time:

(b) Acrobot Environment

Neuramodulator Levels Over Time:

(d) LunarLander Environment

Figure 6: Neuromodulator Dynamics Analysis. For each environment: (a) Temporal activation patterns of each neuro-
modulator (top), showing the evolution of DA, 5-HT, NE, and ACh levels over training; (b) Learning rate modulation
(middle-left), demonstrating how the neuromodulators influence learning speed; (c) Attention modulation (middle-right),
showing the dynamic focusing of learning; and (d) Correlation heatmap (bottom) revealing interactions between neu-
romodulators. The analysis demonstrates sophisticated coordination patterns, with particularly strong DA-NE coupling

during critical learning phases.

ulatory systems, BIARM achieves substantial performance
improvements (1.06% to 155.94%) over baseline Progres-
sive Neural Networks while significantly reducing train-
ing variance and maintaining excellent resistance to catas-
trophic forgetting.

The experimental validation across four OpenAl Gymna-
sium environments demonstrates that coordinated adapta-
tion consistently outperforms fixed-parameter approaches,
with particularly dramatic gains in complex control tasks.
The comprehensive ablation studies confirm that each
adaptive module contributes distinctly to overall perfor-
mance, validating the four-factor design and highlighting
the importance of reward processing (DA) and knowledge
integration (ACh) modules for effective sequential learn-
ing.

The framework achieves high performance retention
rates (94-100%), demonstrating practical value for real-
world applications requiring continual adaptation. Al-
though the computational overhead (52-87% increase in
training time per step) is substantial, the cost-benefit anal-

ysis shows that performance gains justify this investment,
particularly in complex environments where coordinated
knowledge integration is critical.

Future work should explore extension to larger-scale
environments including visual tasks and robotics applica-
tions; investigation of non-linear neuromodulator interac-
tions incorporating multiplicative effects and inhibition-
excitation dynamics; development of more principled task
novelty measures based on prediction error or entropy; ex-
ploration of learnable time constants that adapt during train-
ing; and computational optimization strategies including
selective module activation and hardware acceleration to
reduce computational overhead while preserving coordina-
tion benefits.
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