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Abstract

Graph Neural Networks (GNNs) has emerged as one of the effective
paradigms for learning from the graph-structured data in the domains
such as a social network analysis, bioinformatics, and the
recommendation systems. However, the performance of a GNN has
remained to be of highly sensitive to the selection of hyperparameters,
which includes learning rate, hidden dimensions, aggregation
functions, and the regularization coefficients. Manual tuning and grid-
based search methods often have resulted in a higher computational
cost and the suboptimal configurations, which has limited the
scalability and reproducibility. The hyperparameter optimization
problem in the GNNs tends to pose a complex, non-convex, and the
high-dimensional search space. The conventional optimization
approaches have struggled to adaptively explore this space, specifically
under the limited computational budgets. As a result, the GNN models
have often suffered from the overfitting, unstable convergence, or
degraded generalization performance across the different graph
datasets. This study has proposed a bio-inspired metaheuristic
optimization framework that has combined the population-based
search principles with a GNN hyperparameter tuning. A nature-
inspired algorithm that has mimicked the collective intelligence and the
adaptive behavior, which has guided the exploration and the
exploitation of the hyperparameter space. The proposed framework has
encoded the critical GNN hyperparameters as a candidate solution,
which have been evolved iteratively using the fitness feedback derived
firom the validation accuracy/loss stability. The optimization process
has been coupled with a training pipeline that has proved a fair
comparison across the candidate -configurations. Experimental
evaluation is hence conducted on the benchmark graph datasets, which
include Cora, Citeseer, and the Pubmed. The proposed method has
achieved a peak classification accuracy of 88.0%, precision of 86.8%,
recall of 86.5%, and the Fl-score of 87.0%, which is consistently
performing better than the Random Search, Bayesian Optimization,
and the PSO by 2-4.5%. Training time is also reduced by approximately
10-15%, which has shown both the efficiency and scalability.
Statistical analysis have confirmed that the improvements are
significant, which has indicated a robust generalization across the
datasets and a stable convergence during the hyperparameter
optimization.
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1. INTRODUCTION

Graph Neural Networks (GNNs) have gained a sustained
attention due to its ability to model the relational data that has
arisen in the social networks, and the knowledge graphs. Recent
studies have shown that the message-passing mechanisms that has
propagated the structural and the feature information across the
nodes, which has allowed the GNNs to perform better than the
conventional graph-based learning methods in the node
classification, and the graph-level tasks [1-3]. The literature has
shown that the expressive power of GNNs has depended entirely
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on the architectural and training hyperparameters, which has
included the depth, hidden dimensionality, learning rate,
neighborhood aggregation strategy, and the regularization factors.
These parameters have directly influenced the stability of the
learned representations, which has made a hyperparameter
selection as a critical component of the GNN deployment.

Despite the growing GNN architectures, several challenges
have persisted in the practical implementations. The first
challenge has related to the highly non-linear and a coupled nature
of the GNN hyperparameters. This has created an optimization
landscape with a multiple local optimum [4]. The second
challenge has involved the excessive computational cost be
associated with the exhaustive tuning methods, specifically for a
large-scale graph that have required a repeated training cycles [5].
Moreover, the commonly adopted techniques such as a grid
search and a random search have lacked an adaptive intelligence,
which has resulted in the inefficient exploration of the
hyperparameter space and an inconsistent performance across the
datasets.

The problem addressed in the work has arisen from the limited
capability of a conventional hyperparameter optimization (HO) to
have effectively balance the exploration and the exploitation in
the complex GNN search spaces [6]. Conventional methods often
have relied on the heuristic assumptions or surrogate models,
which have not generalized well across the varying graph
structures and the learning tasks. The GNN models have been
carefully designed at the architectural level, which still have
underperformed due to the suboptimal hyperparameter
configurations.

The primary objective of this research has been developed
intelligent HO framework that has adapted to the features of the
GNN training dynamics. Specifically, this work has aimed to
enhance the predictive performance, reduces the convergence
instability, and minimizes computational overhead during the
tuning. Another objective has focused on the allowing robustness
across the different graph datasets, which has supported the
practical applicability.

The novelty of the proposed an approach that has resided in
the combination of bio-inspired metaheuristic optimization
principles with a GNN hyperparameter tuning. Unlike
deterministic/probabilistic search methods, the proposed
framework has used the collective intelligence and the adaptive
learning behaviors, which have been observed in the natural
systems. This design has enabled a flexible search strategy that
has dynamically adjusted according to the fitness feedback during
the training.

The key contributions of this study have been twofold.
* First, a bio-inspired metaheuristic-based HO model that has
been tailored for GNNs has been introduced, which has

efficiently navigated a higher-dimensional and a non-convex
search space.
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* Second, an extensive experimental evaluation has been
conducted, which has shown a consistent performance gains
over standard tuning approaches across the multiple
benchmark datasets.

2. RELATED WORKS

Early research on GNNs has primarily focused on the
architectural advancements. The studies have introduced a
spectral and spatial convolution mechanisms, which has allowed
the localized feature aggregation over the graph structures [7].
Subsequent works have refined these ideas by proposing the
simplified propagation rules and the normalization methods,
which have improved the scalability and training efficiency.
However, these studies have largely assumed a manually selected
hyperparameters, which has limited its applicability in the diverse
real-world scenarios.

Several researchers have investigated an automated HO
techniques for deep learning models. Bayesian optimization has
been widely adopted due to the probabilistic modeling of the
objective function. This has reduced the number of an expensive
evaluation [8]. When applied to GNNs, the Bayesian methods
have shown the moderate success, but these have struggled with
a scalability as the dimensionality of the hyperparameter space
has increased. In addition, the reliance on surrogate models has
introduced an approximation error, which has affected the
optimization reliability.

Random search and grid search have remained popular
baselines due to the simplicity and ease of implementation.
Studies have reported that the random search has perform better
than the grid search under the certain conditions by the allocation
of trials more uniformly across the search space [9]. Nevertheless,
both the methods have required a large number of training runs,
which has rendered impractical for a large graphs or resource-
constrained environments.

Metaheuristic optimization algorithms, which have been
inspired by natural processes have attracted increasing attention
in the hyperparameter tuning tasks. Genetic Algorithms have been
employed to evolve neural network configurations through the
selection, crossover, and the mutation operations [10]. These
approaches have shown a strong global search capability, but
these often have suffered from the slow convergence and a higher
computational cost when it is applied to deep architectures.

Particle Swarm Optimization (PSO) and Ant Colony
Optimization (ACO) have also been explored for the neural
network parameter tuning. PSO-based methods have modeled
candidate solutions as particles, which have shared information
about the promising regions of the search space [11]. While PSO
has achieved competitive results, premature convergence has
remained a concern, specifically in the complex optimization
landscapes such as a those associated with a GNNs. Similarly,
ACO-based methods have relied on the pheromone updating
mechanisms, which have required careful parameter calibration.

More recent studies have combined metaheuristic algorithms
with a deep learning framework to address the high-dimensional
optimization challenges. Hybrid approaches, which have
combined the metaheuristics with a gradient-based learning have
been proposed to improve convergence behavior [12]. In GNNs,
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limited efforts have applied such techniques, and most have
focused on the architecture search rather than comprehensive HO.

Bio-inspired an algorithms such as a Whale Optimization,
Grey Wolf Optimization, and the Firefly Algorithms have been
evaluated for tuning convolutional and recurrent neural networks
[13]. These methods have shown strong exploration capability
and robustness against local optima. However, its application to
graph-based learning has remained relatively underexplored
under the constrained settings.

Recent works have highlighted the need for adaptive and
scalable HO frameworks, which have aligned with the unique
training dynamics of GNNs [14]. These studies have emphasized
that the graph heterogeneity, sparsity, and the over-smoothing
effects have required specialized optimization methods.

3. PROPOSED METHOD

The proposed method has introduced a bio-inspired
metaheuristic framework for HO in the GNNs (GNNs). This
framework has used nature-inspired an adaptive behavior to
efficiently explore the high-dimensional hyperparameter space
and an identify configurations, which have maximized model
performance while it minimizes the convergence instability.
Candidate hyperparameter sets have been represented as an
individual solution in the population, which have evolved
iteratively using the fitness evaluations derived from the
validation accuracy.

« Initialization of Population: It generate a set of candidates
hyperparameter vectors with the random values within
predefined bounds.

* Encoding Hyperparameters: It represent each of the
hyperparameter vector as a solution node in the population.
* Fitness Evaluation: It trains the GNN using each of the

candidate configuration and calculate fitness based on the
validation accuracy and stability metrics.

* Bio-Inspired Update: It updates the candidate solutions
using the nature-inspired operators (e.g., collective
movement, adaptive attraction, or repulsion rules).

* Selection: It retains the high-performing solutions and it
discard inferior candidates based on the fitness ranking.

* Termination Check: Repeat the update and evaluation
steps until convergence criteria or maximum iterations are
met.

Algorithm: Bio-Inspired Hyperparameter Optimization for
GNNs

Input: Graph dataset G, hyperparameter bounds H, population
size P, max iterations T

Output: Optimized hyperparameter set H_opt

1: Initialize population Pop = {H 1, H 2, ..., H P} randomly
within H

2: for iteration = 1 to T do

3:  for each candidate H i in Pop do

4: Train GNN with H i

5: Compute fitness F i = a*ValidationAccuracy -
B*ValidationLoss
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6: end for

7:  Identify best solution H best in Pop

8:  Update population Pop using bio-inspired operators:
9: - Collective movement toward H best

10: - Adaptive exploration of new regions

11: - Mutation of underperforming candidates

12:  Apply selection to retain top-performing P candidates
13: if convergence criteria met then

14: break

15: endif

16: end for

17: Return H opt =H_best
3.1 INITIALIZATION OF POPULATION

The initial population has contained the candidate
hyperparameter vectors randomly sampled within the predefined
bounds. each of the vector has represented a potential GNN
configuration, which has included the learning rate, hidden
dimensions, number of layers, and the regularization coefficients.
Random initialization has proved diversity across the search
space, which has prevented early convergence to local optima.

Table.1. Initial Population of Candidate Hyperparameters

Candidate | Learning | Hidden | Hidden | Dropout | Weight
ID Rate Layers | Units Rate Decay
H1 0.01 2 64 0.2 0.0005
H2 0.005 3 128 0.3 0.001
H3 0.02 2 256 0.25 0.0001
H4 0.01 4 128 0.15 0.0003

The Candidate Encoding is defined as:
H; =[77i,Li, l]i,di,/li]

where #; is learning rate, L; is number of layers, U; is hidden units,
d; is dropout rate, and 4; is weight decay for candidate .

Each candidate has been evaluated by training the GNN on the
validation dataset. The fitness function has incorporated both the
predictive performance and convergence stability, which allows
the balanced optimization. A linear combination of validation
accuracy and loss has defined the fitness metric, which has
allowed that the higher accuracy alone does not favor overfitting
solutions.

Table.2. Fitness Evaluation of Candidates

Candidate| Validation |Validation|Fitness
D Accuracy (%)| Loss Score
H1 85.3 0.42 84.8
H2 87.1 0.38 86.7
H3 82.4 0.45 81.9
H4 88.0 0.36 87.5

The Fitness Function is
F(H,) = a- Accuracy(H,) — - Loss(H,)
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where a and f are weighting coefficients balancing accuracy and
loss.

Candidate solutions have evolved using the operators inspired
by natural behaviors such as a swarm intelligence, collective
movement, and the adaptive exploration. High-performing
candidates have attracted the other solutions, while it
underperforms the candidates have been repelled or mutated to
explore new regions of the hyperparameter space.

Table.3. Candidate Updates via Bio-Inspired Operators

Candidate f:z::ﬁﬁ; Ee[;iizi; Mutat.ion
1D Rate Rate Applied
H1 0.01 0.011 None
H2 0.005 0.006 Yes
H3 0.02 0.018 Yes
H4 0.01 0.0105 None
The Candidate Update Rule is defined as:
H"™ =H} +1-(Hy —H))+1,-AH,

where ri, r; are random coefficients controlling attraction toward
best solution and mutation perturbation.

After updating, candidates have been ranked based on the
fitness, and the only the top-performing solutions have been
retained for the next iteration. Iterations have continued until
convergence, defined a negligible improvement in the fitness over
the consecutive iterations, or until maximum allowed iterations
were reached. This step has preserved a higher-quality solutions
while it prevents the premature convergence.

Table.4. Selection Process After Iteration

Candidate ID [Fitness Score|Selected for Next Iteration
H1 85.2 Yes
H2 87.0 Yes
H3 82.0 No
H4 87.8 Yes

The Convergence Criterion is defined as:

AF, =max| F(H")-F(H )I<e
where € is a small threshold for fitness improvement, indicating
convergence.

Upon convergence, the candidate with the highest fitness
score has been selected an the optimal hyperparameter set. The
GNN trained with a configuration has shown improved validation
performance, reduced variance across the runs, and the robust
generalization across the multiple graph datasets.

Table.5. Final Optimized Hyperparameters

Hyperparameter|Optimized Value
Learning Rate 0.0105
Hidden Layers 4
Hidden Units 128
Dropout Rate 0.15
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0.0003 |
The Optimal Hyperparameter Selection is defined as:

Weight Decay ‘

Hy =arg max F(H,)

where H,, represents the final hyperparameter vector that
maximizes the fitness function.

4. RESULTS AND DISCUSSION

The experiments are conducted using the Python 3.10 and
PyTorch 2.1 framework with a PyTorch Geometric for GNN
implementation. Simulations are performed on the workstation
equipped with a Intel Core 19 to confirm efficient training of
multiple GNN configurations. The validation datasets are
partitioned using the 80:20 train-test split, and the early stopping
with a patience of 50 epochs is applied to prevent overfitting. The
bio-inspired HO algorithm runs for a maximum of 100 iterations
with a population size of 20 candidates, balancing exploration and
convergence efficiency. All experiments are a repeated five times,
and the average performance metrics are reported to confirm
statistical consistency.

The experimental setup consists of a set of hyperparameters
tuned for optimal GNN performance. The Table.6 summarizes the
key parameters used during the experimentation, which has
included the population size, maximum iterations, learning rate
bounds, number of hidden layers, hidden units, dropout rate, and
the weight decay.

Table.6. Experimental Setup and Hyperparameter Values

Parameter Value/Range Description
Population 20 Number of candidate
Size (P) solutions in optimization
Maximum 100 Maximum generations for
Iterations (T) metaheuristic search
Learning B Step size for GNN weight
Rate () 0.001-0.02 updates
Hidden )5 Number of GNN
Layers (L) convolutional layers
Hidden Units (U)| 64 —256  |Units per hidden layer
Dropout Rate (d)| 0.1 -0.3 Regular.lzatlon to prevent

overfitting

Weight .
Decay () 0.0001 — 0.001|L2 regularization factor
Early Stopping 50 epochs Maximum epochs without
Patience p improvement

4.1 PERFORMANCE METRICS

The metrics are evaluated to measure the effectiveness of the
proposed method:

» Accuracy (ACC): It measures the percentage of correctly
classified nodes over the total nodes.

* Precision (PR): It represents the fraction of true positive
predictions among all positive predictions.
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* Recall (RC): It indicates the proportion of true positives
correctly identified among the actual positive instances.

* F1-Score (F1): Harmonic mean of precision and recall,
which provides a balance the between over-prediction and
under-prediction.

* Training Time (TT): It measures the total time required for
model convergence during the HO.

The experiments have utilized the benchmark graph datasets
commonly employed for the node classification tasks. These
datasets have provided a range of graph sizes, node feature
dimensions, and the class distributions. The Table.7 presents a
description of the datasets used in the evaluation.

Table.7. Dataset Description

Dataset Features . .
Name Nodes | Edges per Node Classes| Description
Citation network
Cora |2,708 | 5,429 1,433 7 of scientific
publications
Citation network
Citeseer | 3,327 | 4,732 3,703 6 with sparse
features
Pubmed |19,717|44,338| 500 3 _Biomedical
citation network
The conventional methods selected for comparative

evaluation include: Random Search, Bayesian Optimization and
Particle Swarm Optimization (PSO).

4.2 CANDIDATE EVALUATION AND FITNESS

PROGRESS

The initial population is evaluated using the fitness function.
The Table.8 has shown a evaluation of the candidate solutions on
the Cora dataset after the first iteration.

Table.8. Candidate Evaluation — Iteration 1 (Cora)

Candidate ID|Accuracy (%)|Loss|Fitness Score
H1 81.5 0.46 81.1
H2 83.2 0.44 82.8
H3 79.8 0.48 79.4
H4 84.0 0.42 83.6

The fitness scores have provided an early indication of
promising configurations. The bio-inspired operators has guided
the subsequent update step, which allows convergence towards
the optimal solutions.

The candidate is updated as:
[_Ii(m) :I_]l{ +¢(H

best _I—Iil)—'_!//‘AHrand
where ¢ controls attraction towards the best solution, y scales
random exploration, and the AH... represents stochastic

perturbation that is applied to the underperforming candidates.

The iterative evolution of the candidate solutions have shown
progressive improvement in the fitness scores. The results depicts
convergence trends, which has indicated a rapid initial
improvement followed by stabilization near the global optimum.
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The Table.9 presents the fitness progression across the iterations

for a candidate.

Table.9. Fitness Progression Across Iterations (H2, Cora)

Iteration|Accuracy (%)|Loss|Fitness Score
1 83.2 0.44 82.8
20 86.1 0.39 85.7
40 87.3 0.37 86.9
60 87.8 0.36 87.5
100 88.0 0.35 87.7

The convergence shows, where hich the framework steadily
has identified the  higher-performing hyperparameter
configurations while it maintains the loss stability. The Fitness
Improvement Rate is

F(H")-F(H/) 100
F(H))

i

AF:

This quantifies relative improvement in the candidate fitness
between iterations, guiding termination and adaptation decisions.

After termination, the best-performing candidate is selected an
the optimal hyperparameter set. The Table.10 has shown the final
optimized values for the Cora dataset.

Table.10. Optimized Hyperparameters — Cora

Hyperparameter| Value
Learning Rate [0.0105
Hidden Layers 4
Hidden Units 128
Dropout Rate | 0.15
Weight Decay [0.0003

The optimized GNN has achieved a higher predictive
performance with a stable convergence and reduced variance
across the repeated trials.

PERFORMANCE EVALUATION ACROSS
DATASETS

4.3

The Table.11 has presented a comparative performance
analysis of the proposed bio-inspired framework versus Random
Search, Bayesian Optimization, and the PSO.

Table.11. Comparative Performance Metrics

ACC|PR|RC| F1 |TT

Method Dataset (%) |(%) (%) |(%)| (s)

Random Search Cora |82.5(80.3|79.8(80.0(420

Bayesian Optimization| Cora |85.2|83.1|82.5(82.8|380

PSO Cora |86.1|84.0(83.7(83.8(350

Cora |88.0(86.2(85.8(86.0(310

Proposed Citeseer| 87.1 [85.5(85.0(85.2(320
Bio-Inspired

Pubmed| 90.5 |88.8|88.5|88.6/340
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44 COMPARATIVE
LEARNING RATE

EVALUATION OVER

To examine the sensitivity of the GNN performance to
learning rate, we evaluate Random Search, Bayesian
Optimization, PSO, and the proposed Bio-Inspired Method across
the five steps in the learning rate range: 0.001, 0.005, 0.01, 0.015,
and the 0.02. each of the table shows metric values, which has

shown the consistent advantage of the proposed approach.

Table.12. Accuracy (%) Across Learning Rate Steps

Learning Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.001 80.2 82.5 83.1] 85.0
0.005 82.1 84.0 85.2| 87.1
0.010 83.5 85.2 86.1| 88.0
0.015 82.8 84.8 85.7| 874
0.020 81.9 83.9 84.8| 86.5

Table.13. Precision (%) Across Learning Rate Steps

Learning|Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.001 78.5 81.0 82.0| 845
0.005 80.0 82.5 83.8| 86.0
0.010 81.5 83.8 85.0| 86.8
0.015 80.8 83.2 84.5| 86.2
0.020 79.9 82.5 83.7| 855

Table.14. Recall (%) Across Learning Rate Steps

Learning|Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.001 77.8 80.2 81.0| 83.8
0.005 79.5 81.8 82.7| 85.5
0.010 81.0 83.0 84.2| 86.5
0.015 80.2 82.5 83.5| 85.8
0.020 79.4 81.7 82.8| 85.0

Table.15. F1-Score (%) Across Learning Rate Steps

Learning Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.001 78.1 80.6 81.5| 84.1
0.005 79.7 82.1 83.3| 85.8
0.010 81.2 83.4 84.6| 87.0
0.015 81.0 82.8 84.01 86.0
0.020 79.9 82.2 83.2| 853

Table.16. Training Time (s) Across Learning Rate Steps

Learning Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.001 450 410 380 340
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0.005 440 395 360 | 320
0.010 430 380 350 310
0.015 435 385 355| 315
0.020 445 390 360 320

Across the learning rate range, the proposed bio-inspired
method consistently has achieved the highest accuracy, precision,
recall, and the F1-score, while it requires a lower training time
than the baseline methods. This has indicated a robust adaptation
to varying learning rates.

4.5 COMPARATIVE
DROPOUT RATES

EVALUATION ACROSS

The impact of dropout rate on the performance is evaluated for
all methods. The dropout is varied 0.1, 0.2, and 0.3 to analyze
regularization effects.

Table.17. Accuracy (%) Across Dropout Rates

Dropout/Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.1 83.0 85.0 86.2| 88.2
0.2 82.5 84.5 85.8| 87.6
0.3 81.8 83.8 85.0/ 86.8
Table.18. Precision (%) Across Dropout Rates
Dropout/Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.1 81.5 83.8 85.01 87.0
0.2 81.0 83.2 84.5| 864
0.3 80.2 82.5 83.7| 85.6
Table.19. Recall (%) Across Dropout Rates
Dropout/Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.1 80.5 83.0 84.2| 86.5
0.2 79.8 82.5 83.5| 85.8
0.3 79.0 81.8 82.8| 85.0

Table.20. F1-Score (%) Across Dropout Rates

Dropout/Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.1 81.0 83.4 84.6| 86.7
0.2 80.5 82.8 84.01 86.1
0.3 79.6 82.0 83.2| 853

Table.21. Training Time (s) Across Dropout Rates

Learning Random| Bayesian PSO Proposed
Rate | Search |Optimization Method
0.1 430 390 360 310
0.2 435 395 365| 315
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| 03 | 440 | 400 [370] 320 |

S. DISCUSSION OF RESULTS

The experimental results have shown that the proposed bio-
inspired HO method consistently perform better than the s
conventional techniques across all the evaluated metrics. For
example, in the learning rate evaluation, the proposed method has
achieved a a peak accuracy of 88.0% at a learning rate of 0.01
(Table 12), which is 1.9% higher than PSO, 2.8% higher than
Bayesian Optimization, and the 4.5% higher than Random Search.
Precision and recall values follow similar trends, with the
proposed method recording 86.8% and 86.5% respectively at the
same learning rate (Table.13—Table.14), performing better than
all the baseline methods by 1.5-4%. F1-score improvements are
also notable, with the proposed method achieving 87.0%
compared to 84.6% for PSO at 0.01 (Table.15). Training time is
also reduced by approximately 40—50 seconds per run compared
to PSO, which has shown computational efficiency (Table.16).

The dropout rate analysis further has supported the robustness
of the framework. At a dropout of 0.2, the proposed method has
achieved a 87.6% accuracy, exceeding PSO by 1.8% and
Bayesian Optimization by 3.1% (Table.17). Similarly, F1-score
reaches 86.1% (Table.20), showing stable performance across the
regularization variations. These quantitative results have
indicated that the bio-inspired strategy effectively balances the
exploration and the exploitation in the hyperparameter search,
identifying optimal configurations, which improve predictive
performance while it maintains the training efficiency.

6. CONCLUSION

This study has presented a bio-inspired metaheuristic
framework for HO in the GNNs. The approach systematically
explores the hyperparameter space using the population-based an
adaptive method, which is inspired by natural intelligence.
Experimental evaluations on the benchmark datasets, which has
included the Cora, Citeseer, and the Pubmed, have shown that the
proposed method consistently has achieved a higher accuracy,
precision, recall, and the F1-score compared to Random Search,
Bayesian Optimization, and the PSO. Specifically, peak accuracy
reaches 88.0% at a learning rate of 0.01, with an improvement of
up to 4.5% over the conventional methods (Table.12). in the
addition to performance gains, the proposed framework reduces
training time by 10-15% relative to the baselines, which has
shown its computational efficiency. The method also maintains
robustness across the varying dropout rates, which allows
generalization under the different regularization settings
(Table.17-Table.21). These results collectively have validated
that the combination of bio-inspired search methods with a GNN
hyperparameter tuning is both the effective and practical. Thus,
the study has shown, which intelligent, adaptive optimization can
significantly improve the GNN performance, which provides a
scalable, and an efficient approach suitable for the diverse graph
learning tasks.
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