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Abstract

This paper proposed an adaptive batch variance-reduced
optimization method for training online self-organizing
radial basis function neural networks (RBFNNs) with
incremental learning capabilities. Traditional RBFNNs often
face challenges in balancing computational efficiency and
gradient estimation accuracy, particularly in dynamic
environments where data arrives sequentially. The proposed
method addresses this by dynamically adjusting the batch
size based on the variance of gradient estimates, thereby
reducing noise while maintaining training efficiency. The
RBFNN architecture is designed to grow or adapt its
neurons in response to incoming data, ensuring flexibility
without retraining the entire model. A key innovation lies in
integrating variance-reduced gradient techniques, such as

self-organizing mechanisms to achieve stable and fast
convergence. Furthermore, the incremental learning
framework enables the model to continuously update its
parameters using new data, eliminating the need for full
dataset retraining. Experimental validation demonstrates that
our approach significantly improves both training stability
and prediction accuracy compared to conventional methods.
The method is particularly suitable for real-time applications
where data distributions evolve over time, offering a
scalable and robust solution for adaptive learning systems.
This work contributes to the broader field of online machine
learning by providing a theoretically grounded yet practical
framework for training self-organizing neural networks
under non-stationary conditions.

stochastic variance reduced gradient (SVRG), with online
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1. Introduction

Radial Basis Function Neural Networks (RBFNNs) have been widely adopted for their universal approximation capabilities
and efficient training procedures. Their self-organizing variants, which dynamically adjust network architecture, are
particularly suited for online learning scenarios where data arrives sequentially and distributions may shift over time.
Traditional approaches to training RBFNNs, however, often rely on stochastic gradient descent (SGD) !, which suffers from
high variance in gradient estimates, leading to suboptimal convergence rates and unstable training. While variance-reduced
optimization techniques like SVRG ! and SAGA Pl have been proposed to mitigate this issue, their application to online self-
organizing RBFNNs remains underexplored.

Recent advances in incremental learning ™! and adaptive batch size methods P! have shown promise in improving the
efficiency of neural network training. Incremental learning allows models to update their parameters without retraining on the
entire dataset, making them suitable for real-time applications. Adaptive batch size techniques, on the other hand, dynamically
adjust the number of samples used for gradient computation, balancing computational cost and estimation accuracy. Despite
these developments, integrating these techniques into self-organizing RBFNNs poses unique challenges, particularly in
maintaining stability while adapting both the network structure and optimization parameters.

The proposed method introduces an adaptive batch variance-reduced optimization framework specifically designed for online
self-organizing RBFNNs. Unlike existing approaches, our method jointly optimizes the batch size and gradient variance
reduction, ensuring faster convergence and improved generalization. The self-organizing mechanism dynamically adjusts the
network’s hidden neurons based on incoming data, enabling the model to adapt to non-stationary environments. By
incorporating incremental learning, the method avoids the computational overhead of retraining the entire network from
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scratch, making it scalable for large-scale and real-time
applications.

A key contribution of this work is the theoretical and
empirical demonstration that adaptive batch variance
reduction can significantly enhance the performance of
online self-organizing RBFNNs. The method builds upon
established principles of SGD and variance reduction but
extends them to the context of dynamic network
architectures. Experimental results on benchmark datasets
show that our approach outperforms conventional methods
in terms of both training stability and prediction accuracy.
Furthermore, the framework is general enough to be applied
to other types of self-organizing neural networks, opening
avenues for future research in adaptive learning systems.

2. Related Work

The development of self-organizing radial basis function

neural networks (RBFNNSs) has been influenced by several

key research directions, including incremental learning,

adaptive optimization, and dynamic architecture adaptation.

Existing approaches can be broadly categorized into three

areas:

1. Methods focusing on the self-organizing nature of
RBFNNes,

2. Variance-reduced optimization techniques for neural
networks, and

3. Hybrid frameworks combining incremental learning
with adaptive training strategies.

2.1 Self-Organizing RBFNN’s

Self-organizing RBFNNs dynamically adjust their structure
in response to incoming data, making them particularly
suitable for online learning scenarios. Early work in this
area introduced competitive learning mechanisms to adapt
neuron centers and widths incrementally . Subsequent
improvements incorporated distance-based criteria for
neuron addition or removal, ensuring compact yet
expressive architectures ). More recently, methods like the
Online Adjusting RBFNN (OA-RBFNN) B! demonstrated
the ability to refine network parameters without full
retraining, though they often relied on heuristic thresholds
for neuron adaptation. Another notable approach, the
Neuron Adaptive Splitting and Merging RBFNN (NASM-
RBFNN) Pl optimized network structure through splitting
and merging operations, but its computational overhead
limited scalability for high-frequency data streams.

2.2 Variance-Reduced Optimization in Neural Networks
Stochastic gradient descent (SGD) remains a cornerstone for
training neural networks, but its high-variance gradient
estimates can impede convergence. Variance-reduced
techniques, such as Stochastic Variance Reduced Gradient
(SVRG) Pl and SAGA Bl address this by incorporating
control variates or snapshot gradients to stabilize updates.
These methods have shown success in convex and non-
convex settings, but their application to dynamic
architectures like self-organizing RBFNNS is less explored.
Adaptive batch size strategies, such as those proposed in [*],
further improve efficiency by scaling the batch size
inversely with gradient variance. However, most existing
variance-reduced methods assume fixed network structures,
leaving a gap in handling architectures that evolve during
training.
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2.3 Incremental Learning and Hybrid Frameworks
Incremental learning techniques enable models to update
parameters without revisiting past data, a critical feature for
real-time systems. Recent work has integrated incremental
learning with RBFNNs for applications like battery state-of-
charge estimation 'Y and water quality classification ['!],
These methods often employ sliding-window or mini-batch
updates, but they typically lack mechanisms to jointly
optimize batch size and architecture adaptation. Hybrid
frameworks, such as those combining incremental learning
with adaptive unscented Kalman filters ['%, have shown
promise in non-stationary environments but remain
specialized for specific tasks rather than general-purpose
RBFNN training.

The proposed method distinguishes itself by unifying these
three directions: it integrates variance-reduced optimization
with self-organizing RBFNNs while supporting incremental
learning. Unlike heuristic threshold-based approaches [*], our
method adapts both batch size and network structure
through theoretically grounded gradient variance analysis.
Compared to fixed-architecture variance reduction [, it
handles dynamic neuron addition and adjustment, ensuring
stability even as the model grows. Finally, unlike task-
specific incremental frameworks ['%, our approach provides
a general-purpose solution for online learning scenarios with
non-stationary data distributions.

3. Background and Preliminaries

To establish the theoretical foundation for our proposed
method, this section introduces key concepts related to
radial basis function neural networks, optimization
challenges in neural networks, and principles of online
learning. These components form the basis for
understanding the adaptive batch variance-reduced
optimization framework presented in later sections.

3.1 Radial Basis Function Neural Networks

Radial basis function neural networks (RBFNNs) represent a
class of feedforward neural networks that employ radial
basis functions as activation units. The network architecture
consists of three layers: an input layer, a hidden layer with
radial basis functions, and a linear output layer. The output
¥ of an RBFNN for input x can be expressed as:

K
y= Zwi Pi(x)

Where K denotes the number of hidden neurons, Wi are the
output layer weights, and #:0) represents the radial basis
function for the i-th neuron. The most commonly used basis
function is the Gaussian function:

¢:(x) = exp (—7" i "2)

20f

(1

)

Here, i and Zi correspond to the center and width of the i-
th neuron, respectively. The Euclidean distance I —¢:
measures the similarity between the input and neuron center,
with closer inputs producing stronger activations.

Unlike multilayer perceptrons that learn distributed
representations, RBFNNs employ localized receptive fields,
making them particularly effective for function
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approximation and pattern recognition tasks [, The
network’s performance depends critically on three
parameters: the centers i, widths 7i, and output weights Wi,
Traditional training approaches determine these parameters
through a two-stage process: first clustering input data to
identify centers, then solving a linear system for the output
weights 4. However, this static approach becomes
inadequate for online learning scenarios where data
distributions may evolve over time.

3.2 Optimization Challenges in Neural Networks
Training neural networks involves minimizing a loss
function L with respect to the network parameters &. For
RBFNNeE, this typically includes the output weights ¥i, and
optionally the centers €i and widths i when fine-tuning the
entire network. The gradient of the loss with respect to the
output weights can be derived as:

% = —Z(tj — ;) (%)
B (3)

Where B represents the batch size, % denotes the target

output, and ¥7 is the network prediction for the /-th sample

in the batch.

Stochastic gradient descent (SGD) and its variants remain

the dominant optimization methods for neural networks due

to their computational efficiency and scalability [%,

However, several challenges emerge when applying these

methods to RBFNNGs:

1. High variance gradients: The stochastic nature of
mini-batch sampling introduces noise in gradient
estimates, particularly when the batch size is small. This
noise can lead to unstable convergence and poor
generalization %],

2. Ill-conditioned landscapes: The combination of linear
output weights and nonlinear basis functions often
creates optimization landscapes with varying curvature,
making it difficult to choose an appropriate learning
rate 7],

3. Parameter coupling: The interaction between basis
function parameters (centers and widths) and output
weights creates complex dependencies that standard
optimization methods may struggle to handle
effectively 131,

These challenges become more pronounced in online

learning settings where the network must adapt continuously

to new data while maintaining stability in the face of
distribution shifts.

3.3 Principles of Online and Incremental Learning
Online learning refers to the process of updating a model
sequentially as new data arrives, without requiring access to
the entire historical dataset. This paradigm contrasts with
batch learning, where the model is trained on the complete
dataset in each iteration. Incremental learning extends this
concept by allowing the model architecture itself to evolve
in response to new information ['%,

Key characteristics of online incremental learning include:

1. Single-pass processing: Each data point is processed
exactly once, making the approach memory-efficient for
large or streaming datasets.

2. Adaptive capacity: The model can grow (or shrink) its
representational capacity by adding or removing
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components as needed.

3. Catastrophic forgetting mitigation: Mechanisms are
employed to prevent new learning from completely
overwriting previously acquired knowledge 2!,

For RBFNNSs, online incremental learning typically

involves: - Dynamic adjustment of the number of basis

functions - Continuous refinement of existing neuron
parameters - Selective retention of important information
from previous data.

These properties make online incremental learning

particularly suitable for applications with non-stationary

data distributions, such as time-series prediction and

adaptive control systems 1],

3.4 Overview of Optimization Techniques for Online
Learning

Several optimization strategies have been developed
specifically to address the challenges of online learning in
neural networks. Variance reduction techniques aim to
decrease the noise in gradient estimates while maintaining
the computational benefits of stochastic optimization. One
such approach combines batch gradients with stochastic
updates:

]

B
g=

1
B

ji=1

oL, oL\ 1 ZN: oL,
_ = + J—

dw; dw; N Lo ow;

j=1

Where 5 represents a snapshot of the loss function computed
during a full pass through the dataset, and NV is the total
number of training samples 221,
Adaptive batch size methods dynamically adjust the number
of samples used for gradient computation based on the
estimated variance of the gradients. This approach balances
computational  efficiency = with  gradient accuracy,
automatically increasing the batch size when gradients

become noisy and decreasing it when estimates are stable
[23]

“4)

For self-organizing networks, these techniques must be
extended to handle changing architectures. The challenge
lies in maintaining consistent optimization behavior even as
the number and configuration of network parameters evolve
during training. Recent work has begun exploring this
direction, but general solutions remain an active area of
research 24,

The combination of variance reduction and adaptive
batching with self-organizing network architectures forms
the core innovation of our proposed method, which we
detail in the following section.

4. Adaptive Batch Variance-Reduced Optimization for
RBFNNs

The proposed method introduces a novel optimization
framework that combines adaptive batch sizing with
variance reduction techniques specifically designed for
online self-organizing RBFNNs. This section presents the
technical details of our approach, which addresses three key

challenges:
1. Maintaining stable gradient estimates in streaming data
scenarios,

2. Dynamically adjusting network architecture while
preserving optimization stability, and

3. Efficiently balancing computational cost with learning
performance.
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4.1 Variance-Reduced Gradient Estimation for RBFNNs
The foundation of our optimization approach lies in a
modified stochastic variance reduced gradient (SVRG)
formulation adapted for RBFNNSs. For a given parameter set
6 ={wuncoi} | we compute the gradient estimate 9t at
iteration £ as:

g = Bit; (VLj(Ht) - VLj(é)) +vL(6) )

Where Bt represents the current batch size, VLi(6:) is the
gradient computed on the / -th sample using current
parameters & , and "X(¥) denotes the full-batch gradient
computed at a reference parameter snapshot 6. The snapshot
is updated periodically every "M iterations to maintain
gradient accuracy while controlling computational overhead.
For RBFNNs, the gradient components require special
consideration due to the network’s architecture. The
gradient with respect to output weights Wi follows the
standard form shown in Equation 3, while the gradients for
centers i and widths %1 incorporate the radial basis function
derivatives:

Bt

o )

[¢F

" (©)

I #:(%)
(.
=

oi

O]

These gradients are similarly incorporated into the variance-
reduced formulation of Equation 5, ensuring stable updates
for all network parameters. The variance reduction
mechanism particularly benefits the center and width
updates, which tend to exhibit higher gradient variance due
to their nonlinear dependence on input data.

4.2 Adaptive Batch Size Adjustment Mechanism

The batch size Bt is dynamically adjusted based on the
estimated gradient variance 4 , computed using an
exponentially weighted moving average:

8% = asZ, + (1 - o)|VL;(0,) — VL (8] )

Where @ € (0.1 controls the smoothing factor. The batch
size is then updated according to:

B, = [Bmin + (Bimax — Bmin)exp(_yﬁtz)-l (9)
Here, Bmin and Bmsx define the minimum and maximum
batch sizes, while ¥ controls the sensitivity of batch size
adjustment to gradient variance. This formulation ensures
that the batch size increases when gradient noise is high
(large %) and decreases when estimates are stable.

The adaptive batch mechanism interacts with the variance-
reduced gradient estimation in two important ways. First,
larger batches provide more accurate estimates of the
gradient difference term 5%~ V:(8) in Equation 5. Second,
the batch size adjustment helps maintain an optimal balance
between computational efficiency and gradient quality
throughout training, automatically adapting to changes in
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data distribution or network architecture.

4.3 Integration with Self-Organizing and Incremental

Learning

The optimization framework integrates seamlessly with the

self-organizing mechanism of the RBFNN through three key

components:

1. Neuron addition criterion: A new neuron is added
when the following condition holds for incoming
sample x:

min || x —¢; 1> &;
L

(10)

The threshold &t adapts based on the current network error:

1o ,
5 = Soexp( =AMy =t
k=1

2. Parameter initialization: New neurons are initialized
with Crnew = .1', Oy — rmin; | x — g ll , and Wiy = 0 ,
where ¥ controls the width scaling relative to existing
neurons.

3. Gradient consistency maintenance: When adding a
neuron, we initialize its snapshot gradient terms vL;(8)
for 7 =1.....N to zero, ensuring smooth integration into
the variance-reduced optimization framework.

The complete training algorithm proceeds as follows: For

each incoming data point, we first evaluate the neuron

addition criterion. If satisfied, we expand the network and
initialize new parameters. We then compute the adaptive
batch size, sample a batch of recent data points, and perform

a variance-reduced parameter update. Every ™ iterations, we

update the reference snapshot & and corresponding full-

batch gradients.

(11

. Laper

variance

Fig 1: Structure of Online Self-Organizing RBFNN with Adaptive
Batch Variance-Reduced Optimization

This integrated approach addresses several challenges
unique to online self-organizing RBFNNs. The variance
reduction stabilizes learning despite changing architecture,
while the adaptive batch size ensures efficient use of
computational resources. The neuron addition criterion and
initialization strategy maintain network compactness while
adapting to new patterns in the data stream. Together, these
components enable robust online learning in non-stationary
environments.

5. Experimental Setup

To evaluate the effectiveness of the proposed adaptive batch
variance-reduced optimization method for online self-
organizing RBFNNs, we conducted extensive experiments
on both synthetic and real-world datasets. This section
details the experimental configuration, including datasets,
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baseline methods, evaluation metrics, and implementation
specifics.

5.1 Datasets

We selected four benchmark datasets that represent different

characteristics of online learning scenarios:

1. Non-stationary synthetic dataset: A time-varying
mixture of Gaussian distributions where the means and
variances change gradually over time %), This dataset
tests the model’s ability to adapt to shifting
distributions.

2. Electricity load forecasting dataset: A real-world time
series recording hourly electricity consumption with
seasonal patterns and abrupt changes 2],

3. Human activity recognition dataset: A streaming
dataset containing sensor readings from wearable
devices, with changing user behaviors over time [?7],

4. Online retail transaction dataset: A large-scale
dataset of customer purchases with evolving shopping
patterns 281,

Each dataset was preprocessed to normalize features and

handle missing values, then processed in a strictly sequential

manner to simulate real-time data streams.

5.2 Baseline Methods

We compared our approach against five state-of-the-art

methods for online learning with RBFNNSs:

1. Standard Online RBFNN (ORBF): A basic
implementation of online RBFNN with fixed
architecture and stochastic gradient descent 2],

2. Self-Organizing RBFNN (SORBF): An incremental
RBFNN that dynamically adjusts its structure using
error-based criteria 3%,

3. Adaptive RBFNN with Kalman Filter (ARBF-KF):
An RBFNN that employs Kalman filtering for
parameter updates 1.

4. Variance-Reduced RBFNN (VR-RBF): An RBFNN
with fixed batch size but incorporating SVRG
optimization B2,

5. Growing Neural Gas with RBF (GNG-RBF): A
topology-learning approach that combines growing
neural gas with RBF units 31,

All baseline implementations used their originally reported

hyperparameters, with adjustments made only to ensure fair

comparison in terms of computational resources.

5.3 Evaluation Metrics

We employed three complementary metrics to assess model

performance:

1. Instantaneous prediction error: The mean squared
error (MSE) computed over a sliding window of recent
predictions:

t

1
MSE = D -t
i=t—W+1 (12)

Where W is the window size (set to 100 in our experiments).
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2. Adaptation speed: The number of samples required to
reduce the prediction error below a threshold after a
concept drift occurs.

3. Computational efficiency: Measured as the average
processing time per sample, including both model
updates and predictions.

Additionally, we tracked the evolution of network size

(number of hidden neurons) to evaluate the compactness of

learned representations.

5.4 Implementation Details

Our implementation was developed in Python using NumPy
and Numba for efficient numerical computations. The
proposed method and baselines were implemented with the
following common settings:

= [Initial learning rate: 7 = 0.01 with exponential decay

*  Minimum/maximum batch size: Bmin = 10 Bia, = 1000
= Variance smoothing factor: & = 0.9

= Neuron addition threshold parameters: % = 1.0, § = 0.1

= Width scaling factor: & = 0.3

=  Snapshot update frequency: m = 100 iterations

For the proposed method, we initialized the network with a
single neuron and let it grow automatically based on the data
characteristics. All experiments were conducted on a
standard workstation with an Intel Core i7 processor and
32GB RAM, running Ubuntu Linux. To ensure statistical
significance, each experiment was repeated 10 times with
different random seeds, and we report the average
performance across these runs.

5.5 Concept Drift Simulation

To rigorously test the adaptive capabilities of all methods,
we introduced controlled concept drifts in the synthetic
dataset by:

1. Gradually shifting the means of Gaussian components
2. Suddenly changing the mixture weights

3. Periodically adding or removing components

The timing and magnitude of these drifts followed patterns
similar to those observed in real-world non-stationary
environments 4. This setup allowed us to systematically
evaluate how each method responds to different types of
distribution changes.

6. Experimental Results

The experimental evaluation demonstrates the effectiveness
of the proposed adaptive batch variance-reduced
optimization method compared to baseline approaches. We
analyze performance across multiple dimensions, including
prediction accuracy, adaptation speed, computational
efficiency, and model compactness. The results highlight the
advantages of combining variance reduction with adaptive
batch sizing in online self-organizing RBFNNS.

6.1 Prediction Accuracy Comparison

Across all datasets, the proposed method achieved superior
prediction accuracy compared to baseline approaches. Table
1 summarizes the final MSE values after processing each
complete dataset stream.
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Table 1: Comparison of prediction accuracy (MSE) across different methods

Method Synthetic Dataset Electricity Dataset Activity Dataset Retail Dataset
ORBF 0.142+0.011 0.089 +0.007 0.156 +0.013 0.204 £ 0.018
SORBF P 0.118 £0.009 0.072 + 0.006 0.132 £0.011 0.178 £0.015
ARBF-KF Bl 0.105 +0.008 0.065 +0.005 0.121 £0.010 0.167+0.014
VR-RBF 21 0.097 +£0.007 0.058 +0.004 0.115 +0.009 0.154+0.013
GNG-RBF 33! 0.088 + 0.006 0.052 +0.004 0.104 £+ 0.008 0.142+£0.012
Proposed Method 0.073 +0.005 0.041 +0.003 0.087 = 0.007 0.121 +£0.010

The proposed method reduced MSE by 17-27% compared to
the best baseline (GNG-RBF) across different datasets. The
improvement was particularly significant on the synthetic
dataset (17% reduction) and electricity dataset (21%
reduction), where non-stationary characteristics were most
pronounced. The consistent performance gap demonstrates
the effectiveness of adaptive variance reduction in handling
distribution shifts.

—— Proposed Method
GNG-RBF
— VR-RBF

Prediction Error (MSE)

Samples

Fig 2: Prediction error trajectories on the synthetic dataset with
concept drifts

Fig 2 illustrates the prediction error trajectories during
training on the synthetic dataset, showing how different
methods respond to concept drifts (marked by vertical
dashed lines). The proposed method exhibited faster
recovery after each drift event, maintaining lower error rates
throughout the learning process. The error spikes following
drifts were less pronounced and shorter-lived compared to
baseline methods, indicating more stable adaptation.

6.2 Adaptation Speed Analysis

To quantify adaptation capabilities, we measured the
number of samples required to reduce MSE below a
threshold (0.1 for synthetic data, 0.05 for real-world data)
after each concept drift. Table 2 presents the average
adaptation times across all drift events.

Table 2: Average samples needed for recovery after concept drifts

Synthetic Electricity Activity

Method Dataset Dataset Dataset

ORBF 142 £ 11 98 £ 8 127 £10
SORBF 118+9 85+7 105+9
ARBF-KF 95 +7 72+6 88 +7
VR-RBF 87+6 65+5 79+6
GNG-RBF 76 +5 58+4 68+5
Proposed Method 52+4 41+3 49 +4

The proposed method achieved 31-42% faster adaptation
compared to GNG-RBF, demonstrating the benefits of
combining adaptive batch sizing with variance reduction.
The faster convergence can be attributed to more stable
gradient estimates during network adaptation, allowing

quicker adjustment to new data distributions.

6.3 Computational Efficiency

While the proposed method involves additional

computations for variance reduction and batch size

adaptation, its overall computational efficiency remained

competitive due to several factors:

1. The adaptive batch mechanism reduced unnecessary
computations during stable learning periods.

2. Variance reduction decreased the number of required
parameter updates.

3. The self-organizing structure maintained a compact
network size.

Table 3 compares the average processing time per sample

across methods.

Table 3: Computational efficiency (ms per sample)

Method Processing Time (ms)
ORBF 1.2+0.1
SORBF 1.8+0.2
ARBF-KF 2.5+0.3
VR-RBF 2.1+0.2
GNG-RBF 34+£04
Proposed Method 29+0.3

The proposed method was faster than GNG-RBF (15%
reduction) while providing significantly better accuracy. The
computational overhead compared to simpler methods like
ORBF is justified by the substantial improvements in
prediction quality and adaptation speed.

6.4 Model Compactness and Evolution

An important advantage of the proposed method is its ability
to maintain compact network structures while adapting to
new data. Fig 3 shows the evolution of hidden layer size
during training on the activity recognition dataset.

Proposed Method

GNG-RBF
26

24 +

Wy\//‘/\vj\wm Ay A
\/V\f

16

Hidden Layer Size

L h\\/\\;

Q 200 400 600 800 1000
Number of Samples Processed

Fig 3: Evolution of hidden layer size during online learning

The proposed method achieved better accuracy than
baselines while using 15-30% fewer neurons on average.
The adaptive growth mechanism, guided by both prediction
error and gradient variance, added neurons only when
necessary to capture new patterns. This contrasts with GNG-
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RBF, which tended to over-expand the network during
concept drifts before later pruning unnecessary units.

6.5 Ablation Study

To understand the contribution of each component in the
proposed method, we conducted an ablation study on the
synthetic dataset. Table 4 presents the results when
removing key components.

Table 4: Ablation study (MSE on synthetic dataset)

Variant MSE | Neurons
Full proposed method 0.073 24
Without variance reduction 0.091 27
Without adaptive batch 0.084 26
Fixed architecture 0.112 20
Without incremental learning 0.098 22

The study reveals that: 1. Variance reduction contributed
most to accuracy (25% MSE increase when removed) 2.
Adaptive batch sizing provided additional stability (15%
MSE increase when removed) 3. Self-organizing capability
was crucial for handling non-stationarity (53% MSE
increase when disabled).

The full proposed method achieved the best balance
between accuracy and model complexity, demonstrating the
value of its integrated approach.

7. Conclusion

The proposed adaptive batch variance-reduced optimization
method for online self-organizing RBFNNs presents a
significant advancement in handling non-stationary data
streams. By integrating variance-reduced gradient
techniques with dynamic batch size adjustment and
incremental learning, the framework achieves superior
prediction accuracy, faster adaptation to concept drifts, and
efficient computational performance. The experimental
results demonstrate consistent improvements over existing
methods, particularly in scenarios where data distributions
evolve gradually or abruptly.

The method’s ability to maintain compact network
structures while adapting to new patterns makes it
particularly suitable for real-world applications such as
industrial IoT monitoring, financial forecasting, and
healthcare analytics. The variance reduction mechanism
ensures stable parameter updates, while the self-organizing
architecture enables the model to grow or refine its neurons
in response to incoming data. This combination addresses
key challenges in online learning, including catastrophic
forgetting and gradient instability.

Future research directions include extending the framework
to handle more abrupt concept drifts through hybrid change
detection  mechanisms and  exploring  distributed
implementations for large-scale streaming data. Theoretical
analysis of convergence in non-convex optimization settings
remains an open challenge that warrants further
investigation.  Additionally, integrating meta-learning
techniques could automate hyperparameter tuning, further
enhancing the method’s adaptability.

The success of this approach suggests that combining
adaptive optimization with dynamic architecture design is a
promising paradigm for online learning systems. By
bridging the gap between optimization stability and
structural flexibility, the proposed method offers a robust

www.multiresearchjournal.com

solution for real-time machine learning applications in non-
stationary environments.
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