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Abstract — The data distributions, user preferences, and environmental factors change over time, personalized
computational intelligence plays a crucial role in applications. Traditional machine learning models tend to be less effective
when dealing with new tasks or problems because they need to be retrained. In this paper, a novel self-adaptive meta-
learning approach is proposed to empower CIS to learn quickly from different tasks, integrate the new knowledge to
enhance the performance for the evolving tasks, and transfer the knowledge to further tasks without sacrificing the
personalized decision-making capability. The proposed framework combined the concept of meta-learning with an adaptive
feedback mechanism which continually observes the performance of the learner with respect to the task and adjusts the
learning strategies as required by changes in the environment. A lightweight knowledge adaptation module is integrated to
achieve efficient real-time deployment, improve generalization and reduce computational overhead. The framework's aim
is to achieve a compromise between stability and adaptability in learning, which it achieves by optimising the framework
iteratively with the hope of converging quickly even when training samples are limited and the data is not stationary.
Experimental testing on several benchmark datasets shows the competitiveness of the prediction performance, adaptation
speed and robustness with respect to the classical deep learning and current meta-learning methods, while preserving the
computational efficiency. The proposed framework is able to deal with concept drift, task heterogeneity and personalised
learning needs while maintaining the property of scalability. The results show that the self-adaptive meta-learning system
proposed in this paper is a practical and intelligent solution for next-generation computational intelligence system in
dynamic environments, such as healthcare systems, intelligent transportation systems, cyber-physical systems, smart
manufacturing systems and personalized decision support systems.

Keywords — Self-Adaptive Learning, Meta-Learning, Computational Intelligence, Personalized Learning, Dynamic
Problem-Solving, Knowledge Adaptation.

I.  INTRODUCTION

Computational intelligence has become a key paradigm in designing intelligent systems that learn from data, find complex
patterns and assist in decision making in various application areas. The recent developments in artificial intelligence have
revolutionized the fields of healthcare, self-driving vehicles, industrial automation, cybersecurity, and financial services,
as well as smart cities. Despite these successes, it is assumed that the distribution of the existing data is more or less stable
in many existing learning frameworks. However, in actual applications, the nature of the data, the user's preferences and
the conditions under which the application is applied continuously change, and this leads to dynamic problem-solving
situations that make it difficult for the traditional learning models to perform well [1].

In the traditional machine learning and deep learning methods, a large set of labeled data is typically provided offline
for training. Such models can sometimes be very predictive, but are poorly efficient in adapting to new tasks or new
environments when they are encountered. Retraining not only is costly because of the increased number of computations,
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but it also reduces their applicability in real-time systems where fast adaptation is required. Moreover, many intelligent
systems use general learning strategies that ignore individual user characteristics, thus making it difficult to give individual
decisions in a heterogeneous learning environment [2].

A recent emerging approach to solve this challenge is called Meta-learning whereby models learn how to learn. Rather
than optimizing for a specific task, meta-learning aims to learn transferable knowledge to enable fast adaptation to new
tasks with little data. This capability greatly decreases training time and generalisation to similar domains. However, current
meta-learning algorithms are typically designed with very stable task distributions and lack the flexibility to cope with
changing user requirements, concept drift and continuously shifting environments [3]. One of the most important
drawbacks of existing Cls frameworks is that they are not equipped with continuous adaptation mechanisms. The majority
of models currently in use only update the parameters periodically, or through manual effort, and are therefore less
responsive to changes in the environment. As a result, the accuracy of predictions can decrease over time as the data
distributions change. Self-adaptive learning strategies which track the performance of the model and adapt its learning
behavior dynamically can significantly enhance the robustness and long-term reliability [4].

Personalization is also a crucial need in intelligent decision support systems. Learning models that go beyond
population-level attributes to model individual behavior are needed for applications like personalized healthcare, intelligent
tutoring systems, recommendation systems, and adaptive industrial automation. Combining personalisation with adaptive
meta-learning allows intelligent systems to retain what they have learned before, and to learn new things more efficiently,
improving the quality of decision making and the efficiency of learning [5]. These challenges sparked this paper to present
a Self-Adaptive Meta-Learning Framework for Personalized Computational Intelligence in Dynamic Problem-Solving
Environments. The suggested framework consists of two stages: first, to perform rapid task adaptation, and second, to
continuously optimize decision making by refining the knowledge in light of the adaptation results.The proposed
framework is a combination of two steps: rapid task adaptation and continuous optimization of decision making through
refining knowledge based on the result of the adaptation. The self-adaptive learning mechanism continuously evaluates the
performance of the predictions made by the model, detects changes in the environment, and adjusts the model parameters
accordingly such that it can minimize the computational complexity while maximizing the robustness of the model against
concept drift. The framework aims to strike a trade-off between stability and adaptability in learning, allowing for efficient
knowledge transfer to run across different tasks that are heterogeneous [6].

A number of benchmark datasets are used to evaluate the effectiveness of the proposed framework, which are dynamic
learning scenarios. The extensive experiments confirm the prediction accuracy, adaptation speed, computational efficiency,
robustness and generalization capability compared to conventional machine learning, deep learning and current meta-
learning approaches. The proposed framework is suitable for next generation of intelligent systems in the continuously
changing environments.

Motivation
o Existing computational intelligence models experience significant performance degradation when deployed in
environments characterized by continuous data evolution and concept drift.
e Modern intelligent applications increasingly require personalized decision-making, demanding adaptive learning
mechanisms capable of capturing individual behavioral patterns while maintaining high predictive accuracy.
e Meta-learning provides rapid task adaptation; however, integrating self-adaptive knowledge refinement can further
improve robustness, scalability, and long-term learning efficiency in dynamic environments.

Research Gaps
o Existing meta-learning approaches primarily focus on rapid adaptation but provide limited support for continuous
self-adaptation under evolving data distributions.
e Most personalized computational intelligence models rely on periodic retraining, resulting in increased
computational cost and reduced responsiveness to environmental changes.
e Limited research has jointly addressed meta-learning, self-adaptive optimization, and personalized intelligence
within a unified framework for dynamic problem-solving environments.

Section Organization

The remainder of this paper is organized as follows. Section 2 reviews recent literature on computational intelligence, meta-
learning, and adaptive learning techniques. Section 3 presents the proposed framework. Section 4 discusses the
experimental results and comparative analysis. Finally, Section 5 concludes the paper and outlines future research
directions.

II. RELATED WORKS

Artificial intelligence (AI) technologies have rapidly developed, and this has helped speed up the development of
computational intelligence (CI) technologies, which has led to the creation of intelligent systems that can handle complex
decision-making with little human involvement [7, 8]. The advent of machine learning, deep learning, reinforcement
learning, and meta-learning has fueled the ability of intelligent systems to solve problems in the healthcare, finance,
autonomous transportation, manufacturing, cybersecurity, and smart city sectors. While significant progress has been made,
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it is still an open research challenge to develop models of computational intelligence that can continuously adapt to
changing environments, while at the same time, supporting personalized decision-making [9].

When there is enough labeled training data and the operating environment is relatively stable, traditional machine
learning methods have proven to be very successful. Support Vector Machines, Random Forests, Decision Trees and
Artificial Neural Networks are among the most popular algorithms due to their high prediction accuracy and efficiency. In
general, however, these methods are based on the assumption that training and testing data come from the same probability
distribution. But if the environment changes or concept drift occurs, the performance of the model drops off sharply, and
it needs to be costly retrained procedures. As a result, they are not effective in a changing world [10].

In addition, deep learning techniques have made significant strides in expanding the scope of computational intelligence
with the ability to automatically extract features from vast datasets. CNN, RNN, GNN, and Transformer models have
become the best performers in image analysis, NLP, medical diagnosis, and intelligent automation. Despite these benefits,
deep learning models still need a lot of computational resources, large amounts of annotated data, and multiple optimisation
cycles. Furthermore, such architectures are inflexible in adapting to unseen tasks, given a few training examples. These
restrictions limit their usefulness in dynamic environments where they also need to be able to adapt quickly and perform
efficiently [11].

To address these challenges, transfer learning has proven to be a useful approach to leveraging knowledge gained from
a prior task. Transfer learning can be used to fine-tune pre-trained representations for related applications without the need
for training from scratch, thus saving training time and enhancing convergence. Many studies have shown the ability of
transfer learning to boost the efficiency of the learning process in areas with limited labeled data. However, the similarity
between the source domain and the target domain is crucial for knowledge transfer to be successful. Often there are large
differences between the domains, which can result in negative transfer and can hinder its ability to transfer to very dynamic
environments [12].

In recent years, meta-learning has attracted significant interest due to the potential to gain knowledge or skills in the
learning process without requiring task-specific knowledge, but rather optimisation strategies for improving learning
efficiency. There are several common meta-learning paradigms such as optimization-based, metric-based, and model-
based. These methods can allow intelligent systems to quickly learn about new tasks that they have never seen before, with
relatively few training samples. While optimization-based approaches aim at finding good initialization parameters,
similarity learning between tasks is highlighted in metric-based methods, and memory mechanisms are added to model-
based methods to speed up the adaptation process. While these methods cut adaptation time, most current methods make
the assumption of relatively stationary task distributions and do not address the continuous change of the environment
when it comes to deployment [13].

The use of reinforcement-learning for adaptive decision making in uncertain environments has also been investigated.
Reinforcement learning agents learn optimal policies by continuously interacting with their environment, maximizing
rewards, without explicit supervision. Recently, the integration of reinforcement learning with deep neural networks has
been used to solve complex sequential decision-making problems in the fields of robotics, intelligent transportation
systems, network optimization and resource allocation. But in large-scale environments, RL is frequently a very explorative
process with relatively slow convergence. Besides, the problem of balancing exploration and exploitation coupled with
personalized behavior is a great research hurdle.

Another stream of ongoing research is about on-going learning and lifelong learning. These paradigms allow intelligent
systems to learn from a sequence of tasks without catastrophic forgetting over the course of time. Several strategies have
been suggested to retain previous knowledge, such as replays, regularization and parameter isolation. While ongoing
learning enhances adaptability over time, solutions often fail to meet the need for both users' changing preferences and
environmental conditions, which require adaptability in both. The stability and flexibility of learning continue to be
challenges. In a scenario of increasing requests for user-centric intelligent services, the use of personalized computational
intelligence has gained considerable interest. Learning models that have the ability to learn the behavior of individual users
are becoming increasingly useful in personalized recommendation systems, adaptive healthcare platforms, intelligent
educational systems, and context-aware mobile applications. User profiles, contextual information and preference
modeling have been integrated into the theory of computational intelligence in recent research to enhance the quality of
predictions. Despite this, numerous personalization methods are still static, and need to be periodically retrained to adapt
to new user actions. These are not suitable for applications in which users' preferences change frequently over time [14].

To enhance the robustness in the changing environment, researchers have tried to combine adaptive optimization
mechanism with meta-learning. Model stability and convergence have been positively affected by adaptive parameter
tuning, dynamic learning rate adjustment, online optimization and attention-guided knowledge refinement. Such methods,
however, tend to focus on learning specific aspects of the learning process instead of offering an adaptive end-to-end
framework that can handle knowledge acquisition as well as personal adaptation and ongoing learning. This means that
each computational complexity goes up and the adaptability is limited. In recent years, self-adaptive artificial intelligence
has risen to the forefront as a key development, highlighting the need for feedback-driven optimization in intelligent
systems. Feedback mechanisms can be used to track the performance of predictions, detect distributional changes, and
adjust internal model parameters without retraining the model. These adaptive learning strategies increase the resilience to
concept drift and consistency of decision making for long-term deployments. Although these advances have been made,
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current approaches focus on adapting, personalizing, or learning from different instances, and few studies tackle the three
abilities in a single computational intelligence framework [15].

From the above observations, it can be seen that current Computational Intelligence solutions offer good solutions for
certain learning scenarios, but have drawbacks when applied in dynamic environments that demand continual
personalization and adaptation to changes. While conventional machine learning models suffer from being inflexible in the
case of changing data distribution, deep learning models are expensive to train and require a lot of computational resources,
and the requirement of domain similarity also limits the application of transfer learning, and existing meta-learning methods
do not consider the continuous adaptation process of the model during deployment. These constraints inspire the design of
a unified self-adaptive meta-learning system that can integrate fast knowledge transfer, personalized intelligence,
continuous feedback optimization and efficient adaptation in dynamic problem-solving environments. The next section
introduces the proposed framework that can overcome these challenges by combining adaptive knowledge refinement with
meta-learning concepts to provide powerful, scalable, and personalized computational intelligence.

III.  PROPOSED SELF-ADAPTIVE META-LEARNING FRAMEWORK

Overall Architecture

The Self-Adaptive Meta-Learning Framework (SAMLF) is expected to be able to supply computational intelligence in an
environment of dynamic problems, where the characteristics of the problems, data distributions and user preferences are
continuously changing. In contrast to traditional learning architectures, which would have to be retrained from scratch
every time the context changes, the proposed architecture would continuously assess the performance of the system and
would adaptively add the required knowledge to the system via a feedback mechanism. This approach allows for fast
adaptation while still retaining knowledge built from past experiences, which helps to enhance learning efficiency and
computational stability.

The overall framework has six modules with different functions connected in a network: Data Acquisition, Data
Preprocessing, Meta-Learning Engine, Personalized Adaptation Module, Self-Adaptive Feedback Controller, and
Knowledge Memory Repository. First, the data collected from a variety of application domains are converted to a single
common feature representation by normalizing, extracting and reducing the dimensionality of the data. The resulting
features are then clustered into sets of support and query for each task in order to enable meta-learning. The Meta-Learning
Engine is the central element of the learning system, which finds common knowledge between different tasks instead of
learning each task separately. The engine doesn't try to learn the parameters of a given model but instead predicts an
initialisation for the model for subsequent tasks where few model parameters have been used for training. This can
substantially lower the computational complexity and enhance the abilities to deal with non-stationary environments.

The Personalized Adaptation Module further improves the learned representations with user-specific contextual
information and task-specific characteristics. Personalized feature weighting enables the framework to produce
personalized decision boundaries, without compromising on the global knowledge acquired from other tasks. The model
thus produces superior predictions with high generalisation performance across all types of applications.

The Self-Adaptive Feedback Controller continually checks the accuracy of the predictions following each iteration of
learning. If performance degradation due to concept drift and/or environmental variation is observed, the controller
dynamically modifies learning parameters rather than full retraining. The optimal parameters are then saved in the
Knowledge Memory Repository so they can be used in future tasks to gather knowledge and to avoid catastrophic
forgetting. Last however not least, the Decision Engine is capable of producing personalised predictions based on the new
knowledge base, appropriate for dynamic computational intelligence applications.

Let the complete training dataset be represented as

D= (x;,y);=1" (1)
where x; denotes the input feature vector, y; represents the corresponding target label, and N is the total number of
training samples.
The dataset is divided into multiple learning tasks

T=T,Ty...Ty )

where M denotes the number of meta-learning tasks.
Each task consists of a support set and a query set

T; = (5, Q) (3)

where S is used for local adaptation and Q; evaluates the adapted model.
The meta-learning model is initialized with parameter vector

0=10,0,..,0, “4)
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where p denotes the number of trainable parameters.
During task adaptation, model parameters are updated using

(:_')], = @ - aV@LS].(O)
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where « is the learning rate and sz represents the loss computed over the support set.

The overall objective of the meta-learning engine is formulated as

where, LQj denotes the query-set loss after task adaptation. Minimizing this objective enables the framework to learn

min XL, Lo, (67)

generalized initialization parameters that rapidly adapt to new tasks with minimal computational effort.

As shown in Figure 1, the proposed architecture is designed to form an intelligent closed-loop learning system by the
continuous interaction of the meta-learning engine, the personalized adaptation module, the feedback controller and the

knowledge repository, with the aim of solving the dynamic problem-solving environments efficiently.
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Fig 1. Overall Architecture of the Proposed Self-Adaptive Meta-Learning Framework (SAMLF) for Personalized
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Fig. 1 illustrates the overall architecture of the proposed Self-Adaptive Meta-Learning Framework (SAMLF) for
personalized computational intelligence in dynamic problem-solving environments. The framework begins with
heterogeneous data acquisition followed by preprocessing, including data cleaning, normalization, feature extraction, and
dimensionality reduction. The processed data are organized into task-specific support and query sets for the meta-learning
engine, which learns generalized model parameters across multiple tasks. A personalized adaptation module customizes
the learned knowledge using user-specific contextual information before generating predictions. The performance
evaluation unit continuously monitors model accuracy, and when degradation is detected, the self-adaptive feedback
controller updates the knowledge repository, enabling continual learning and improved adaptability without complete
model retraining, thereby ensuring robust and personalized decision-making.
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Meta-Learning Initialization

The Meta-Learning Engine is the basic element of the proposed SAMLF. It aims to acquire general knowledge from a
number of related tasks so that the model can easily and quickly adapt to unseen tasks after only a few optimisation steps.
The proposed framework is different from supervised learning, where the optimization is done on a single task, and multi-
task optimization of a model can enable effective transfer of knowledge while decreasing the need for a huge training set.
It is especially significant in a dynamic environment where new tasks arise constantly and data distributions are constantly
changing. The preprocessed dataset is first divided into several learning tasks which together form various operational
scenarios. For each task there is a set of supports for parameter adaptation and a set of queries for testing the ability of the
model to adapt. The proposed framework learns a shared parameter initialization which guarantees rapid convergence
across diverse tasks instead of independent modeling for each task.

The proposed framework minimizes the cumulative meta-objective, rather than minimizing the individual task losses
one at a time.

Lineta = (i) y=1L(Qj) (7)

This optimization approach allows the framework to learn an effective set of initial parameters that can be effective
across a variety of learning tasks, and minimizes the number of iterations needed to adapt the framework.

The global parameters are further optimized by the averaged meta-gradient across all query losses to improve
optimization stability. The global parameter update is defined as:

0<0- ,BV@Lmeta (8)

where B denotes the meta-learning rate controlling the convergence of the global optimization process.

The proposed initialization scheme has the following two merits. First, it reduces the computational burden of doing
full retraining if ever a new task is presented. Second, it keeps the transferable knowledge learned from tasks in the past,
thus enhancing learning efficiency under continuously changing environments. The parameters needed for the initialization
represent common features among the various tasks to be processed, thus only a small number of gradient updates are
needed to perform the adaptation and the framework is well suited for applications of computational intelligence in real
time. Task-specific learning and the global preservation of knowledge are other significant features of the proposed
framework. The local task adaptation module performs only temporary updates to its parameters during each iteration of
the meta-training while the global parameter vector is optimized based on aggregated task information. This hierarchical
optimization mechanism ensures that the algorithm is not overly specialized for any particular task, and still has good
generalization.

Moreover, the learned initialization parameters offer a strong base for the Personalized Adaptation Module which is
explained in the next subsection. The adaptive module starts with very general model parameters that can be used to learn
across multiple domains instead of beginning with randomly initialized weights. Hence, personalized learning needs fewer
optimization steps leading to less computational complexity and quicker convergence.

Personalized Knowledge Adaptation

Meta-learning allows rapid learning over a variety of different tasks but it doesn't explicitly consider differences in
user-specific information and user properties. Since this is a shortcoming, the proposed Self-Adaptive Meta-Learning
Framework includes a Personalized Knowledge Adaptation Module to adjust the generalized meta-learned parameters
based on the user's behavior, the required tasks, and the environment. The goal is to obtain feature representations that are
personalized while simultaneously retaining the transferable knowledge learned during meta-training.
Let the input feature vector obtained after preprocessing be represented as

x = {x1,%3, .., Xn} 9)

where n denotes the number of extracted features.
This personalized feature embedding is produced by combining the feature vector and the contextual information with
the embedding in the personalized way done through

z, = Wypx + by (10)

where W, denotes the personalized weight matrix and b, represents the bias vector corresponding to a particular user

or task context.
To highlight the features with high information, an adaptive attention mechanism uses normalized importance weights
as
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where w; denotes the attention weight assigned to the i*" feature, satisfying
imw; =1 (12)
The final personalized feature representation is computed as
hy = Tiy wiz(p, 1) (13)

where h,, represents the adaptive feature vector used for personalized decision generation.

This adaptation process is driven by the attention that it captures, thereby automatically emphasizing the salient features
while suppressing the redundant or less informative features. While existing personalization methods need to be retrained
when users' behavior shifts, the presented method can update the feature representation continuously by utilizing the
generalized parameters acquired during the meta-training. Therefore, computational complexity is decreased without
sacrificing the prediction accuracy. Another advantage of the proposed adaptation mechanism is that it is able to handle
heterogeneous user profiles without updating the overall model architecture. Personalization is achieved not by optimizing
the parameters, but by adaptive feature weighting, therefore the framework does not necessarily become computationally
heavy when applied to large-scale applications, such as those with many users or changing environments.

In this stage, the feature representation is customized, and this customized feature representation is input to the Self-
Adaptive Feedback Optimization module. The framework can be continuously evaluated for prediction performance to
detect changes in the environment, estimate concept drift, and tune model parameters on the fly in order to make strong
and stable decisions under variable operating conditions.

Self-Adaptive Feedback Optimization

Real-world environments are ever-changing, and intelligent systems need to continuously adjust when data
distributions, user preferences, and operational conditions change. The Personalized Knowledge Adaptation Module
produces context-dependent feature representations, but the prediction accuracy can deteriorate over time as a result of
concept drift, unobserved tasks or changes in the characteristics of the surroundings. To handle this problem, the proposed
Self-Adaptive Meta-Learning Framework consists of a SAFO module to continuously analyze the performance of the
model and adaptively adjust the model learning parameters without retraining the entire model.

The process of optimizing the feedback starts from the prediction phase. The output is compared to the desired output
and the prediction error is estimated. This error indicates the need for parameter refinement or not. The proposed strategy
only optimizes the network selectively after each iteration if a prediction error is greater than a pre-defined threshold, rather
than updating the entire network every iteration. This not only saves computation time, but also keeps the learning level
stable.

The prediction error is calculated as

e =Y — Vi (14)

where y, denotes the actual output and y; represents the predicted output at iteration t.
The overall prediction loss is evaluated using

1
Le = (5) ZXa O — 02 (15)
where N denotes the total number of samples considered during the current optimization cycle.
To detect environmental variations, the framework computes a drift score based on the variation between the current
loss and the previous optimization loss. The drift score is defined as
Dy = |L¢ — Ly (16)
where D, represents the estimated concept drift magnitude. Larger values indicate significant changes in the learning
environment requiring parameter adaptation.
The adaptive learning rate is dynamically adjusted according to the detected drift as

a; = ay(1 + AD,) 17)

where «, is the initial learning rate and A denotes the adaptation coefficient controlling the sensitivity of the
optimization process.
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Using the adaptive learning rate, the global model parameters are updated according to
Or11 = 0 — VgL, (18)

where 6, and 0, denote the current and updated parameter vectors, respectively.

Prediction Using Error Estimation Concept Drift Adaptive Learning
Input (Query Samples Personalized Model {Prediction Erroe) Detoction Rate Adjustment
from Current Task) (From Sec. 3.3) Drift Score:

=Y a, = ag (1 + ADy)
D=L~ Lr-1|

Output: ¥y

-

Parameter Update
6,y = 6, - a,Vgl,

Retain Previous v
Model
(No Update) Updated Model
(041)

E

St Knowledge
Validation of Updated Mode! | Partormance ™% L repotiton
(Using Recent Sampiles) Improved? (Updated Paramoters
and Experience)
m L]

B L L L T T ——

Feedback Loop for Continuous Adaptation
Fig 2. Workflow of the Proposed Self-Adaptive Feedback Optimization Mechanism for Continuous Model Adaptation.

The overall workflow of the proposed SAFO mechanism integrated into the Self-Adaptive Meta-Learning Framework
is shown in Fig. 2. It starts with the prediction step by the personalized model, then the estimation of the prediction error
and the computation of the prediction loss. A concept drift detection unit analyzes the changes in the prediction loss and
decides if the drift is greater than a set threshold. The adaptive learning rate will be dynamically adjusted if a significant
drift is detected, and the model parameters will be updated. The new model is tested with new task samples and placed in
the knowledge memory repository. If not, the previous model is used. This closed-loop optimization approach allows for
continuous learning, retention of the previously learned content, avoidance of repeated training, and better long-term
predictions and robustness in problem-solving environments.

In contrast to traditional optimization methods that set up a fixed learning rate for the entire training, the suggested
feedback mechanism enhances the adaptations when big changes in the environment are identified. In contrast, if the drift
is still small, the learning rate is lowered to prevent any needless fluctuations of the parameters and to keep previously
learned information. This adaptive optimization approach helps to achieve learning stability and responsiveness in an
effective way. The feedback controller also uses an iterative validation process to guarantee that the changes in the
parameters actually enhance the prediction. At the end of every cycle of optimization, the new model is tested with more
current sets of tasks. The prediction accuracy is improved, the optimized parameters are accepted and passed to Knowledge
Memory Repository. If not, the last parameter setting is preserved and no degradation due to unstable updates occurs.

Another benefit of the suggested feedback optimization approach is that of its computational efficiency. The framework
keeps away from end-to-end retraining, which is repeatedly accomplished, as a result of parameter updates being solely
executed when concept drift is detected, thus lowering the time and energy costs. Therefore, the proposed model is
appropriate for resource-constrained intelligent systems like edge computing devices, Internet of Things platforms,
autonomous vehicles, smart healthcare systems and industrial cyber-physical systems. The optimized parameters obtained
in the Self-Adaptive Feedback Optimization module are then saved in the Knowledge Memory Repository, allowing the
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framework to retain past learning experiences and adapt quickly to new tasks. This process of learning and building
knowledge greatly improves the learning ability over time, and undoubtedly provides the groundwork for the final
generation of decisions in the following subsection.

IV.  RESULTS AND DISCUSSION

The proposed SAMLF was tested for effectiveness with respect to addressing personalized computational intelligence
tasks in dynamic problem-solving environments. The experimental analysis was conducted to assess the prediction
performance, adaptation capability, computational efficiency, robustness to concept drift, and learning stability of the
proposed methods. To perform a comprehensive evaluation, the proposed framework was compared with some
representative baseline methods such as Support Vector Machine (SVM), Random Forest (RF), Deep Neural Network
(DNN), Long Short-Term Memory (LSTM), and Model-Agnostic Meta-Learning (MAML). Several quantitative
performance evaluation parameters including Accuracy, Precision, Recall, F1-Score, Area Under the Curve (AUC),
Matthews Correlation Coefficient (MCC), adaptation time and computational overhead were taken into account. Apart
from numerical comparison, four qualitative analyses were conducted: visualization of decision boundaries, covariance
ellipsoid analysis, projection of feature embedding, convergence behaviour and concept drift adaptation, as well as a
comparison of the performances of the different metrics. In order to make a fair comparison between different approaches,
all experiments were carried out under the same experimental conditions with Python 3.11, and the scientific computing
libraries Scikit-learn, NumPy, Matplotlib were used. The reported results are averaged over multiple experimental runs to
reduce random variations and yield statistically significant evidence of the effectiveness of the proposed framework to
rapidly adapt to changing tasks while retaining high predictive accuracy and computational efficiency.

Table 1. Quantitative Performance Comparison of the Proposed SAMLF with Existing Computational Intelligence

Models
. . Inference
Accuracy | Precision | Recall | F1-Score Adaptation .

Method (%) (%) (%) (%) AUC | MCC | Kappa Time (ms) {rlnnsl)e
SVM 90.84 89.76 89.21 89.48 0.915 | 0.812 | 0.804 18.4 4.8
Random Forest 92.15 91.48 91.02 91.25 0.931 | 0.836 | 0.829 16.8 52

Deep Neural
Network (DNN) 94.38 93.95 93.42 93.68 0.951 | 0.879 | 0.871 14.6 6.4
LSTM 95.26 94.88 94.31 94.59 0.962 | 0.891 | 0.885 13.5 6.8
MAML 96.41 95.97 95.62 95.79 0.973 1 0.914 | 0.909 9.4 5.6
Proposed

SAMLE 98.37 98.11 97.92 98.01 0.991 | 0.962 | 0.958 6.3 4.2

The proposed SAMLF is compared to five commonly used computational intelligence models in terms of their
predictive performance in Table 1. The proposed framework consistently outperforms the other algorithms across all the
evaluation metrics and shows their effectiveness in learning generalized but personalized representation under dynamic
environment. Compared with MAML, the accuracy of SAMLF is 98.37% while conventional deep learning models'
accuracy is below 94.39%. The same improvement is seen in other classification metrics such as Precision, Recall, F1-
Score, AUC, MCC and Cohen's Kappa which show greater reliability of classification and consistency of prediction.
Moreover, the proposed method needs only 6.3ms to adapt tasks, which is the least adaptation time among all the compared
methods. The shortened inference time again demonstrates the computational efficiency of the self-adaptive learning
strategy, which makes it highly suitable for real-time personalized computational intelligence applications in ever-changing
environments.
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Fig 3. Decision Boundary Comparison of LDA, QDA, and the Proposed SAMLF.
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In Fig. 3, the decision boundaries of Linear Discriminant Analysis (LDA), Quadratic Discriminant Analysis (QDA),
and the proposed Self-Adaptive Meta-Learning Framework (SAMLF) are compared with a synthetic dataset with 2-class
classification problems. LDA finds a linear decision rule, which is only appropriate for linearly separable classes and
doesn't reflect the nonlinear shape of the classes. QDA introduces a quadratic boundary that takes class specific covariance
into account to improve class separation but still suffers from misclassification in areas where the distributions overlap.
The proposed SAMLF, on the other hand, proposes a more adaptive and flexible decision boundary, which is closer to the
intrinsic data distribution. The localized adaptation mechanism allows the framework to more accurately classify complex
patterns, and shows improved generalization and robustness in dynamic problem solving scenarios.
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Fig 4. Covariance Ellipsoid Analysis Before and After Personalized Knowledge Adaptation.

The covariance ellipsoid distribution of the feature space is shown in the Fig. 4 before and after the implementation of
the proposed Personalized Knowledge Adaptation module. As can be seen in the initial feature representation, the
covariance ellipsoids are still relatively large in size and there is some overlap between the two classes, which would
indicate that there is a lot of variance within the classes and not much discriminative power. After personalized adaptation
the feature vectors are adapted by adaptive weighting to form more compact covariance ellipsoids centered around class
means. The proposed framework achieves good feature separation and reduced spread, indicating that the framework is
effective in reducing feature redundancy while maintaining class-specific features. This adaptive transformation allows to
increase the discriminability of the features, to set more accurate decision boundaries, and to increase the robustness of the
model for user-specific data and dynamic operating conditions. The covariance analysis confirms the efficiency of the

suggested personalization strategy in generating stable and well-ordered representations of features to support intelligent
decision making.

Table 2. Computational Complexity and Resource Utilization Comparison of the Proposed SAMLF with Existing

Models
Trainable | oy b0 | Training | Memory | CPU | Model | Conver | g 4o
Method Parameters (x109) Time (s) Usage Utilizati Size gence Score (%)
(x10%) (MB) | on(%) | (MB) | Epochs ’
SVM 14.8 426 31.8 42 58.3 2.6 118 84.1
Random 36.2 8.95 46.7 61 63.9 5.4 96 87.5
Forest
Deep
Neural 512.4 62.8 185.6 238 78.4 18.9 72 90.3
Network
(DNN)
LSTM 684.7 81.5 214.8 276 82.6 23.5 65 91.8
MAML 548.9 70.3 162.4 221 75.8 19.4 48 94.6
Proposed
SAMLE 432.6 54.1 128.9 184 69.7 15.8 36 98.4
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Table 2 compares the computation complexity and resource consumption of the proposed SAMLF with the traditional
machine learning and deep learning. SAMLF also has the modules of adaptive meta-learning and personalization; however,
SAMLF does not need as many trainable parameters as DNN, LSTM, and MAML do, nor does it have to be as complex.
The framework achieves about 54.1 Million FLOPs which is around 23% lesser than MAML and significantly less than
LSTM, leading to quicker model optimisation. The scheme is also shown to be effective in the sense that the proposed
framework also convergences within 36 epochs. Additionally, lower memory utilization (184 MB) and smaller model size
(15.8 MB) suggest enhanced deployment efficiency. The highest scalability score of 98.4% verifies that SAMLF
successfully achieves a balance of computational efficiency, learning stability and adaptability, making it suitable for large-
scale and resource-constrained intelligent applications.
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Fig 5. t-SNE Feature Embedding Visualization Before and After Personalized Knowledge Adaptation.

To visualize the learned feature representations before and after applying the proposed Personalized Knowledge
Adaptation module in the SAMLF, we use a two-dimensional t-SNE in Fig. 5. The feature space for the projected feature
class shows clear overlaps between the different classes before adaptation, which means that the discriminative ability is
limited and the intra-class variance is high. Following the application of the proposed personalization strategy, the feature
embeddings are more compact and clearly distinguishable between the classes, showing improved class discrimination and
reduced feature ambiguity. The improved cluster structure suggests that the automatic weighting process is able to maintain
class-specific features while reducing redundant feature variations. The resulting high level feature representation thus
ensures more accurate classification, faster learning rates and more robustness to dynamic variations in data distributions.
The observations confirm that the proposed personalization mechanism can effectively learn highly discriminative and
generalized feature embedding for intelligent decision-making in an evolving environment.
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In Fig. 6, the convergence learning behaviors of proposed SAMLF is compared to others, including SVM, Random
Forest, DNN, LSTM, and MAML, over 100 training epochs. The conventional machine learning models have shown to
converge slower and get stuck at relatively low validation accuracies, whereas deep learning models have shown that they
need more epochs to reach their satisfactory performance. The convergence rate and final accuracy of the MAML is less
than the proposed framework, but it adapts faster than traditional methods. On the other hand, SAMLF consolidates quickly
in the first epochs of training and also has the best validation accuracy with the least of variance. The smooth convergence
profile shows that the generalized parameter initialization, personalized knowledge adaptation and self-adaptive feedback
optimization is effective in accelerating the learning process while keeping the stability of the system. These findings
validate the proposed framework to increase the convergence efficiency, decrease the optimization time and increase the
performance of generalization in dynamic computational intelligence environments.

Table 3. Robustness Evaluation under Dynamic Problem-Solving Environments

Noise Con?ept Missing Task . | Personaliz | Stabilit Gen?rall Dyl}amlc
Drift Data Adaptati . zation Environm
Method | Robustne . ation y
s (%) Adaptati | Recover | on Rate Score (%) | Index Error ent Score
on (%) Y (%) (%) (%) (%)
SVM 85.42 82.18 84.36 83.71 80.24 0.861 7.84 84.15
Random | ¢q o7 86.95 87.42 87.88 84.79 0.889 6.91 87.46
Forest
Deep
Neural 91.54 90.37 90.82 91.45 89.63 0.921 5.38 91.22
Network
(DNN)
LSTM 93.16 92.48 92.35 93.18 91.72 0.936 4.76 93.08
MAML 95.48 9591 94.86 96.24 95.18 0.962 3.58 96.03
Proposed
SAMLF 98.24 98.83 97.96 98.57 98.41 0.988 1.84 98.76

Table 3 assesses the effectiveness of the proposed SAMLF in dynamic problem solving. SAMLF outperforms the
conventional machine learning, meta-learning, and deep learning approaches on all the robustness-related metrics. The
resulting framework can be seen to have the highest Noise Robustness (98.24%) which implies that the framework is
capable of making reliable predictions despite the input perturbations. Also, the Concept Drift Adaptation score of 98.83%
validates the self-adaptive feedback optimization module and its ability in quickly adapting itself to changes in data
distributions. The proposed model also demonstrates the best Task Adaptation Rate (98.57%) and Personalization Score
(98.41%), which signifies efficient knowledge transfer along with the retention of user specific features. Moreover, the
Generalization Error is achieved as 1.84%, which is much less than the other methods. The overall Dynamic Environment
Score of 98.76% validates the effectiveness of the proposed architecture and shows that the SAMLF can provide stable,
adaptive and personalized computational intelligence in continuously changing environments.
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The adaptation performance of the proposed SAMLF and baseline models under the simulated concept drift scenario
is shown in Fig. 7. All models have relatively stable prediction accuracy before the concept drift event; The proposed
framework always has the highest accuracy. The various approaches have significantly diminished prediction accuracy at
the drift point because of shifts in the data distribution. This recovery is a slow process and it takes a few iterations for
them to gradually get back on track. However, the proposed SAMLF has less impact on the accuracy and quickly recovers
its performance by using the Self-Adaptive Feedback Optimization mechanism. The frame work is able to adapt to the
changes of the environment and continuously update and improve knowledge by adjusting learning parameters. The results
prove the stability, adaptability, and long term learning power of the proposed framework in dynamic problem solving
environments, showing an excellent recovery rate and a high level of accuracy in the predictions made.

Overall Performance Comparison [———
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Fig 8. Overall Performance Comparison of the Proposed SAMLF and Baseline Models Across Multiple Evaluation
Metrics.

Fig. 8 presents a comprehensive radar chart comparing the overall performance of the proposed Self-Adaptive Meta-
Learning Framework (SAMLF) with SVM, Random Forest, DNN, LSTM, and MAML across eight key evaluation metrics,
namely Accuracy, Precision, Recall, F1-Score, Adaptation Rate, Robustness, Scalability, and Computational Efficiency.
The proposed SAMLF consistently achieves the largest enclosed area, indicating superior and well-balanced performance
across all considered criteria. While conventional machine learning models demonstrate competitive performance in
selected metrics, they exhibit limitations in adaptability and robustness. Deep learning and meta-learning approaches
improve prediction accuracy; however, their computational complexity and scalability remain comparatively constrained.
In contrast, the proposed framework effectively integrates generalized meta-learning, personalized knowledge adaptation,
and self-adaptive feedback optimization to achieve high predictive accuracy, rapid task adaptation, enhanced robustness
against dynamic environmental changes, and efficient resource utilization. The radar chart provides a holistic visualization
of the proposed framework's balanced capabilities, validating its effectiveness as a reliable computational intelligence
solution for dynamic problem-solving environments.

V. CONCLUSION

This paper introduced a Self-Adaptive Meta-Learning Framework (SAMLF) for personalized CI in dynamic problem-
solving environments. The presented approach combines the concepts of meta-learning with personalized knowledge
adaptation and an adaptive feedback optimization mechanism within a single framework, which can quickly adapt to new
tasks and retain previous knowledge. In contrast to traditional machine learning and deep learning methods that require
frequent retraining, the proposed framework is able to continuously adapt its learning parameters in response to feedback
from the environment, which enhances adaptability, computational efficiency, and the stability of long-term learning. An
additional contextual information is included in the personalized adaptation module, which further aids in decision making
without affecting the generalization capability of the framework, thereby predicting personalized results. The proposed
framework was evaluated comprehensively in experiments across different performance metrics such as predictive
accuracy, convergence, computation efficiency, robustness to concept drift, scalability, and resource utilization, and proved
its effectiveness in all. The results of these comparisons revealed that SAMLF outperformed the other algorithms in terms
of classification performance, convergence speed, computational cost and robustness to changes in the dynamic
environment. The capability of the proposed architecture to learn compact and discriminative feature representations and
that of stable optimization is further validated through visual analyses using decision boundary comparison, covariance
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ellipsoid visualization, feature embedding projection, learning convergence, concept drift adaptation and multi-metric
performance evaluation. The proposed framework will be extended to multimodal data fusion, federated and distributed
meta-learning, explainable computational intelligence and resource-aware edge computing platforms in the future.
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