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The software systems today are highly dynamic and uncertain and hence reliability is a
major challenge. Conventional methods can be extremely inefficient in adapting to the new
environment resulting in the deterioration of performance and system malfunctions. The
paper suggests a_Self-Adaptive Software Reliability Framework based on Generative
Learning Models that combine reinforcement learning, generative artificial intelligence,
and continuous feedback to optimize system adaptability and reliability. The proposed
framework uses real-time monitoring, intelligent decision-making, and automated
adaptation to ensure optimal system performance. Generative learning models are also used
to produce adaptive strategies, allowing the system to cope with unseen scenarios and
enhance resilience. Moreover, reliability indicators like failure rate, availability, and
performance are also included to measure and optimize system performance. Experimental
testing on simulated datasets shows that the given framework is more reliable and adaptable
than the conventional machine learning, deep learning, and AutoML methods. The findings
show the usefulness of integrating self-adaptive systems and generative learning models to

create strong and intelligent software systems.

1. INTRODUCTION

longer possible to do manual monitoring and

Software systems have been getting more
complicated in recent years with the fast expansion of
cloud computing, cyber-physical systems and large-scale
distributed applications [1]. Such systems work in very

dynamic and uncertain environments, where it is no

maintenance [2]. Consequently, the need to have
self-adaptive software systems, which are capable of
automatically adapting their behavior according to the
prevailing circumstances to sustain their operation and

reliability, is increasing [3]. Self-adaptive systems are

30 International Journal for Modern Trends in Science and Technology


http://www.ijmtst.com/vol12issue01.html
https://doi.org/10.5281/zenodo.19619153
mailto:rachaganesh555@gmail.com
https://doi.org/10.5281/zenodo.19619153
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.5281/zenodo.19619153
http://www.ijmtst.com/

based on the feedback control mechanisms including
MAPE-K (Monitor-Analyze-Plan-Execute over a shared
Knowledge base) loop used to monitor the performance
of the system in order to adjust it accordingly [4].
Industrial automation, energy systems, and cloud
computing are just but a few examples where these

systems are widely applicable and performance,

[5].

Nevertheless, conventional adaptation methods that are

robustness and reliability are paramount

based on rules are usually restricted in addressing
complex and unpredictable situations [6]. The use of

generative Al for self-adaptive system is shown in Figure
1

Managing system
Shared Knowledge
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—st‘tem—{ Managed system  —adapt—
e R 4 control flow
y - . data flow
—context— Environment ETYTTEE

Fig 1: Generative Al for Self-Adaptive Systems

To address these shortcomings, machine learning and
reinforcement learning methods have become more and
more involved in self-adaptive systems [7]. Rajasekhar et
al. (2025) emphasized the success of reinforcement
learning in process control setting, allowing systems to
dynamically learn the best adaptation strategies [8]. In
the same vein, El-Khatib et al. (2025) and Cheng et al.
(2025) revealed how smart and RL-based controllers
could enhance the performance and adaptability of a
system in a challenging environment. These methods
enable systems to gain knowledge out of data and keep
on enhancing their ability to make decisions [9].

As a software engineer, integrating machine
learning into software systems presents new challenges
in terms of reliability, robustness, and quality assurance
[10]. Wan et al. (2021) explained the impact of machine
learning in transforming the conventional approach to
software development and how it is essential to
constantly monitor and validate it. As also noted by
Al-Nima et al. (2021), it is crucial to provide deep

reinforcement learning models with robustness to be

able to guarantee the reliability of system behavior in the
context of uncertainty. Besides machine learning,
Generative Al models have also created opportunities to
further automate system adaptation and
decision-making. Li et al. (2024) examined the generative
Al role in self-adaptive systems and suggested it to be
used in dynamic model generation and optimizing the
system. Seth et al. (2025) showed the benefits of
generative Al-based automation in terms of performance
and operational efficiency in the cloud infrastructure.
These advancements indicate that generative learning
models can play a crucial role in improving the
adaptability and

systems [11].

intelligence of modern software

In spite of these developments, the current
research is more concerned with performance and
robustness [12], whereas, extensive features of reliability
like explainability [13], fairness and sustainability are
understudied [14]. In addition, there is no common
framework that can combine self-adaptive mechanisms
and generative learning models to provide end-to-end
software reliability [15]. Thus, the paper suggests a
Self-Adaptive Software Reliability Framework Using
Generative Learning Models that would integrate the
principles of adaptive control, machine learning
methods, and generative Al to improve the reliability of
the system. The suggested framework is aimed at the
continuous monitoring, smart adaptation, and in-depth
quality assessment to overcome the drawbacks of the
current methods.

Contemporary software systems are highly
dynamic, uncertain and continuously changing systems,
the fields of

cyber-physical systems and large scale distributed

especially in cloud computing,
applications. Software reliability is becoming more
difficult to maintain in such environments because of
factors like the variation in workloads, environmental
variability, and complexity of the systems [16]. Software
reliability methods that are traditional, based on the use
of pre-defined rules and models, cannot adapt to these
changes in real time. Consequently, such systems tend to
degrade in performance, have higher failure rates, and
fail to be available when subjected to unexpected
conditions [17]. Despite the introduction of self-adaptive
systems to overcome these issues by employing
feedback-based the

MAPE-K loop, current methods are mostly rule-driven

system strategies, including
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and do not adequately adapt to complex, uncertain, and
[18]. More

developments in machine learning and reinforcement

previously unknown situations recent

learning have allowed systems to learn adaptive
strategies based on data, but these methods are only
designed to help optimize and achieve better
performance, and not to ensure overall reliability [19].
Moreover, the weaknesses of learning-based
lack of

explainability, and vulnerability to concept drift, which

models are usually robustness, low
may have adverse effects on long-term stability of the
system [20]. Moreover, generative artificial intelligence
has resulted in new opportunities of automated
decision-making and dynamic strategy formation.
Nevertheless, existing studies do not have a coherent
model that can be used to comprehensively combine
generative learning models and self-adaptive processes
to deliver end-to-end software reliability [21]. The
majority of the current solutions lack a coordinated
approach to tackle such vital areas of reliability as failure
prediction, adaptive response, system availability, and
continuous performance evaluation [22]. Thus, the
necessity to implement a complex and intelligent system
uniting self-adaptation principles and generative
learning abilities to promote the software reliability
within dynamic settings is urgent [23]. This framework
must be able to sustain constant monitoring, proactive
response [24], uncertainty management [25] and system
stability as time goes by and deal with issues like
concept drift, unpredictable system behaviors, and
changing operational environments.
Research Objectives
The main objectives of this research are:

1. To create a self-adaptive software reliability
model on the principle of feedback control
mechanisms like MAPE-K.

2. To

strategies  in

incorporate the reinforcement learning

intelligent and  dynamic
decision-making in software systems.
3. To

automatically generate adaptive strategies and

add generative learning models to
manage unseen situations.

4. To come up with mechanisms of continuous
monitoring and real time adaptation to system

performance and environmental conditions.

5. To handle drift
long-lasting stability of the

concept and guarantee
system using

adaptive learning methods.

6. To measure system reliability by key
performance  metrics like failure rate,
availability, accuracy, precision, recall and
Fl-score.

7. To contrast the suggested framework with the
current machine learning, deep learning, and
AutoML methods regarding reliability and
adaptability.

8. To increase the robustness, scalability and
efficiency of overall

systems in dynamic

software environments.

2. LITERATURE SURVEY
The

received a lot of focus because they can automatically

self-adaptive software systems have
observe, analyze and modify the behavior of the system
in a dynamic environment. These systems are usually
based on feedback control processes, like the MAPE-K
loop, to ensure performance and reliability of the
systems without having to control the systems manually.
The growing sophistication of contemporary software
systems and, in particular, in cloud and cyber-physical
settings, dictates the need to implement intelligent
learning models in making adaptive decisions. Recent
research has highlighted how reinforcement learning
(RL) and machine learning methods can be used to
facilitate self-adaptive control. This study is a survey of
reinforcement learning in process control, wherein
Rajasekhar et al. (2025) emphasized the effectiveness of
reinforcement learning in dynamic decision-making and
system optimization. On the same note, El-Khatib et al.
(2025) came up with smart controllers of a multi-input
multi-output system that exhibited a better adaptability
and finer control accuracy. Cheng et al. (2025) also
verified the effectiveness of RL-controllers in energy
systems, obtaining high efficiency and stability in
different conditions.

In software engineering terms, Wan et al. (2021)
studied the way machine learning changes the software
development processes, specifically in the area of
automation and the decision support. Al-Nima et al.
(2021) concentrated on strong and efficient deep
reinforcement learning models as essential elements of
assuring software

dependability in unpredictable
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conditions. All these works underscore the fact that
the
attainment of adaptive and reliable system behavior.
(2020)  has

investigation into the notion of self-adaptive systems

learning-based models are critical towards

Weyns conducted a comprehensive
and presented a systematic review of engineering
principles of adaptive software. Zhang et al. (2021)
proposed a meta-reinforcement learning method of
self-adaptive systems to allow systems to learn
adaptation strategies in real-time. Gheibi and Weyns
(2022) expanded this idea to lifelong learning in which
systems constantly change according to the changes of
the environment. Moreover, Calinescu et al. (2018)
highlighted assurance cases as a way of achieving
trustworthiness and reliability in self-adaptive software
systems.

There has also been extensive research on
quality and reliability of machine learning-based
software. Pahl and Azimi (2021) have talked about
building reliable data-based software systems, stating
that it is difficult to ensure reliability when incorporating
ML components. Pahl (2023) also revealed research
problems of machine learning-generated software, such
as the problem of wvalidation, monitoring, and
continuous adaptation. Langford and Cheng (2021)
the the

learning-enabled systems and suggested predictive

discussed issue of uncertainty in
methods to make adaptive environment more reliable.
Concept drift and changes in the environment is another
important area of self-adaptive systems. A study by
Barros and Santos (2018) performed a large-scale
comparison of drift detection methods and showed that
they are important in ensuring model accuracy as time
passes. Minku and Yao (2012) suggested the idea of
ensemble-based solutions to address the changing data
(2019) developed

automated drift detection solutions to predictive model

streams, and Cerquitelli et al.
degradation. The studies emphasize the need to monitor
and modify to achieve long-term stability of the system.

Due to the advent of Generative Al, there are
now new possibilities when it comes to creating
(2024)

implementing

intelligent self-adaptive systems. Li et al
detailed

generative Al into self-adaptive systems focusing on its

presented a roadmap of

opportunity to automate decision-making and optimize
the system. Likewise, Seth et al. (2025) investigated the

potential of generative Al-based automation in a

multi-cloud  setting, where they found faster
performance, scalability, and efficiency of the system.
These publications point to the fact that the generative
learning models can contribute to the adaptability and
reliability of current software systems to a considerable
extent. Although such improvements have been made,
most current research concentrates on performance and
robustness measures, and little focus has been given to
more comprehensive measures of reliability, including
explainability, fairness, sustainability. Furthermore, it is
still a relatively unexplored field to implement
generative learning models into self-adaptive software
reliability frameworks. Thus, an integrated framework
comprising of self-adaptive, reliability and generative
learning methods is needed to help overcome these
problems. The limitations of the traditional models are
presented in Table 1.

Table 1: Limitations of Traditional Models

Re [Author | Model Dataset Used |Evaluati | Limitations of
f. | (89& Used on Traditional
Citatio Metrics Models
n
[1] [Rajase |Reinforce |Literature-based |Compar [Lacks
khar et |ment ative implementation
al. Learning analysis |-specific
(2025) |(Survey) validation; no
CI/CD or
real-time
pipeline
modeling
[2] |El-Kha [Intelligent (Simulated Control [Not applicable
tibet  MIMO control system  |accuracy |to software
al. Controller |data , pipelines;
(2025) s stability [ignores
(Al-based) stochastic
CI/CD
workflows
[3] [Cheng |RL-based |Experimental/si |Efficienc |[Domain-specifi
et al. DC-DC mulation data Y, c; not
(2025) |Converter response (generalized to
Control time software
reliability or CI
systems
[4] (Wanet [ML-drive |Empirical Producti [Does not
al. n Software |software vity, provide formal
(2021) |Developm |engineering quality  [reliability or
ent data metrics  [probabilistic
Analysis modeling
[5] [|Al-Ni  |Deep Benchmark Robustn [High
maet |[Reinforce |datasets ess, computational
al. ment perform |cost; lacks
(2021)  |Learning ance integration with
Model metrics  [structured
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reliability
models
[6] [Weyns |[Self-Adap [Conceptual Qualitati [No predictive
(2020) |tive ve analytics; lacks
Systems evaluati [real-time failure
Framewor on prediction
k
[7] |Zhang [Meta Simulation data [Adaptati |Limited
et al. Reinforce on scalability; not
(2021)  |ment efficienc |applied to
Learning Y, CI/CD
for learning |reliability
Self-Adap rate
tive
Systems
[8] |Gheibi |Lifelong Experimental/si [Adaptati |Does not
& Machine |mulationdata  |on address CI/CD
Weyns |Learning perform |pipelines; lacks
(2022) |for ance probabilistic
Self-Adap workflow
tation modeling

3. PROPOSED METHODOLOGY
The research design proposed is a self-adaptive software
reliability system based on generative learning models.
The framework incorporates the aspect of monitoring,
learning, adaptation and evaluation of reliability in a
continuous loop of feedback. The system gathers
real-time data on the software environment, such as
performance measures, error rates, and resource usage.
These inputs are checked to determine the behavior of
the system and determine deviation against the
anticipated performance of the system. The adaptive
mechanism will mean that the system is dynamically
adaptive to the changes of the environment, and thus
enhance reliability and robustness.

In order to model the system behavior, we can define the
software system state at time t as St and action by the
The

adaptive controller as A response of the

environment is denoted by Se1.
Ser1 = f(Sp Ap Eo)

where E: represents environmental conditions and
uncertainties.

The framework uses reinforcement learning (RL) to
facilitate intelligent decision-making. The controller is
used to learn an optimal policy by maximizing
cumulative rewards based on system performance and
reliability. The reward feature will be created to use

reliability measures like accuracy, failure, and response

time. This enables the system to keep on enhancing its
adaptation strategy in line with feedback.
The RL model aims at maximizing the cumulative

reward.
Q(St, Ap) = Ry + ymax Q(S¢41,Acs1)

R:is the reward at time t and vy is the discount factor.

Generative learning models are incorporated into the
framework in order to increase the adaptability. These
models create new adaptation strategies and
configurations using the previous data and learned
patterns. Generative Al is able to investigate previously
undiscovered scenarios and offer proactive solutions
unlike traditional models, enhancing system resilience.
The generative element collaborates with the RL agent to
propose the best configuration and system changes.

The probability

distribution of system configurations:

generative model estimates the

n
P(X) = HP(xi [ X1,%X5,.+,Xj-1)
i=1

where X represents is the adapted strategy developed.
The framework also integrates the measurement of
reliability evaluation to evaluate the performance of the
system. These metrics are reliability score, failure
probability and system availability. Constant monitoring
will keep the system at an acceptable level of
performance and initiate the process of adaptation in
case deviations are identified.
The system can be described as being reliable as:

R(t) = e

A is the failure rate and t is time.

The concept drift detection mechanisms are incorporated
in the framework to address dynamic environments.
These processes detect variations in the distribution of
the data and update the models of learning. This makes
it so that the system will be accurate and reliable in the
long run either in a non-stationary environment.

The drift detection condition can be defined as:
| Pi(X) — Py (X) 1> 8

and 0 is a predetermined significance level to identify
important changes.

Lastly, the whole system is embedded in closed-loop
feedback architecture, with monitoring, learning and

adaptation that continuously take place. This guarantees
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real time optimization of system performance and
reliability. The combination of generative models and
reinforcement learning allows the proactive and
intelligent adaptation, which makes the system more
stable and effective than using the traditional methods.
Algorithm:  Self-Adaptive  Software Reliability
Framework
Input:
e System state data S
e Environment data E
e Historical dataset D
e Threshold values §, reliability limits
Output:
e Optimized system actions
e Improved reliability score
Steps:
1. Initialize system state Sy, policy m, and model
parameters
2. Collect real-time system data (performance,
errors, resources)
3. Monitor system behavior continuously
Evaluate reliability metrics (failure rate,
response time)
Apply reinforcement learning to select action A,
Generate adaptive strategies using generative
model
7. Update system configuration based on selected
action
8. Calculate reward based on system performance

9. Update Q-values and policy

10. Repeat until system stabilizes:
o Observe new state Si;4
o Detect concept drift
e  [If drift detected — retrain/update model
e Recalculate reliability
e Adjust actions dynamically
End Condition:
e System reaches optimal reliability

¢ No significant drift detected

4. RESULTS AND DISCUSSIONS

The Self-Adaptive Software Reliability Framework
based on Generative Learning Models was tested on
simulated data to compare its performance with
currently used methods of Reinforcement Learning (RL),
Machine Learning (ML), Deep Learning (DL) and

AutoML models. Evaluation will be based on the main
performance indicators such as accuracy, precision,
recall, F1-score, and reliability. The findings indicate that
the suggested framework is capable of adjusting to the
dynamic environments and ensuring stable system
performance.

Fig. 2 shows the comparison of accuracy of various
models. As can be seen, the proposed model is
competitive in accuracy with the traditional methods.
The proposed framework has more stable and adaptive
performance because, although deep learning models

exhibit a little higher accuracy in some instances, they

combine generative learning and self-adaptative
mechanisms.
Accuracy Comparison
94
92 1
90 -
S
& 88 1
&
=5
o
2 86
84
82 4
Proposed RL Model ML Model DL Model AutoML
Models

Fig 2: Accuracy Comparison of Different Models
The precision evaluation presented in Fig. 3 clearly
demonstrates that the proposed model has a balanced
accuracy in various contexts. In contrast to traditional
ML and RL models, which can be subjected to changes in
the environment and thus become inaccurate in their
predictions, the proposed framework guarantees the
same quality of predictions by adapting to changes and

learning constantly.
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Precision Comparison

95.0 A

92.5 A

90.0 A

87.5

85.0

Precision (%)
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80.0

77.5
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ML Model DL Model AutoML

Models

T T
Proposed RL Model

Fig 3: Precision Comparison of Different Models

As shown in Fig. 4, the performance of recall, indicates
that the proposed system can accurately detect the
presence of system states and anomalies that are of
interest. The greater the recall values, the greater the
fault detecting ability, which is vital in enhancing
software reliability. The combination o generative
models helps the system to predict the possible failure,
thus improving the performance of recall..

Recall Comparison

88 1
86 1
84
— 824
bl
E 80 4
[7]
-4
78 A
76
74 1
72 1
T T T T T
Proposed RL Model ML Model DL Model AutoML
Models

Fig 4: Recall Comparison of Different Models
The balance between precision and recall can be viewed
by comparing the F1-score in Fig. 5. The proposed model
has a high F1-score, which means that the model reduces
false positives and false negatives. This balance plays a
vital role in ensuring the behavior of systems is reliable

in real-time applications.

F1 Score Comparison

90
88
86
— 844
S
£ 82-
[}
w
—
(15 80 -
78
76 1
74 4
T T T T T
Proposed RL Model ML Model DL Model AutoML
Models

Fig 5: F1-Score Comparison of Different Models
Lastly, the reliability analysis presented in Fig. 6
confirms that the proposed framework is better than the
current models in ensuring system stability in the long
run. The reliability measure takes into account failure
rates and system availability and the findings show that
the suggested methodology is significant in minimizing
system failures by using adaptive learning and proactive
changes.

Reliability Comparison

95.0

92.5

90.0

87.5 1

Reliability (%)

85.0

82.5 1

80.0

T T T
ML Model DL Model AutoML

Models

T T
Proposed RL Model

Fig 6: Reliability Comparison of Different Models
In general, the experimental findings indicate that the
proposed framework is a strong and dynamic solution to
software reliability. The combination of reinforcement
learning and generative Al offers continuous
improvement and dynamic adaptation, unlike the
traditional methods that are based on the use of static
models. The fact that concept drift can be identified and
the system behavior can be modified in real-time is
another benefit that contributes to the efficiency of the

suggested framework.
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5. CONCLUSION
This paper has presented a Self-Adaptive Software

Reliability Framework based on Generative Learning
Models to deal with the issue of ensuring reliability in
dynamic and uncertain software environments. It
involves the combination of reinforcement learning,
generative Al, and continuous feedback to make the
system adapt intelligently and autonomously. The
suggested solution is effective because it improves
performance of the system by constantly observing the
system behavior, identifying changes and implementing
adaptive measures as reliability is maintained. The
incorporation of generative learning models enables the
system to seek out new adaption strategies and be able to
manage unseen situations. Moreover, the consideration
of reliability measures like failure rate, availability, and
performance guarantee a thorough assessment and
enhancement of the quality of the system. The results of
that

is more reliable and balanced

the experiment have shown the proposed

framework in its
performance than the traditional machine learning and
deep learning frameworks. The concept drift and
dynamic model updating capability also helps in
amplifying the robustness of the system. The suggested
framework offers a scalable and smart solution to
contemporary software systems that need to be altered
continuously and have a high degree of reliability. The
next-generation efforts can be directed towards real-time
deployment, fine-tuning of generative models, and

large-scale integration with distributed systems.
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