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Abstract: This report examines the aspect of fixed
specifications to self-adapting systems in software
engineering by means of integration with machine
learning (ML). It examines the drawbacks of existing
software engineering tools, which are based on a static
specification and explores how machine learning,
especially reinforcement learning (RL) allows
software to change and adapt itself autonomously to
optimize human-desired behavior. The report
discusses the advantages which include greater
adaptability and sustained advancement as well as
factors like data quality and computational expenses.
It gives a conclusion and suggests the future directions
of adopting ML in software development such as deep
reinforcement learning, explainable Al and federated
learning.
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L INTRODUCTION
The software engineering has developed to be less
inflexible and predefined to dynamic and self-adapting
systems based on machine learning (ML). This change
allows systems to learn continuously and improve
their behavior dynamically in real time thus improving
performance, scalability, and responsiveness [1]. With
the addition of ML, software is capable of adapting to
the evolving environments and needs on its own,
which will decrease the involvement of a human
operator and boost the efficiency of the software. This
transformation is a complete transformation of the way
software is being developed or maintained and
deployed hence leading to innovation and flexibility in
the current engineering practices.
Problem statement
Traditional software engineering usability is based on
closed specifications that makes it difficult to respond
to changing user requirements and changing
circumstances. The more complex a system becomes,
the decliner of flexibility, scalability, and continuous
improvement are. Machine learning can be a good way

out, with the ability to create self-evolving systems
that are responsive [2]. The recent study will examine
the use and application of machine learning in
changing the engineering practice of software and
achieving Software adaptability.

Research Aim and Objectives

Aim

This research aims to address how machine learning
can alter the conventional software engineering roles
and shift the focus of specifications to self-evolving
systems.

Objectives

e To examine limitations of the conventional
software engineering framework that uses
predetermined specifications.

e To investigate machine learning techniques
into the field of software engineering.

e To determine how machine learning allows
creating self-adaptable systems.

e To interrogate the advantages and the
problematic issues of machine learning-
oriented software systems.

e To suggest possible ways of extending the
use of machine learning in the development
of software engineering practices in the
Sfuture.

Novel Contribution
The present research has provided new perspectives to
the application of Q-learning to convert rigidity of
specifications to self-adaptable software engineering
systems [3]. It reflects how the system can
dynamically adjust behavior to real-time information
to maximize performance in the long-term [4]. It is a
methodology of developing intelligent systems that
can evolve continuously, optimizing the efficiency and
responsiveness without any particular human
intervention.

II.  LITERATURE REVIEW
Goal of the Literature Review
This literature review explores limitations of the
traditional approach to software engineering,
investigates the implementation of machine learning
(ML), examines the benefits and challenges of
software built on the concept of machine learning, and

Vol 10 Issue 09, Sep 2021

ISSN 2456 — 5083

Page 652



International Journal for Innovative
€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

recommends the future research directions in this
direction.

Limitations of Traditional Software Engineering
Methods

Traditional software engineering paradigms such as
the Waterfall model rely on the use of fixed
specifications which are characterized by rigidity and
high level of inflexibility to any dynamic environment
[5]. Elevated specifications make the system rigid at
the point of development because in this case the real-
world changes are post-deployment [6]. On this, these
methods are ineffective where the context requires
constant changing user needs and environmental
factors hence the need to adopt more adjustable and
dynamic methods.

Integration of Machine Learning in Software
Engineering
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Fig.1: ML integration with Al

Machine learning (ML) offers a methodical treatment
of the issue of rigidity of hard specification through
the provision of autonomous learning abilities to
systems [7]. Reinforcement learning (RL), which is a
branch of ML, allows software to continually improve
its behavior by continually absorbing real-time data
[8]. Claiming that integrating Al into software systems
allows them to adapt to changes in real-time, the
authors affirm that a platform can make decisions
based on both past and current data and, thus, change
dynamically and autonomously [9]. This is very unlike
the old and stagnant systems that do not have the
similar flexibility.

Machine Learning Enabling Self-Adapting Systems
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Fig.2: Variability Management in Self-Adaptive
Systems

ML-driven self-adaptive systems are designed to
maximize the performance at real-time by making
performance adjustments based on the feedback [10].
Algorithms like Q-learning enable the software to
replicate actions optimizing cumulative rewards
caused due to experiences [11]. As explained by
various studies, that makes it the method most
appropriate to use in those settings where stochastic
inputs have to be adapted, Q-learning allows the use
of the best actions according to reward structures [12].
This chameleonic adaptation is significantly superior
to the traditional approaches, presupposing the
elimination of manual optimization interventions.
Benefits and Challenges of Machine Learning-
Driven Software Systems
There are many benefits of ML-based software
systems, such as increased flexibility, continuous
learning, and high-performance systems [13]. Such
systems have the capacity to adjust to the changing
situations;  hence, enhanced decision-making
processes with time [14]. Still, there is always some
difficulty, like large and high-quality datasets are
implicated in efficient model training; data gaps or
biases may harm the performance because of the
sensitivity of the ML models to the integrity of the data
[15]. Moreover, the computational resources that are
required to train the model might be substantial as well
as most ML models observing their decision-making
mechanisms may often be perceived as ‘black boxes’
[16].
Future Directions for Machine Learning in Software
Development
Future research in ML applied to software systems
will probably focus on increasing the flexibility and
effectiveness of self-adaptive systems [17]. Possible
solutions like the future looks bright with deep
reinforcement learning (DRL), which can deal with
complex and high-dimensional environments, and
multi-agent reinforcement learning (MARL), which
has agents collaborating or competing towards

Vol 10 Issue 09, Sep 2021

ISSN 2456 — 5083

Page 653



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

achieving common goals [18]. An important research
priority that could be utilized is explainable Al (XAI)
that aims to alleviate transparency issues related to
decision-making by ML, particularly in critical use
cases [19]. Research into transfer learning and
federated learning may be intensified further to allow
systems to evolve with hardly any or decentralized
information, responding to privacy aspects and
scalability limits [20].
TABLE 1: BENEFITS AND CHALLENGES OF
MACHINE LEARNING IN SOFTWARE

SYSTEMS

Aspect Benefits Challenges
Adaptab | Enables  real-time | Needs high-
ility learning and | quality, larger

optimization of the | datasets.

system.
Perform | Processing feedback | Expensive
ance to continuously | computational

Optimiza | improve the behavior | cost  throughout
tion of systems. training-phases

Flexibilit | Flexibility to | Complexity and

y changes that are | translucency in
dynamic and | decision making.
unexpected

Efficienc | Automates decision- | There are chances
y making and behavior | of overfitting or
correction. biassing because
of poor data

IIL. METHODOLOGY
The procedure of changing a set of fixed specifications
into self-adapting systems is considered in this
methodology in the framework of using machine
learning (ML) techniques [21]. The strategy focuses
on the creation of algorithms so that systems are able
to learn and adapt dynamically without being
reprogrammed [22]. With the help of ML, software
systems may adapt to changing inputs, learn patterns,
and control behavior optimally, by itself [23]. The
basic method that is used is reinforcement learning
(RL); it is a branch of ML that has been used more
extensively in self-adapting systems [24]. The
methodology has been discussed in the steps which
included data collection, algorithm development, and
training, and system deployment [25]. Mathematical
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models, architectural diagrams, pseudocode, and
process flows also provide the exposition.
A. Data Collection
The first step deals with collection of data that depicts
the environment of the system. The system, in this
case, is engaged with the continuously changing
environment, which causes the need to update the data
constantly. A synthetic dataset, which models real-
world inputs, like user behavior, network traffic or
sensor data based on IoT devices, is used to simulate
software behavior [26]. The data points that are
selected are environmental conditions, system states,
user preferences, and system taken actions [27]. The
data of each time step is denoted mathematically as:
Dt = {St, At, Rt}
In this equation the S;denotes the state of the system
for time t and the A;denotes the action taken for the t
and the R, denotes the rewards received for the actions
taken for time t [28]. Through this process it can be
confirmed that the collected data denotes both the
consequences of actions and the system states that
helps to form the idea about the system training
process
B. Reinforcement Learning Model Algorithm
Implementation
The ability of the system to learn and adapt is achieved
through the application of the RL framework [29]. In
particular, Q-learning is one of the most popular RL
algorithms that is applied to learn a policy on how to
choose the best actions depending on the state being
observed [30]. In Q-learning, it is seeking an optimal
policy m that will maximize the expected cumulative
long-run reward. The rule of update of the Q-values
can be represented as follows:
Q(Se, Ar) < Q(Se, Ar) + a(Ry + ymaxg Q(St+1,a)
— Q(St, At))
In this mathematical equation o is denoting the
learning rate, y is denoting the discount factor and the

Rt is denoting the received reward factor. The

St+1,a) - . . .
maxg (Ser1.0) 18 representing the maximum estimated

future rewards for the upcoming state Si+1. The Q-
values are updated iteratively during the learning
process as the system interacts with the environment
which results in improved policy over time.

C. Data Preprocessing

Preprocessing of data is crucial for preparing data for
the model to minimize noise and also dimensionality.
The main steps are the normalization of continuous
variables, converting categorical variables into
numeric characteristics, filling the gaps with missing
data by using means or medians, and filtering the
features of interest that may be used using Principal
Component Analysis (PCA) and others [31]. The
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preprocessed data is then transformed into state action
pairs and the state Vector St of the system indicates its
present state and the action Vector (At) indicates the
decision with regard to that state to execute the process
of Q-learning efficiently.
D. Training the Model
After the preprocessing, the model is trained in the Q-
learning approach. The model begins with random Q-
values and the values are updated at each time they
interact with the environment. For breaking
correlations between succeeding experiences, an
Experience Replay Buffer stores sequences of
antecedent states, actions and rewards, to encourage
strong learning. Stabilization of training is carried out
by a network of targets that are updated on a regular
basis. Q-network is an optimization process with a
minimized loss using backpropagation. The dynamics
of the training are characterized by:

L(6) = E[(yt — Q(St, At, 6))?]
Here y.=Rt+ymax ; Q(Sw1,a,0 ), and 6 and 6 denotes
the current and target networks.
E. System Architecture

Architecture of Self-Adapting Software System

Fig. 4: Pseudocode

The following pseudocode provides a description of
the procedural process involved in the re-engineering
process of fixed specifications to a self-adapting
system by using machine learning in the context of
software engineering. This includes data gathering,
preprocessing, training of models, adapting the
models, the integration of feedback as well as ongoing
monitoring.

G. Process Flow

Fig. 3: Architecture diagram of self-adapting
software system

The architectural diagram of the self-adaptive
software system outlines the main elements that
support the process of changing the fixed specification
to the dynamic adjustment. A machine-learning model
(Q-learning or a neural network) is informed by real-
time information such as user-interactions, sensor
readings, and so on. This data is processed by the self-
adapting software agent, where it will constantly
modify the behavior of the system, it can then obtain
feedback upon the performance metrics, and
consequently make amendments to specifications to
improve the efficiency and user experience of the
system.

F. Pseudocode for the Self-Adapting System
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Flowchart of Self-Adapting Software System
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Fig. 5: Flowchart diagram for Self-Adapting
Software System

The self-adaptive system is systematic as it follows a

sequence of stages: environment data is first collected,
then it is preprocessed and made relevant and
consistent; Q-learning model is then trained based on
preprocessed data, and lastly, the trained model is
deployed, which allows real-time adaptation to the
environment and best behavior.

H. Evaluation Metrics

The self-adapting system performance is measured
with the help of several important metrics. Cumulative
is a summative which sums up the rewards earned with
time. The effectiveness rate of actions that have been
taken by the system is used to measure policy
performance. The efficiency of a system is measured
by the efficiency of resources utilization and time
utilization such that the system runs efficiently and fits
in its environment without consuming a lot of
resources.

Iv. RESULT AND ANALYSIS
Q-learning Model Evaluation

WWW.1jiemr.org

Fig. 6: Q-learning model and performance
analysis
This Confusion matrix assesses the Q-learning model
performance, that does comparison between predicted
analytics against the true actions for every state.
Through the result highlights it can be evaluated how
frequently the model predicts correct actions in
contrast to the optimal true actions. From this matrix
evaluation it can be observed that the Q-learning
model effectively adopts the actions with a higher

degree of accuracy, however, some misclassifications
can occur.

Utility vs. Timeline Chart

LNALy ws Time for Salic and Sell Adaptng Syntwms

Fig. 7: Utility vs. Timeline Chart

The Utility Vs. Time plot does comparison between
the self-adapting system and static system. Over time
the frequent decline in utility is shown by the static
system. While the system’s flexibility for optimization
and adjustments in its behaviors are exhibited by
"dips" followed by "recoveries”, demonstrated by the
Self-adapting system.

The mathematical equation applied for utility U(t) is
as follows:

For the static system:
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Ugeqric(t) = e This Confidence Vs Threshold Heatmap visualization
Here A denotes a decay constant. denotes the timing when the model needs to trigger
For the self-adapting system: adaptation. Confidence is assumed based on the
Undaptive (£) = max (0,sin/o(wt)+a) predicted values of the system for its best action, and
Here o denotes the baseline utility level and @ denotes when the confidence exceeds its set of thresholds,
the frequency constant. This model represents the adaptation is triggered. The higher and lower
system’s recovery from performance dips. confidence is revealed by the heatmap, through a
Adaptation Delay (Settling Time) Plot vertical dashed line tracing the adaptation threshold
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the particular situations of the models that need
adaptations and the models that do not require any
adaptations at all, however it also shows there more
improvement is required in this model adaptation.

The ROC curve is indicated mathematically by:
TRP= True Positives

True Positives + False Negatives’
False Positives
FPR=

False Positives + True Negatives
Learning Curves (Accuracy)

Training Accuracy

Validstion Accuracy

) Py Bl L]
Epochs
Fig. 11: Learning Curves (Loss/Accuracy)

Learning Curves (Loss/Accuracy)

The Model accuracy over the training epochs is shown
by this Learning Curve plot. At first this model is not
performing well, but after learning from its
environment the accuracy of the model improves
consequently. The sharped hike in the training
accuracy denotes efficient learning of the self-
adapting system. On the other hand, the validation
accuracy gives assurance for the model how it
generalizes to the new applied data.

Discussion

The result validates the potential effectiveness of self-
adaptation systems, especially those driven by the Q-
learning technique in the context of software
engineering. A self-adapting system contrary to a mere
architecture adapts its behavior dynamically to
environmental changes, a behavior that is
simultaneously visible in the utility versus time curve.
The ability of the Q-learning framework to optimize
its policy and action depending on the received
rewards shows the ability of the system to perform
learning and optimization of its performance. The
change that was experienced in the settling time,
followed by the confidence-based adaptation triggers
is yet another testimony to the ability of the system to
retain the high efficiency and performance levels. All
these features combine to reaffirm the potential of self-
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adapting systems to actual real-world applications
where dynamic adaptation is essential.
Limitations
Despite the promising results, there are a number of
limitations that are worth considering. The
effectiveness of the Q-learning model depends on the
quality and diversity of training data, and its
effectiveness can become unproductive in highly
unpredictable or non-stationary environments.
Additionally, confusion matrix and ROC curve show
that there are instances of actions being misclassified
and hence further tuning and model refinement are
needed to achieve good accuracy. The present model
also relies heavily on the adapted threshold; changes
on this threshold would affect the performance of the
entire system. Lastly, the computing cost of updating
models on a regular basis is also a daunting challenge
to large-scale implementations.

V. CONCLUSION AND FUTURE SCOPE
Conclusion
The research is a demonstration of the application of
Q-learning approaches for the self-adaptive systems in
software engineering. The self-adapting system
outperforms the static system by adjusting in that the
dynamism of adaptation to changes in the environment
is better than that of stagnant systems, thus increasing
utility throughout time, and improving decision-
making processes. Some measurement criteria such as
utility vs time, confusion matrices as well as
adaptation delay plots indicate the potential of the
system to learn, adapt, and constantly improve. The
findings indicate the ability of reinforcement learning
to adapt to current forces in real-time, and the
importance of reinforcement learning in terms of its
effectiveness in adding to more intelligent and
efficient solutions by augmenting software systems,
which must respond autonomously to changing
conditions.
Future Scope
Future research can extend this work, exploring
complex methods of either reinforcement learning like
Deep Q -Learning or policy-gradient algorithms to
increase the flexibility of systems in complex settings.
Using real-world datasets, investigating the model
performance under more diverse and large data
injected into the model will be useful in determining
scalability. Future studies can also cover the hybrid
model that combines reinforcement learning with
complementary machine-learning paradigms, such as
supervised, or unsupervised to achieve more accurate
and adaptive practices in dynamically unpredictable
problems.
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