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Abstract

Artificial intelligence (Al) has attracted a great amount of interest in recent years. Al allows
machines to perform different tasks that have traditionally required human intelligence. Al is
useful in many different disciplines. One type of Al application is a neural network; task-
specific Al consists of many different architecture types. Between neural network architectures
and applications, there exists a complex relationship that makes® selecting the right neural
network architecture for the task a non-trivial challenge. Genetic algorithm optimization, a
population-based evolutionary algorithm, is proposed to help find the most efficient neural
network architecture for a specific task. We construct a performance prediction model that can
predict the performance of an Al model based on the features of the problem. The performance
prediction model is then used as a performance predictor to implement a behavior-learning
strategy that can learn the search characteristics of an algorithm during the training process.
The predictor is trained with machine learning models. By using the predictor, the learning
speed of the final convergence process can be improved by making more informed decisions
during the evolution strategy.

Keywords: Artificial Intelligence (Al), Neural Networks, Genetic Algorithm, Architecture
Optimization, Performance Prediction, Evolutionary Algorithm, Task-Specific Applications,
Machine Learning, Behavior-Learning Strategy, Convergence Process.

1. Introduction

Acrtificial Neural Networks (ANNSs) have experienced a surge in popularity of late, due to an
increase in the volume of data upon which models may be trained, a decrease in the cost
associated with both data storage and processing, and the availability of large, open-source
code bases, which allow developers to enjoy the collective and selectable intelligence of others
who share feedback and updates. While these historic drivers have indeed facilitated a marked
increase in ANN development and operational use, the mechanism by which these ANNSs are
designed, evaluated, and deployed has only lightly deviated from the manually exhaustive and
time-consuming scientific and engineering methods employed for generations. After all, one
may fabricate as many ANNSs as one can afford to, and trial these ANN models upon a corpus
of test and training data, and in so doing, select the best model, but generally with no
mechanism for transferring insight gained or learning from one experiment or analysis to

Enterprise Architect, rajeshkumarmalviyal5@outlook.com

2Self-Service Data Science Program Leader, Cummins Inc, shakir.syed.microsoft@gmail.com, ORCID: 0009-0003-9759-5783
3Solution Architect Denver RTD, nampalli.ramachandrarao.erp@gmail.com, ORCID : 0009-0009-5849-4676

“Software Architect, dileepvaliki@yahoo.co


mailto:rajeshkumarmalviya15@outlook.com

986 Genetic Algorithm-Driven Optimization Of Neural Network Architectures For Task-Specific Al
Applications

another. An even greater impediment to more productive model development and application
derives from the fact that proportions of observed data distributions typically require different
ANN model architectures and parameters; that is, the same literature review or data
enhancement, pre-processing, and/or feature engineering techniques cannot produce an ANN
that learns each task of interest still less well. This note addresses an approach to address such
tasks and related productivity and quality challenges based on Genetic Algorithms and
Knowledge Representation techniques.

1.1. Background and Significance

Background of the Study: The area of artificial intelligence (Al) has shown remarkable
advances recently that have the potential for transformative changes in serving humanity in
various domains. Deep learning and neural networks are at the heart of these advances.
However, the application of these methods is generally classified as model-driven applications
in which the architecture or topology of the network is a known entity that is being trained on
the data so that the weights and bias terms of the network are optimized for the task at hand.
Generally, the process of trial and error or many different kinds of iterative approaches are
adopted to find an appropriate architecture to start a task-specific Al application. This process
requires considerable human expert intervention that comes with a high cost in terms of time
and money. In this work, we used genetic algorithms to automate the task of discovering the
appropriate architecture for a task-specific neural network application at the most abstract level
before the training or optimization of the neural network weights and bias terms.

Significance of the Study: Developing Al methods that require minimal human intervention to
identify the appropriate architecture or topology specific to a given task and the type of data
that will be used has the potential for a transformative impact on the applicability of these
methods in the real world. The ultimate goal of such an approach is to put neural networks in
the hands of users who might not be experts in deep learning or neural network techniques. In
this work, we developed a neuro-genetic approach specifically chosen to meet these
requirements. First, the user provides a data set of samples for the task at hand, along with an
appropriate measure of performance. Next, the approach is run to evolve architectures that are
appropriate for the given data type and performance metric. These architectures can be
visualized and evaluated by the user to ensure that they meet the required real-world
specifications. The evolved architectures can be cross-checked with traditional theoretical
models, and then feed the architecture into the training function whose initial parameters
provide an admissible solution.‘
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Fig 1 : Genetic algorithm-determined deep feedforward neural network architecture for
predicting electricity consumption in real buildings

1.2. Research Objectives

We propose a new approach for the management of ANN architecture parameter selection
based on the Genetic Algorithm, which is applied to optimizing task-specific parameter
selection of the ANN for Al applications. More specifically, we demonstrate the proposed
approach for the task-specific management of two typical architecture parameters: lossless
compression factor and scaling factor. We have elected to test our approach and present the
results via two Al application examples that are typical of the two generic Al application types:
a specific object detector, while the second is a specific speech and sound pre-processor Al.
The main objectives of our research are: 1. Construct and test optimal management for
hyperparameter selection on the ANN using GA optimization. 2. Study the ANN DNN
architecture parameter selection using GA for typical Al application samples. 3. Evaluate the
classification ability of Al applications with ANN architecture parameters selected by the GA
method, as well as typical expert selection methods.

2. Neural Network Architectures in Al

The brain of the Al system is a large network of artificial neurons that are represented by
mathematical functions, which can be expressed as numerical algorithms. Nodes that connect
these functions represent weights that are aimed to adjust until an acceptable network
performance is achieved. The architecture of a neural network is defined by the number of
layers in the network and the number of nodes in each layer, the type of transfers that link the
nodes at different layers, and other defined default representations of the network's
components. Artificial neural networks are designed according to their types of building blocks,
which are the ones that can make up the network. These include the multilayer perceptron used
for classification, the radial basis function used for functional approximation, the self-
organizing map used for clustering, and the recurrent neural network suitable for treating time-
variant patterns. Among the several types of neural networks available, the multilayer
feedforward backpropagation network, generally called MLP, is the one that most researchers
use in their research work, including the current work. For this reason, one could justly say that
it has long been embraced as the basic workhorse of the field. Besides it, scientists who have
addressed pattern discrimination, functional approximation, and sequence generation problems
have done so being fully aware of the fact that there is an extensive list of other network models
that might be more suitable for the task at hand.

Equation 1 : Evaluation measures. TP, TN,FP,P, N refer to the number of True Positive,
True Negative, False Positive, Positive, and Negative samples, respectively.
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2.1. Overview of Neural Networks

The simplest form of an artificial neuron mimics the functioning of its biological counterpart.
An artificial neuron typically receives inputs at its synaptic junctions, which are weighted and
summed at the cell body, and a mathematical function called the activation function is applied
to the weighted sum. The output of the neuron is then fed as an input into another artificial
neuron or another element in the network. The synaptic weights are usually initialized with
random values. The architecture of a neural network refers to the structure or arrangement of
the neurons and the weights that connect them. In a feedforward network, the neurons are
arranged in layers, and the connections between the neurons only point from one layer to the
next. In a feedforward network, the data flow occurs in one direction only, from the input layer,
through the hidden layers, if any, to the output layer. The neurons and the connections between
them constitute the network.

The simplest form of an artificial neural network is a single-layered network, which can
perform only linearly separable operations such as logic functions. The ability of a neural
network to learn and operate relies on its capacity to interact with the environment, which is
determined by its architecture. By increasing the number of layers and by introducing feedback,
neural networks of greater complexity and richness can be implemented that can handle more
complex tasks. For example, a multi-layered perceptron with a sufficient number of neurons
can approximate any continuous function on a bounded region of R”n. The success of a neural
network, particularly in practical applications, is largely determined by the choice of an
appropriate architecture. There is no mathematical algorithm to guide the selection of an
optimal architecture for a given problem; thus, choosing a suitable structure for a neural
network requires trial and error, experience, or knowledge of the domain.

2.2. Importance of Architecture Design

Classic supervised training of artificial neural networks aims at learning to predict from inputs
a set of task-specific outputs, contained in a training data set, a little more accurately than on a
different, independent test data set. Image annotation, scene and context interpretation through
the creation of 3D models from multi-temporal satellite images, stroma classification of cancer
in human organ images, and DNA and RNA sequence analysis are some examples of task-
specific artificial intelligence systems that people manually design. Manual human design of
the network architecture for efficient generalization of the training data to the test data set is a
very labor-intensive, time-consuming process, often constrained by the risk of non-
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convergence due to too complex architecture, and model overfitting or underfitting due to too
simple architecture. Additionally, the process of performance and time utilization evaluation
of the network on development data, through all possible structural architectures, is usually
unfeasible or extremely time-demanding, even for machine learning experts.

Even with the recent development of efficient search space reduction for neural network
architecture optimization, human domain expertise is still needed for the supervision of model
selection. Non-expert users require a model's accuracy that is better than random search and
need decision confidence for general adoption and utility. The benefits of model accuracy
maximization must be weighed against the costs for a specific task-specific application, for
development time, or other criteria, and it is most often the case that the user has a unique
project-related definition for the model-optimizing fitness function.

3. Genetic Algorithms in Optimization

Genetic algorithms are a class of search, optimization, and machine learning methods inspired
by the process of natural selection guided by the gradual process of evolution. To apply genetic
algorithms, problems are identified and encoded into chromosome-like strings, usually as bit
strings that act as the genetic description of the problem. Strings with potential solutions to the
problems are then assigned fitness values according to how well their solutions work. Just as
the fittest animals in nature have a better chance of survival, the best strings, given their fitness
scores, are allowed to survive and reproduce to "mutation™ offspring. This process continues
generation after generation, with the selection, reproduction, and "mutation™ of string sets until
an acceptable solution is found or time runs out on the evaluation process. During the
evolutionary process, the strings should adapt themselves to the search space and have better
exploitation and less exploration of the problem space. Since computational time is required to
evaluate strings, the process can be rather time-consuming.

Genetic algorithms have been particularly popular in the area of hardware design. Today,
genetic algorithms are used in various Al applications, including rule induction, sequence
discovery, program induction, and neural network design. Genetic algorithms can be applied
for many application areas with both discrete and continuous encoding. With careful coding to
extract the encoding, genetic algorithms can solve numerous types of problems that are usually
tackled by brute-force search techniques. By encoding solutions explicitly in a string and
utilizing the genetic algorithm process, genetic algorithms can be easily parallelized with the
simplicity of most parallel algorithms. Of course, a proper evaluation mechanism is needed
before parallel implementation. However, for many applications, genetic algorithm approaches
require a large computation time so parallel implementations are beneficial.

[ Optimal |
| Parameters |

Neural Networks
ANN , RNN, MPL.CNN,...etc

Optimization techniques
PSO, BSA, GA, ABC,
LSA,.. etc

——
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Fig 2 : Artificial Neural Networks Based Optimization

3.1. Basic Concepts and Principles

When comparing the performance of algorithms in a particular shape search task, much
attention is dedicated to optimization algorithms, including genetic algorithms. These
algorithms are used to find shapes. The genetic algorithm takes inspiration from the principles
of natural evolution observed in living beings. Members of a population are genetically
different and represent possible solutions to the problem to be solved. For example, they are
materials, architectural structures, and neural network architectures. The "survival of the fittest"
rule is used to create offspring, who inherit the good qualities of their parents. This is generally
achieved by the process of crossover and mutation. After several generations, the individuals
evolve into superior beings, and the solution presented by the individual with superior
performance is determined. Finally, this solution can be used to solve the problem.

Genetic neural network architecture search algorithms are primarily conceptually inspired by
traditional genetic algorithms. However, they adapt to the specifics of neural network
architectures. The algorithm implemented in the architecture search tool is designed for
supervised learning and is driven using a fitness function that evaluates the success of a neural
network with any particular architecture in solving a specific task. As the algorithm advances
through subsequent iterations, individuals within the population evolve, and the best network
architectures, determined based on their classification performance and their associated
hyperparameters, are selected.

3.2. Applications in Neural Network Optimization

In the Al space, the most common and well-known example of genetic algorithms is its use in
optimizing neural network structures. A neural network is made up of multiple layers, and each
layer can have multiple nodes or neurons. These nodes generally correspond to mathematical
transformations where each node takes input from other nodes in the previous layer, multiplies
them by the associated weight, applies an activation function, and then finally calculates the
output, which is then passed down the network. In this structure, choosing the optimal
architecture mainly involves selecting the best number of layers and the number of nodes in
each layer. At its basic level, this architecture optimization is a very simple process that
frequently involves creating the network and running it in a loop with different architectures
that a programmer could think of. The programmer then essentially invokes a scientific method,
trying by hand and selecting the best-performing option. Optimizing this process not only frees
up an Al expert to work on more advanced problems but also has the potential to generate
superior architectures, as there are simply more ways to discover better answers than what a
human could think of.

Many of the known examples of neural network optimization use both the genetic algorithm
and the original neural network that is being tested as standard libraries, often in the
programming language. Nevertheless, these applications do show the power of how a genetic
algorithm can optimize a task-oriented deep learning network. The models that utilize this
process include network optimization across several tasks, like image classification, regression,
speech recognition, and natural language processing. In some of these models, the network can
learn several tasks at the same time, some fusing traditional deep learning with global
constraints, while others simply have the genetic algorithm learn other tasks that are shown to
have a performance correlation to another task under which the deep learning model is
specialized to perform. Even with the limitations of using charts to explain deep learning
structures, several do an adequate inbound simulation using charts to show how the genetic
algorithm optimizes key architecture decisions. These applications of genetic algorithms in
deep learning model optimization open unique opportunities for creating and democratizing Al
across multiple domains.
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4. Integration of Genetic Algorithms and Neural Networks

Genetic algorithms create an opportunity to automate the task of discovering useful
architectures for neural networks and identifying good initialization weights for the
connections between units. When a genetic algorithm and a neural network generator are
combined, researchers can explore much larger spaces more efficiently. Many difficult sensing,
perception, recognition, and control tasks can be solved extremely well using artificial neural
networks. However, designing neural networks for complex problem domains often requires
enormous amounts of trial-and-error experimentation. The most critical issue is that both the
neural network architecture must be chosen and the weights at the connection strengths must
be initialized. In the conventional approach, however, engineers do so essentially manually
through time-consuming simulations.

Genetic algorithms use a particular coding of the candidate solutions to facilitate the
exploitation of parallelism in a problem domain. Genetic algorithms repeatedly apply some
measure of fitness to a randomly generated population of candidate solutions, then select the
better of these candidate solutions for reproduction, creating primarily better candidate
solutions in the next generation by applying a heuristic that reflects some knowledge about the
specific problem domain to the heredity genes of the selected candidate solutions. Based on an
adaptation strategy, genetic algorithms consistently bid for the future. Because genetic
algorithms work directly with encoded candidate solutions, without any domain-specific
heuristics, the same general-purpose code can be used on many problems. The parameters of a
general-purpose genetic algorithm can be adapted to accommodate the online fact-finding
process. Massively parallel computer architectures maximize the potential of genetic
algorithms.
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Fig 3 : Flowchart of BP Neural Network Optimization by Genetic Algorithm

4.1. Benefits and Challenges

Benefits The primary justification for combining the GA and NN paradigms is that each
complements the other, striving together to form a whole that is greater than the sum of its
parts. NNs provide an adaptable Al component. They are especially suited to learning from
noisy or incomplete data that can be modeled in statistical terms. Common problems such as
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image and speech recognition, attribute data modeling, spatial data pattern classification,
interpolative data fitting, complex system modeling, and system identification are well
addressed by NN methods. However, in the context of a truly generic Al problem-solving
paradigm, no NN is truly generalizable. For critical problems in which confidence in
assessment is important, Al systems containing multiple model types both reduce risk and
model failure. Here, GA can afford useful support in the context of pure NN-based systems,
especially in those domains where the training data are small in volume, noisy, incomplete, or
contaminated by sparse data.

Equation 2 : The fitness function FFF evaluates how well a neural network performs a
specific task. This could be based on validation accuracy, loss, or another relevant metric:
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4.2. Existing Approaches

In their pioneering work, a genetic algorithm (GA) was used to determine echo state network
(ESN) values for reservoir weight parameters that define the architecture of a recurrent neural
network, a type of artificial neural network with cyclic connections. The GA found the weights
that optimized the performance of the ESN on three benchmark tasks, and the results were good
compared to other researchers. However, during the task of hyperparameter tuning, numerous
ANN parameters need to be optimized, which consequently leads to a large search space. For
example, when working with ANN only, one could be optimizing parameters that define the
parameter vectors directly, such as the SANN or RBF's center vectors. Hence, fine-tuning
ANN's hyperparameters by a GA or any other optimization algorithm stands to be very
computationally expensive in terms of run time, which would relegate the ANN to becoming
another black-box prediction tool.

5. Case Studies and Applications

Unlike ant-spiking neural networks, a high-performance Al model, Anton’s rain-shuffle ant-
spiking neural network has been shown to perform image classification with high hardware-
derived energy efficiency (mainly relevant for applications in embedded or Internet of Things
applications). By augmenting Hebb’s learning rule with an energy-optimizing term, the training
of ANN is shown to be significantly more hardware-friendly. In this work, a general "large
loss, fast convergence"/"small loss, slow convergence" template from the optimization
objective of the task/network is presented, which adapts the recently proposed energy-
optimization algorithm. Multiple popular benchmark tasks and state-of-the-art networks are
utilized to test and validate that this straightforward "plug-and-work" application procedure
can improve the energy efficiency of ANNSs across a wide array of applications. We have shown
that in reinforcement learning tasks, utilizing this modification to the algorithm leads to lower
energy consumption across FPGAs, analog ASICs, and state-of-the-art GPUs, with little to no
effect on task performance. Consequently, the energy savings of the resulting models scale
inversely with the ratio of the forward and backward pass energy usage (with the latter term
being heavily proportional to the backpropagation memory footprint and effective
backpropagation learning rate). At the hardware frontier, the corresponding speedup leads to
an equal reduction in energy consumption. The same findings were also presented across the
four other benchmark tasks and the five associated networks, suggesting that our template form
may be a comprehensive solution to energy-optimizing ANN implementations.

5.1. Real-World Examples
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The primary focus of the development of a genetic optimizer has involved evolving the
architectures of genetic neural networks used in stock market software applications. Stock
market trading is a very challenging task representing a nested optimization problem involving
thousands of potential trading instruments to focus on, thousands of potential trading systems,
many different degrees of freedom in model development, and multiple training periods. From
the standpoint of the number of free parameters in a TCA-Network model developed for the
application, optimization vastly exceeds that required by the networks designed for all of the
dataset problems frequently cited.

During the past several years, TCA-Network models have been the primary neural network
architectures used. Taken separately, each of the model types effectively models the
characteristics of the data. If each is included in an ensemble, the generalization performance
of the generated hybrid model increases. Success in the challenging stock market application
task and its representation as an optimization search space has provided a strong database from
which to perform this ongoing series of genetic optimizer enhancements. Given that the
challenges of TCA-Network development generated from the stock market application exceed
those produced during parameter optimization based on test problems, the development team
expects effective neural network architecture optimization on a broad range of specific
applications and problem tasks.

5.2. Performance Comparison

In this section, the performance comparison is made for three different Al classification
algorithm implementations to display that our proposed algorithm-driven dynamic ANN
architecture, which fully uses time-evolving capability, is more effective than other traditional
approaches. The three selected ANN models are neural network ensemble, convolutional
learning model, and top-down learned standard deep learning model. These three models are
pre-trained and validated using benchmark data sets. The purpose is to show the E-DANN’s
distinct effectiveness and efficiency relative to traditional Al model design and development
approaches. The chart depicts the dynamic fitting shape through adaptive particle size
architecture fitting ability. The first and second hidden layers are designed with special
structural gates architecture based on fitness evolution characteristics. At the end of the
genome, it is noted that many repetitive and unsymmetrical links are due to the sequential
process of delivering particles during the design competition.

Three different approaches to designing the kernel of the first ANN connector connection layer
are shown in the figure. It displays E-DANN algorithm learning effectiveness and architecture
visualization. The entire project’s best results visual chart indicates that the dynamic
development trend shows that some hidden layers are suitable for small particle population-
based simulated annealing algorithms, some hidden layers are suitable for adaptive genetic
algorithms, and some hidden layers are designed by TSL-dev as well as manual simulated
annealing algorithm optimization exercises with specified maximum particle size. The best
learning process difference is that the best learning processes of aspects outperform the
traditional manual design-based artificial intelligence speed-up and architecture design-
enhanced artificial intelligence development process. Finally, the best evolvable dynamic
ANN-based artificial intelligence language in quantitative value-based performance
comparison.
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Fig 4 : Optimization of the ANN architecture by using GA.

6. Conclusion

24. Conclusion In this work, we proposed a novel predictor-based genetic algorithm to optimize
neural network architectures. The GA seeks to maximize the accuracy of a DNN model in
classifying the datasets produced by several individual training sets, both in terms of functional
accuracy and speed. The target dataset consists of the predictions of each unique input set,
given the trained DNN ensemble. We used an ensemble of DNNs with feedforward-based
architectures, and therefore, our focus was primarily on analyzing its performance, both in
effect and in terms of the difference between neurons. The following benefits arose from this
work. First, the GA-driven designed models had better performance than those driven by
previous algorithms, in terms of both accuracy per parameter and number of parameters.
Second, our analysis suggested that the models best representing the area being interpolated
are quite closely related to shallow models that should be used for the reward. We propose that
the GA only optimize with the shallow model and not consider the best performance against
the long sequence as a separate problem. Ultimately, this low sequence would be part of the
DNN prediction test, and we believe it is also quite possible to solve the problem. We plan to
follow several future lines of inquiry. In the first place, we would like to study the differences
between representative neurons in the various states of a binary discrete target and find a way
to assess the accuracy of this distribution. Next, we would like to test DNN models in different
types of Al tasks, rather than training tasks, and hybrids against well-conceived models of other
types of tasks, both in terms of depth, weight loss, and loss objectives.
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6.1. Future Trends

Numerous research opportunities are being presented through the intermixing of genetic
algorithms and machine-learning techniques. The scientists can strategize to conceptualize and
present different modifications of the popular crossover and mutation operators to observe the
results in genetic algorithms. This will allow the scientists to manage the trade-off between
exploration and exploitation, quite skillfully. This means that the design and implementation
of genetic algorithms are not only going to implicate the neighborhood exploits but due
importance would be given to the surrounding dissidents as well. Such a predicament can be
presented in the following manner: how good the genetic algorithms happen to be in
understanding the neighboring neighborhoods and in the identification of the undiscovered hills
and valleys, thus managing to alter the policy of genetic algorithms to adopt a balanced
viewpoint between hill climbing and probability trails.

The following conclusions are drawn after an exhaustive literature survey of genetic algorithms
and neural network architectures: Efficient training of a deep network requires a very high-end
complicated model; for example, high-performance computing and multiple GPUs, but still no
one methodology can be applied arbitrarily.

Efficiently configure the network to optimize the subjective optimization function.

The utilizability of genetic algorithms shows efficient learning performance, scalability,
consistency, parallel training speedup, generalization, and breadth.

Potential missing questions include the side benefits of utilizing genetic algorithms in addition
to reducing the design complexity of the network.

7. References

[1] Avacharmal, R. (2022). Advances In Unsupervised Learning Techniques For Anomaly
Detection And Fraud Identification In Financial Transactions. Neuroguantology, 20(5), 5570.
[2] Aravind, R., Shah, C. V., &Amp; Surabhi, M. D. (2022). Machine Learning Applications In

Predictive Maintenancefor Vehicles: Case Studies. International Journal Of Engineering And
Computer Science, 11(11), 25628-25640.Https://D0i.Org/10.18535/ljecs/VV11i11.4707

[3] Mahida, A. (2022). Comprehensive Review On Optimizing Resource Allocation In Cloud
Computing For Cost Efficiency. Journal Of Artificial Intelligence & Cloud Computing. Src/Jaicc-249.
Doi: Doi. Org/10.47363/Jaicc/2022 (1), 232, 2-4.

[4] Mandala, V., Premkumar, C. D., Nivitha, K., & Kumar, R. S. (2022). Machine Learning
Techniques And Big Data Tools In Design And Manufacturing. In Big Data Analytics In Smart
Manufacturing (Pp. 149-169). Chapman And Hall/Crc.

[5] Perumal, A. P., Deshmukh, H., Chintale, P., Desaboyina, G., & Najana, M. Implementing
Zero Trust Architecture In Financial Services Cloud Environments In Microsoft Azure Security
Framework.

[6] Kommisetty, P. D. N. K. (2022). Leading The Future: Big Data Solutions, Cloud Migration,
And Ai-Driven Decision-Making In Modern Enterprises. Educational Administration: Theory And
Practice, 28(03), 352-364.

[7] Bansal, A. Advanced Approaches To Estimating And Utilizing Customer Lifetime Value In
Business Strategy.
[8] Korada, L., & Somepalli, S. (2022). Leveraging 5g Technology And Drones For Proactive

Maintenance In The Power Transmission Industry: Enhancing Safety, Continuity, And Cost Savings.
In Journal Of Engineering And Applied Sciences Technology (Pp. 1-5). Scientific Research And
Community Ltd. Https://Doi.Org/10.47363/Jeast/2022(4)260

[9] Avacharmal, R., & Pamulaparthyvenkata, S. (2022). Enhancing Algorithmic Efficacy: A
Comprehensive Exploration Of Machine Learning Model Lifecycle Management From Inception To
Operationalization. Distributed Learning And Broad Applications In Scientific Research, 8, 29-45.

Migration Letters



996 Genetic Algorithm-Driven Optimization Of Neural Network Architectures For Task-Specific Al
Applications

[10] Shah, C., Sabbella, V. R. R., & Buvvaji, H. V. (2022). From Deterministic To Data-Driven:
Ai And Machine Learning For Next-Generation Production Line Optimization. Journal Of Artificial
Intelligence And Big Data, 21-31.

[11] Mabhida, A. Predictive Incident Management Using Machine Learning.

[12] Mandala, V., & Surabhi, S. N. R. D. (2021). Leveraging Ai And Ml For Enhanced Efficiency
And Innovation In Manufacturing: A Comparative Analysis.

[13] Perumal, A. P., & Chintale, P. Improving Operational Efficiency And Productivity Through
The Fusion Of Devops And Sre Practices In Multi-Cloud Operations.

[14] Bansal, A. (2022). Establishing A Framework For A Successful Center Of Excellence In
Advanced Analytics. Esp Journal Of Engineering & Technology Advancements (Esp-Jeta), 2(3), 76-
84.

[15] Korada, L. (2022). Low Code/No Code Application Development - Opportunity And
Challenges For Enterprises. In International Journal On Recent And Innovation Trends In Computing
And Communication (Vol. 10, Issue 11, Pp. 209-218). Auricle Technologies, Pvt., Ltd.
Https://D0i.0rg/10.17762/1jritcc.\VV10i11.11038

[16] Avacharmal, R. (2021). Leveraging Supervised Machine Learning Algorithms For Enhanced
Anomaly Detection In Anti-Money Laundering (Aml) Transaction Monitoring Systems: A
Comparative Analysis Of Performance And Explainability. African Journal Of Artificial Intelligence
And Sustainable Development, 1(2), 68-85.

[17] Vehicle Control Systems: Integrating Edge Ai And MI For Enhanced Safety And Performance.
(2022).International Journal Of Scientific Research And Management (ljsrm), 10(04), 871-
886.Https://D0i.0rg/10.18535/1jsrm/V10i4.Ec10

[18] Mahida, A. (2022). A Comprehensive Review On Ethical Considerations In Cloud Computing-
Privacy Data Sovereignty, And Compliance. Journal Of Artificial Intelligence & Cloud Computing.
Src/Jaicc-248. Doi: Doi. Org/10.47363/Jaicc/2022 (1), 231, 2-4.

[19] Chintale, P. (2020). Designing A Secure Self-Onboarding System For Internet Customers
Using Google Cloud Saas Framework. ljar, 6(5), 482-487.

[20] Bansal, A. (2022). Revolutionizing Revenue: The Power Of Automated Promo Engines.
International Journal Of Electronics And Communication Engineering And Technology (ljecet), 13(3),
30-37.

[21] Laxminarayana Korada, Vijay Kartik Sikha, & Satyaveda Somepalli. (2022). Importance Of
Cloud Governance Framework For Robust Digital Transformation And It Management At Scale.
Journal Of Scientific And Engineering Research. Https://Doi.Org/10.5281/Zenodo.13348757

[22] Dilip Kumar Vaka. (2019). Cloud-Driven Excellence: A Comprehensive Evaluation Of Sap
S/4hana Erp. Journal Of Scientific And Engineering Research.
Https://D0i.0rg/10.5281/Zenodo.11219959

[23] Mahida, A. A Review On Continuous Integration And Continuous Deployment (Ci/Cd) For
Machine Learning.

[24] Chintale, P. Scalable And Cost-Effective Self-Onboarding Solutions For Home Internet Users
Utilizing Google Cloud's Saas Framework.

[25] Bansal, A. (2021). Optimizing Withdrawal Risk Assessment For Guaranteed Minimum
Withdrawal Benefits In Insurance Using Artificial Intelligence Techniques. International Journal Of
Information Technology And Management Information Systems (ljitmis), 12(1), 97-107.

[26] Laxminarayana Korada. (2022). Optimizing Multicloud Data Integration For Ai-Powered
Healthcare Research. Journal Of Scientific And Engineering Research.
Https://D0i.0rg/10.5281/Zenodo.13474840

[27] Mahida, A. A Comprehensive Review On Generative Models For Anomaly Detection In
Financial Data.

[28] Bansal, A. (2021). Introduction And Application Of Change Point Analysis In Analytics Space.
International Journal Of Data Science Research And Development (ljdsrd), 1(2), 9-16.

[29] Korada, L. (2021). Unlocking Urban Futures: The Role Of Big Data Analytics And Ai In Urban
Planning—A Systematic Literature Review And Bibliometric Insight. Migration Letters, 18(6), 775-
795.



