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Abstract

With the rapid advancement of artificial intelligence, Convolutional Neural Networks
(CNNs) have become essential for analyzing visual data. However, optimizing their
hyperparameters remains a time-consuming and computationally expensive challenge.
Traditional methods, such as random and grid search, often fail to achieve optimal
performance.

This article explores the use of evolutionary deep learning and genetic algorithms as a
more efficient alternative. By leveraging principles of natural evolution, such as
selection and mutation, this approach enhances network performance autonomously.
It accelerates training and improves model accuracy, making it a promising solution
for applications like medical diagnostics and autonomous vehicles.
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