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Study and Analysis of Branch Prediction Algorithms
In Face Recognition

Abstract:

Modern technologies have recently shifted towards enhancing the performance of
computing systems and the tasks they carry out. This is primarily due to the increasing
use of networks, social media, and government websites, leading to a surge in data
volume. As a result, the load on these websites has increased, causing delays in data
access, which in turn necessitates the development of new approaches to manage this

growing demand.

Several studies have focused on utilizing artificial intelligence techniques and deep neural
networks to classify data across different content types, aiming to accelerate processing
and improve accuracy in data search operations. These studies have also examined the
development of branch prediction systems, which aim to distribute tasks across different
data streams more efficiently.

Deep neural networks have proven effective in solving various problems. As the size and
complexity of data grow, larger networks are required, which in turn demand more
processing time and memory. Consequently, branch prediction systems have become a
crucial tool to optimize processing, and machine learning algorithms have become key to
achieving high-performance applications. However, these systems often require the use of
techniques such as Recurrent Neural Networks (RNN), which specialize in sequential data
prediction, and rely on advanced techniques for processing, such as MPI and OpenMP.

The research also discusses how computing clusters and Graphics Processing Units
(GPUs), particularly CUDA technology, can be used to enhance the performance of these
branch prediction algorithms.

Keywords: RNN Networks, Performance Metrics, Branch Prediction Algorithms.
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