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Abstract: In high-dimensional applications like natural language processing (NLP) and image identification,
training deep neural networks (DNNs) presents several challenges such as convergence, poor generalization, and
computational instability. Despite their widespread use, traditional gradient descent (GD) optimization
techniques frequently fail to adequately handle these problems throughout training. While optimizers like SGD
with Momentum perform well in later training stages but have slow early convergence, advanced optimizers like
Adam and RMSprop increase convergence but may result in inferior generalization. The current work presents a
unique framework for hybrid multistage gradient descent optimization, which attempts to adapt optimization
methods at different stages of training. This approach tries to reduce computing costs while improving
convergence speed, model accuracy, and generalization by utilizing the strengths of numerous optimizers,
including Adam, SGD with Momentum, and RMSprop. Adaptive learning rate scheduling and real-time optimizer
switching based on training dynamics will be integrated into the framework. A series of extensive experiments
will be conducted on high-dimensional image recognition (like CIFAR-10 and ImageNet) and NLP (like IMDB and
BERT fine-tuning) datasets to validate the framework’s performance across different deep-learning architectures.
This work will address the difficulties of training DNNs in intricate, high-dimensional environments and provide
a valuable theoretical and practical contribution to optimization strategy development.
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INTRODUCTION

Deep learning algorithms such as Deep Neural Networks (DNNs) have been the dominant
paradigm recently in the areas of artificial intelligence (Al) (Hayashi, 2023), which has led to
notable advances in so many variety of applications such as computer vision, finance, natural
language processing (NLP), healthcare, and autonomous systems (Mahadeo & Dhanalakshmi,
2020). DNNs are invaluable tools for solving real-world problems that traditional algorithms
have struggled to solve because of their ability to learn complicated patterns from high-
dimensional data (Jiang et al., 2022). Furthermore, in the field of natural language processing
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(NLP), deep neural networks (DNNs) models have led to significant advancements in machine
translation and speech recognition, as well as state-of-the-art performance in tasks involving
object detection and facial recognition (Chen et al., 2023).

However, training these complicated models is a very difficult undertaking, especially when
datasets get bigger and more complex. When it comes to DNN training, gradient descent (GD)
and its variations are the most used optimization methods. By minimizing a loss function
through iterative model parameter adjustments, these techniques eventually allow the
network to produce precise predictions (Scale et al., 2019). The efficacy of the GD
optimization technique used in training has a significantimpact on a DNN's performance. Even
though GD is widely used, researchers have found that training DNNs presents several
significant difficulties, including sluggish convergence, vanishing and exploding gradients,
overfitting, and high computing costs (Galv, 2021). Dealing with high-dimensional data, as in
many contemporary applications, exacerbates these issues (Guo et al., 2020).

Advanced gradient descent optimization techniques like Adam, RMSprop, Adagrad, and SGD
with Momentum have been developed to tackle these difficulties (Sherif et al., 2021). By
introducing mechanisms for adjusting the learning rate during training, these techniques aid
in performance improvement and convergence stabilization. However, depending on the
training stage and the dataset's properties, each optimizer has advantages and disadvantages
that affect how effective it is (Khan & Maity, 2020). For instance, SGD with Momentum is
slower but frequently produces superior results in terms of model correctness on test data,
whereas Adam is known for fast convergence but may result in poor generalization. Because
of this, using just one optimizer for the whole training process may produce less-than-ideal
results, particularly when training big and intricate DNNs (Li et al., 2020).

This work aims to provide a hybrid multistage gradient descent optimization framework in
light of these difficulties. This framework will dynamically switch between several advanced
optimization approaches as it is being trained, combining them in a step-by-step manner. The
hybrid multistage approach that has been suggested seeks to handle the difficulties related
to high-dimensional data while enhancing convergence speed, accuracy, and generalization.
This work intends to further the field of Al and machine learning by providing a more efficient
and versatile approach to DNN optimization by examining the relationships between various
optimizers and training phases.

To summarize, although tremendous progress has been made in DNN optimization, the
problems associated with training big models on high-dimensional data are not entirely
addressed by the techniques now in use (Liu et al., 2023). By creating a unique hybrid
multistage optimization framework that leverages the advantages of several GD techniques,
this research aims to close this gap and eventually improve the state of the artin DNN training.

1.2 Significance of Research
To sum up, this study is of paramount important since it has the potential ability to improve
theoretical understanding as well as practical deep learning optimization skills. This study or
research tends to improve the performance, efficiency, and generalizability of DNNs across
many high-dimensional applications by creating a novel hybrid multistage gradient descent
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optimization framework or model, which will promote greater adoption of Al technologies in
crucial industries.

Review of Related Work
Table 2.1: Summary of Literature Review

Author(s) Year Study Focus Key Contributions Limitations
It tends t fit and
Presented Adam, which en S. o over ‘an
. Adam: A Method . . generalize poorly in later
Kingma, D. . combines the benefits of .
2015 for Stochastic training stages,
P. & Ba, J. L AdaGrad and RMSprop for o
Optimization . . especially in high-
adaptive learning rates ) .
dimensional models
' Uncoupled Weight Improve'd Adar.n by Stlll.trysts on a single
Loshchilov, Deca decoupling weight decay  optimizer throughout
l. & Hutter, 2019 Y o from the gradient-based  the training process;
Regularization .
F. (Adamw) updates, resultant in does not adapt
better generalization optimizers dynamically
Proposed cyclical learning Limited to learning rate
Cvclical Learnin rates that dynamically adjustments without
Smith, L. N. 2018 RZtes (CLR) & oscillate to avoid local addressing the use of
minima and improve multiple optimizersin a
performance hybrid procedure.
Introduced stochastic
. . It does not explore
Loshchilov, gradient descent with combining optimizers;
! SGDR: Warm warm restarts (SGDR) to ; g op ’
l. & Hutter, 2017 . relies on SGD and
Restarts in SGD advance model .
F. . learning rate restarts
convergence by restarting
. alone
the learning rate
Established LARS and Focuses on batch size
Large Batch LAMB optimizers for adjustments, not on the
You, Y. et al. 2020 Optimization with training deep learning dynamic switch between
LARS and LAMB models with large batches, different optimization
improving scalability algorithms
Yogi enh Adam but
. . They proposed Yogi, an o8l e.n anc?es am bu
Adaptive Gradient . . remains a single-
. adaptive gradient method -
Zaheer, M. Methods with . optimizer approach;
2018 ; that prevents exponential .
etal. Dynamic ) ) lacks dynamic
. growth of gradients in .
Boundaries adaptability across
Adam .
different stages
Revisiting Batch  gho\wed that BN can help  Emphases on batch
Chenetal. 2021 Normalization (BN)

in Optimizers

SGD-based approaches
converge faster and

normalization rather
than combining
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Author(s) Year Study Focus Key Contributions Limitations

generalize better in image optimizers; lacks
classification exploration of multistage
techniques

Applied novel optimization Focuses on cybersecurity

Shankar et Al-Based Intrusion techniques to advance applications but lacks
al. 2024 Detection with intrusion detection broader pertinence to
Optimized Learning systems' accuracy and other high-dimensional
computational efficiency data problems
Proposed hybrid While effective, the
Adaptive Gradient optimizers that combine study lacks a complete
Wang etal. 2023 Descent with adaptive learning rates multistage framework
Momentum with momentum-based  for varying training
techniques phases dynamically
Developed a multistage  Provides a foundation for
. Multistage framework for combining hybrid approaches but
Singh & e .. S .
Zubair 2024 Optimization in optimizers such as Adam limited experimental
Deep Learning and SGD in different data on generalization in
training stages high-dimensional tasks
Summary

In conclusion, the literature demonstrates a clear need for more flexible and adaptive
optimization techniques that can enhance the performance of DNNs in high-dimensional
applications. Multistage optimization techniques, which apply different optimizers at various
stages of training, hold significant promise in addressing the limitations of single-optimizer
approaches. However, more research is needed to develop a formalized framework that can
dynamically adjust optimization strategies based on the training phase and model behavior.
This research aims to fill these gaps by developing a hybrid multistage gradient descent
optimization framework that improves convergence, generalization, and computational
efficiency across diverse applications in image recognition and NLP.

PROBLEM DEFINITION
This research thesis seeks to address the above problem by exploring the following sub-
problems:

a. Which gradient descent optimizer combinations work best at certain stages of DNN
training?

b. How can we respond to real-time training parameters like validation performance,
gradient magnitude, and loss stagnation by dynamically switching between optimizers
during training?

c. In what ways may the hybrid optimization framework be modified to efficiently
manage high-dimensional data in fields like natural language processing and picture
recognition?
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d. In various multistage optimization applications, what are the trade-offs between
convergence speed, generalization, and computational efficiency?

The aim of this study is to develop a flexible and adaptive hybrid optimization framework that
would leverages the strengths of different optimizers at different stages of training, ultimately
overcoming the inefficiencies and generalization issues associated with single-optimizer
methods and approaches. The framework if developed will be validated through extensive
experimentation on high-dimensional datasets across diverse application domains/areas,
providing a comprehensive solution to the problem of DNN optimization.

Aim of the Study

In high-dimensional applications like image recognition and natural language processing, the
goal of this research is to create a hybrid multistage gradient descent optimization framework
that dynamically modifies optimization strategies during the training phase to enhance the
convergence, generalization, and computational efficiency of deep neural networks (DNNs).

4.2 Objectives of the Study

To achieve the above aim, the following specific objectives will guide the proposed study:

a. Todesign and Develop a Hybrid Multistage Optimization Framework

b. To optimize Hyperparameters Dynamically

c. Toapply the Framework to High-Dimensional Applications

d. To provide Open-Source Implementation and Documentation
METHODOLOGY

Design of the Hybrid Multistage Optimization Framework

The major innovation of this proposed study lies in the development of the hybrid multistage
optimization framework model. This framework if developed will be designed to
automatically, effortlessly switch between different GD optimizers at various stages of
training process based on the evolving training dynamics. To achieve this, the following
phases will be involved:
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Theoretical Framework

!

Hybrid Multistage Optimization Framework

!

Dynamic Switching Mechanism (based on training metrics)

' '

Optimizer Selection Adaptive Leaming Rate
(Adam, SGD, RMSprop) Scheduling (CLR, SGDR)

v v

Image Recognition NLP Applications

(CNNs, ResNet, VGG) (RNNs, Transformers, BERT)

! !

Evaluation & Validation

Scalabilty &
Generalzation

CONCLUSION

In conclusion, by offering a flexible and scalable optimization strategy that meets the
expanding demands of modern artificial intelligence applications, this work seeks to
significantly advance the field of deep learning. The results will eventually raise the bar for
DNN training techniques and have applications in the fields of deep learning technologies-
dependent industries like healthcare, autonomous systems, and natural language processing.
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