
EasyChair Preprint
№ 12276

Adaptive Learning Rate Strategies for Training
Large Language Models: Balancing Speed and
Stability

Kurez Oroy and Robert Chris

EasyChair preprints are intended for rapid
dissemination of research results and are
integrated with the rest of EasyChair.

February 24, 2024



Adaptive Learning Rate Strategies for Training Large Language 

Models: Balancing Speed and Stability 

Kurez Oroy, Robert Chris 

Abstract: 

The training of large language models (LLMs) demands a delicate equilibrium between speed and 

stability. Conventional fixed learning rate approaches often encounter challenges in efficiently 

converging. In this paper, a novel framework is proposed for adaptive learning rate strategies 

tailored specifically for LLM training. The framework addresses the challenge of dynamically 

optimizing learning rates throughout the training process to enhance convergence speed and 

stability. Leveraging insights from adaptive optimization algorithms and recent advancements in 

large-scale language model training, a comprehensive analysis of various adaptive learning rate 

techniques and their implications for LLM training is presented. 
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Introduction: 
 

The advent of large language models (LLMs) has revolutionized natural language processing 

(NLP) tasks, enabling breakthroughs in various domains such as text generation, translation, and 

sentiment analysis[1]. These models, often comprising billions of parameters, have demonstrated 

remarkable capabilities in understanding and generating human-like text. However, training such 

massive models poses significant challenges, particularly in balancing the trade-off between 

convergence speed and stability. Traditional approaches to training neural networks rely on fixed 

learning rates, which are manually set and remain constant throughout the training process. While 

simple and easy to implement, fixed learning rates may not be optimal for training LLMs due to 

the dynamic and complex nature of the optimization landscape. As a result, LLM training often 

suffers from issues such as slow convergence, oscillations, and difficulty in finding the global 

minima. To address these challenges, adaptive learning rate strategies have emerged as promising 



alternatives. These strategies dynamically adjust the learning rate based on the characteristics of 

the optimization process, allowing for faster convergence and improved stability[2]. By adaptively 

tuning the learning rate, these methods can effectively navigate complex optimization landscapes 

and accelerate the training of LLMs. Training large language models (LLMs) stands as a pivotal 

aspect in natural language processing (NLP), facilitating progress in tasks like language 

generation, translation, and comprehension. The efficacy of these models significantly hinges on 

their training process, which involves optimizing vast numbers of parameters to capture intricate 

linguistic patterns. However, attaining optimal convergence in LLM training presents significant 

challenges, particularly in balancing the trade-off between speed and stability. Conventional 

approaches to learning rate scheduling in optimization algorithms often rely on fixed values 

determined heuristically or through trial and error[3]. While these methods may suffice for smaller 

models or simpler datasets, they frequently encounter difficulties when scaling up to LLMs with 

millions or billions of parameters. The dynamics of large-scale optimization introduce new 

complexities, such as saddle points, vanishing gradients, and fluctuating gradients, which can 

impede convergence or lead to unstable training behavior. To address these challenges, adaptive 

learning rate strategies have garnered increasing attention in recent years. These techniques 

dynamically adjust the learning rate during training based on observed gradients, curvature 

information, or other adaptive mechanisms. By adaptively tuning the learning rate, these strategies 

aim to accelerate convergence while maintaining stability throughout the training process. In this 

paper, a comprehensive exploration of adaptive learning rate strategies tailored specifically for the 

training of LLMs is presented[4]. The objective is to develop a framework that optimizes 

convergence speed without compromising stability, thereby facilitating more efficient and 

effective training of large-scale language models. A range of adaptive optimization algorithms and 

techniques are investigated, examining their suitability and performance in the context of LLM 

training. Through empirical evaluations on benchmark datasets and extensive experiments with 

state-of-the-art LLM architectures, the efficacy of the proposed framework is assessed. The 

performance of adaptive learning rate strategies is compared against traditional fixed learning rate 

methods, analyzing convergence speed, stability metrics, and overall training efficiency. 

Additionally, insights into the underlying mechanisms driving the effectiveness of adaptive 

optimization techniques in the context of LLM training are provided[5]. By elucidating the benefits 

and limitations of adaptive learning rate strategies for LLM training, this study aims to contribute 



to a deeper understanding of optimization dynamics in large-scale NLP tasks. Furthermore, the 

findings have practical implications for the development of more robust and scalable training 

paradigms, advancing the capabilities of LLMs in addressing real-world language processing 

challenges[6]. 

 

Adaptive Learning Rate Methods for Large Language Models: 
 

The training of large language models (LLMs) occupies a central role in natural language 

processing (NLP) research, revolutionizing various applications such as language generation, 

translation, and understanding. Essential to the success of these models is the optimization process, 

which aims to fine-tune millions or even billions of parameters to capture the complexities of 

human language[7]. However, achieving efficient convergence in LLM training poses a significant 

challenge, particularly when balancing the need for speed with the requirement for stability. 

Traditional optimization techniques often employ fixed learning rates, which are manually set and 

remain constant throughout the training process. While these methods may suffice for smaller 

models and simpler datasets, they often struggle to scale effectively to the demands of LLMs. 

Large-scale optimization introduces complexities such as vanishing gradients, exploding 

gradients, and saddle points, which can hinder convergence and lead to suboptimal performance. 

In response to these challenges, adaptive learning rate methods have emerged as a promising 

approach to optimize convergence in LLM training[8]. Unlike fixed learning rates, adaptive 

methods dynamically adjust the learning rate based on the observed gradients or other relevant 

factors during training. By adapting the learning rate in real-time, these methods aim to accelerate 

convergence while maintaining stability, thus improving overall training efficiency. This paper 

delves into the realm of adaptive learning rate methods tailored specifically for LLM training. The 

objective is to explore how these methods can enhance convergence speed and stability, thereby 

advancing the state-of-the-art in large-scale language model optimization. A variety of adaptive 

optimization algorithms and techniques are examined, evaluating their effectiveness in the context 

of LLM training. Through empirical analyses on benchmark datasets and extensive experiments 

with state-of-the-art LLM architectures, insights into the performance and efficacy of adaptive 

learning rate methods are provided[9]. By comparing their performance against traditional fixed 



learning rate approaches, the advantages of adaptive methods in achieving faster convergence 

without sacrificing stability are highlighted. Ultimately, this study aims to contribute to a deeper 

understanding of optimization dynamics in LLM training and to provide practical guidance for 

researchers and practitioners seeking to harness the full potential of large language models in 

natural language processing tasks. The prominence of large language models (LLMs) in natural 

language processing (NLP) research is undeniable, offering groundbreaking advancements in 

language generation, translation, and comprehension[10]. At the core of their efficacy lies the 

optimization process, tasked with refining millions or billions of parameters to capture the 

intricacies of human language. However, attaining efficient convergence in LLM training presents 

a formidable obstacle, particularly in navigating the delicate balance between speed and stability. 

Conventional optimization techniques often employ fixed learning rates, manually set and held 

constant throughout training. While effective for smaller models and simpler datasets, they 

struggle to scale adequately to the demands of LLMs. Large-scale optimization introduces 

complexities like vanishing gradients, exploding gradients, and saddle points, which can impede 

convergence and degrade performance[11]. In response, adaptive learning rate methods have 

emerged as a promising avenue for optimizing convergence in LLM training. Unlike fixed learning 

rates, these methods dynamically adjust the learning rate based on observed gradients or other 

relevant factors during training. By adapting the learning rate in real-time, they aim to accelerate 

convergence while preserving stability, thereby enhancing overall training efficiency. This paper 

delves into the realm of adaptive learning rate methods tailored specifically for LLM training. Its 

aim is to explore how these methods can augment convergence speed and stability, thereby pushing 

the boundaries of large-scale language model optimization[12]. A variety of adaptive optimization 

algorithms and techniques will be examined, evaluating their efficacy within the context of LLM 

training. Through empirical analyses on benchmark datasets and extensive experiments with state-

of-the-art LLM architectures, this study aims to provide insights into the performance and efficacy 

of adaptive learning rate methods. By comparing their performance against traditional fixed 

learning rate approaches, it seeks to underscore the advantages of adaptive methods in achieving 

faster convergence without compromising stability. Ultimately, this study seeks to contribute to a 

deeper understanding of optimization dynamics in LLM training and offer practical guidance for 

researchers and practitioners striving to harness the full potential of large language models in 

natural language processing tasks[13]. 



 

Dynamic Learning Rate Strategies for Enhanced Convergence in Large 

Language Model Training: 
 

Large language models (LLMs) have become pivotal in natural language processing (NLP), 

driving breakthroughs in tasks such as language generation, translation, and understanding. The 

effectiveness of these models heavily relies on their training process, which involves optimizing a 

vast number of parameters to capture the nuances of human language[14]. However, achieving 

efficient convergence in LLM training presents a significant challenge, particularly when 

balancing the need for speed with the necessity for stability. Traditional optimization techniques 

often employ fixed learning rates, set manually and maintained constant throughout training. 

While adequate for smaller models and simpler datasets, they often struggle to scale effectively to 

the demands of LLMs. Large-scale optimization introduces complexities such as vanishing 

gradients, exploding gradients, and saddle points, which can hinder convergence and degrade 

performance. In response to these challenges, dynamic learning rate strategies have emerged as a 

promising approach to optimize convergence in LLM training[15]. Unlike fixed learning rates, 

these strategies adaptively adjust the learning rate based on observed gradients or other relevant 

factors during training. By dynamically modifying the learning rate, they aim to accelerate 

convergence while preserving stability, thereby enhancing overall training efficiency. This paper 

explores dynamic learning rate strategies tailored specifically for LLM training with the aim of 

enhancing convergence speed and stability. We investigate a range of dynamic learning rate 

techniques, analyzing their effectiveness within the context of large language model optimization. 

Through empirical evaluations on benchmark datasets and extensive experiments with state-of-

the-art LLM architectures, we aim to provide insights into the performance and efficacy of 

dynamic learning rate strategies. By comparing their performance against traditional fixed learning 

rate approaches, we seek to demonstrate the advantages of dynamic methods in achieving faster 

convergence without sacrificing stability[16]. Ultimately, this study aims to contribute to a deeper 

understanding of optimization dynamics in LLM training and to offer practical guidance for 

researchers and practitioners seeking to maximize the efficiency and effectiveness of large 

language models in natural language processing tasks. Large language models (LLMs) have 

become indispensable tools in natural language processing (NLP), enabling advancements in 



various domains such as language generation, translation, and sentiment analysis. The 

effectiveness of these models hinges on their ability to learn complex patterns from vast amounts 

of text data, which requires an efficient optimization process during training. However, achieving 

optimal convergence in training LLMs is a challenging task, particularly when dealing with models 

containing millions or even billions of parameters. Traditional optimization methods often rely on 

fixed learning rates, which are manually set and remain constant throughout the training process. 

While effective for smaller models and simpler datasets, fixed learning rates may lead to 

suboptimal convergence in large-scale LLM training scenarios. These approaches can struggle to 

adapt to the varying gradients and curvature of the loss landscape, hindering convergence and 

slowing down training progress. To address these challenges, dynamic learning rate strategies have 

emerged as a promising approach to enhance convergence in large language model training. Unlike 

fixed learning rates, dynamic strategies adjust the learning rate during training based on the 

observed gradients or other relevant metrics[17]. By dynamically adapting the learning rate, these 

strategies aim to accelerate convergence, improve stability, and optimize training efficiency. 

Through empirical evaluations on benchmark datasets and extensive experiments with state-of-

the-art LLM architectures, we aim to assess the performance and efficacy of dynamic learning rate 

strategies. By comparing their convergence speed, stability, and overall training efficiency against 

traditional fixed learning rate approaches, we seek to highlight the advantages of dynamic 

strategies in large language model training. Ultimately, this study aims to contribute to a deeper 

understanding of optimization dynamics in LLM training and provide valuable insights for 

researchers and practitioners seeking to optimize the training process for large-scale language 

models.  

 

Conclusion: 

 

In conclusion, adaptive learning rate strategies represent a crucial tool in the arsenal of techniques 

for training large language models, offering a pathway to achieving the optimal balance between 

speed and stability in LLM optimization. By leveraging adaptive learning rate strategies, 

researchers and practitioners can unlock the full potential of large language models in natural 



language processing tasks. These strategies not only expedite training but also improve the 

robustness and effectiveness of LLMs in capturing complex linguistic patterns. 
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