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Abstract: 

This paper presents a comprehensive survey of model-based reinforcement learning (MBRL), a 

prominent paradigm in artificial intelligence and machine learning. Model-based reinforcement 

learning aims to enhance the efficiency and sample complexity of learning by leveraging explicit 

models of the environment. The survey delves into the challenges faced by MBRL approaches, 

ranging from model inaccuracies to computational complexity. It provides a thorough examination 

of various methods employed in MBRL, including model learning, planning, and policy 

optimization techniques. The paper also highlights the significant progress made in recent years, 

showcasing innovative advancements and successful applications in diverse domains. By offering 

insights into the state-of-the-art methodologies, the survey contributes to a deeper understanding 

of the current landscape, paving the way for future developments in model-based reinforcement 

learning. 
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Introduction: 
 

In recent years, reinforcement learning (RL) has emerged as a powerful paradigm for training 

intelligent agents to make decisions in complex and dynamic environments[1]. However, the 

sample inefficiency and sensitivity to hyperparameters of traditional model-free RL algorithms 

have spurred interest in an alternative approach: model-based reinforcement learning (MBRL). 

MBRL seeks to alleviate these limitations by incorporating explicit models of the environment, 

allowing agents to plan and learn more efficiently[2]. This paper provides a comprehensive 



exploration of MBRL, aiming to dissect the challenges faced by this paradigm, survey the diverse 

methods proposed to tackle these challenges, and showcase the notable progress achieved in the 

field. The introduction unfolds by establishing the context of RL and its accomplishments, 

emphasizing the need for more sample-efficient methods. It then introduces the core concept of 

MBRL as a promising avenue for addressing these challenges. The subsequent sections of the 

paper will delve into specific challenges, methodologies, and advancements within the MBRL 

framework[3]. This survey not only serves to familiarize the reader with the current landscape of 

MBRL but also sets the stage for understanding the intricacies and nuances that will be discussed 

in more detail throughout the paper. In recent years, reinforcement learning (RL) has emerged as 

a dominant approach in the realm of machine learning, showcasing remarkable achievements 

across various applications, from game playing to robotic control. Among the different paradigms 

within RL, model-based reinforcement learning (MBRL) stands out for its potential to expedite 

learning and achieve higher sample efficiency. By incorporating explicit models of the 

environment, MBRL seeks to bridge the gap between exploration and exploitation, offering 

promising avenues for addressing challenges inherent in model-free approaches. However, the 

journey of MBRL is not without hurdles[4]. The intricacies of accurately modeling complex 

environments, the computational demands associated with planning, and the scalability issues pose 

significant challenges. Moreover, striking a balance between model accuracy and computational 

efficiency remains a formidable task. This paper embarks on a comprehensive exploration of 

model-based reinforcement learning, aiming to dissect its challenges, elucidate the methods 

devised to overcome them, and delineate the remarkable progress witnessed in recent times. 

Through this survey, we endeavor to provide readers with a nuanced understanding of MBRL, 

shedding light on its methodologies, innovations, and future trajectories. By synthesizing insights 

from seminal works and cutting-edge research, this study aspires to serve as a beacon for 

researchers and practitioners navigating the multifaceted landscape of model-based reinforcement 

learning[5]. In recent years, reinforcement learning (RL) has achieved remarkable success in 

various domains, ranging from game playing to robotic control. However, the high sample 

complexity and inefficiencies in real-world applications have prompted researchers to explore 

alternative approaches. Model-Based Reinforcement Learning (MBRL) emerges as a promising 

paradigm that addresses these challenges by incorporating explicit models of the environment. 

This paper provides a comprehensive exploration of MBRL, aiming to elucidate its fundamental 



principles, challenges, and the progress made in mitigating its limitations. As opposed to traditional 

model-free RL methods, MBRL leverages acquired models of the environment to enhance 

decision-making processes[6]. By extrapolating from observed data, these models offer a valuable 

mechanism to simulate and plan ahead, potentially reducing the extensive trial-and-error sampling 

required by model-free counterparts. However, the adoption of MBRL is not without its challenges. 

Model inaccuracies, computational complexity, and the delicate balance between exploration and 

exploitation are among the critical issues that demand careful consideration. This survey embarks 

on a journey through the landscape of MBRL, dissecting the challenges faced by this approach 

and shedding light on the myriad of methods devised to address them. From model learning 

techniques to planning and policy optimization strategies, the paper explores the diverse toolkit 

employed in MBRL. Furthermore, it navigates through the notable progress made in recent years, 

illustrating successful applications and innovative advancements that contribute to the ongoing 

evolution of MBRL[7]. By providing an in-depth understanding of the current state-of-the-art, this 

survey aims to pave the way for future breakthroughs in the field of model-based reinforcement 

learning, as illustrated in figure1: 

 

 

Figure1: Model-Based Reinforcement Learning 

 

The Evolution of Model-Based Reinforcement Learning: 
 

In the dynamic realm of reinforcement learning (RL), the quest for efficient and effective learning 

strategies has been ceaseless. Among the myriad approaches that have emerged, model-based 

reinforcement learning (MBRL) stands out for its potential to bridge the gap between data 



efficiency and optimal decision-making[8]. As algorithms evolve and computational capabilities 

expand, the landscape of MBRL has witnessed transformative shifts, offering both challenges and 

unprecedented opportunities. This paper delves deep into the evolutionary trajectory of MBRL, 

tracing its roots, highlighting pivotal advancements, and illuminating the challenges that have 

shaped its progression. Through a meticulous examination of historical landmarks, methodological 

breakthroughs, and contemporary applications, we aim to provide a comprehensive overview of 

how MBRL has evolved, the milestones achieved, and the promising avenues that lie ahead. In the 

dynamic realm of reinforcement learning (RL), the quest for efficient and effective learning 

strategies has been ceaseless. Among the myriad approaches that have emerged, model-based 

reinforcement learning (MBRL) stands out for its potential to bridge the gap between data 

efficiency and optimal decision-making. As algorithms evolve and computational capabilities 

expand, the landscape of MBRL has witnessed transformative shifts, offering both challenges and 

unprecedented opportunities[9]. This paper delves deep into the evolutionary trajectory of MBRL, 

tracing its roots, highlighting pivotal advancements, and illuminating the challenges that have 

shaped its progression. Through a meticulous examination of historical landmarks, methodological 

breakthroughs, and contemporary applications, we aim to provide a comprehensive overview of 

how MBRL has evolved, the milestones achieved, and the promising avenues that lie ahead. In the 

dynamic realm of reinforcement learning (RL), the quest for efficient and effective learning 

strategies has been ceaseless. Among the myriad approaches that have emerged, model-based 

reinforcement learning (MBRL) stands out for its potential to bridge the gap between data 

efficiency and optimal decision-making. As algorithms evolve and computational capabilities 

expand, the landscape of MBRL has witnessed transformative shifts, offering both challenges and 

unprecedented opportunities[10]. This paper delves deep into the evolutionary trajectory of 

MBRL, tracing its roots, highlighting pivotal advancements, and illuminating the challenges that 

have shaped its progression. Through a meticulous examination of historical landmarks, 

methodological breakthroughs, and contemporary applications, we aim to provide a 

comprehensive overview of how MBRL has evolved, the milestones achieved, and the promising 

avenues that lie ahead. In the dynamic landscape of reinforcement learning, the quest for efficient 

decision-making agents has witnessed a paradigm shift with the advent of model-based 

approaches. Model-Based Reinforcement Learning (MBRL) stands at the forefront, offering 

promising avenues for improved learning and decision-making capabilities. As we delve into the 



evolution of MBRL, this paper explores the challenges faced, the methods developed, and the 

notable progress achieved in harnessing the power of predictive models. The journey of MBRL is 

marked by a continuous pursuit of overcoming the limitations of traditional model-free 

approaches. By incorporating predictive models, agents gain the ability to simulate and plan their 

actions, paving the way for enhanced decision-making in complex and uncertain environments. 

This evolution has spurred a multitude of challenges, ranging from accurate model estimation to 

efficient planning strategies. This paper aims to provide a comprehensive understanding of the 

evolution of MBRL, beginning with the foundational challenges that initiated its development. We 

delve into the various methods devised to tackle these challenges, from simple model-based 

control to sophisticated algorithms that leverage predictive models for planning and decision-

making[11].  

 

A Comprehensive Review of Model-Based RL Challenges and Methods: 
 

In the realm of reinforcement learning, the pursuit of more efficient and data-efficient algorithms 

has led to the emergence and prominence of model-based approaches. Model-Based 

Reinforcement Learning (MBRL) stands as a pivotal paradigm that aims to leverage predictive 

models for enhanced decision-making in dynamic and complex environments[12]. This 

comprehensive review delves into the challenges encountered by MBRL and the diverse range of 

methods developed to address them, providing an in-depth exploration of the current landscape. 

The introduction of this paper sets the stage by highlighting the ever-growing demand for 

intelligent agents capable of making informed decisions in real-world scenarios. Traditional 

model-free reinforcement learning approaches have demonstrated success but often struggle with 

sample inefficiency and exploration challenges. This has spurred the development and refinement 

of model-based methods that strive to learn and utilize predictive models of the environment. The 

journey into the challenges of MBRL begins with an exploration of the intricacies associated with 

accurate model estimation. Understanding the limitations of these models, such as uncertainties 

and inaccuracies, becomes paramount in the pursuit of effective decision-making[13]. The 

introduction further emphasizes the need for efficient planning strategies to harness the full 

potential of predictive models. As we embark on this comprehensive review, the paper unfolds a 



diverse array of methods employed in the MBRL landscape. From simple model-based control to 

sophisticated algorithms incorporating advanced planning techniques, each method contributes to 

the ongoing evolution of MBRL. The introduction aims to capture the essence of these methods, 

highlighting their unique characteristics and applications. The overarching goal of this 

comprehensive review is to provide researchers, practitioners, and enthusiasts with a deep 

understanding of the challenges faced by MBRL and the arsenal of methods available to overcome 

them. By synthesizing current knowledge and advancements, this paper strives to contribute to the 

continued growth and refinement of model-based reinforcement learning in the ever-evolving field 

of artificial intelligence. Reinforcement Learning (RL) has witnessed transformative 

advancements in recent years, with Model-Based Reinforcement Learning (MBRL) emerging as a 

pivotal research frontier. As RL systems aim for greater efficiency, reliability, and scalability, the 

integration of predictive models within the learning paradigm has garnered significant attention. 

This comprehensive review delves deep into the multifaceted realm of MBRL, offering an 

exhaustive exploration of its inherent challenges and the methodological approaches devised to 

address them. The integration of predictive models in RL heralds a paradigmatic shift, enabling 

agents to simulate future outcomes and optimize decision-making processes[14]. While the 

potential benefits of MBRL are vast, its practical implementation is fraught with challenges that 

necessitate rigorous investigation and innovative solutions. These challenges span a spectrum of 

issues, encompassing model accuracy, computational complexity, scalability, and the intricate 

balance between model learning and exploitation. This review embarks on a systematic journey 

through the labyrinthine challenges that define the landscape of MBRL. We meticulously dissect 

each challenge, providing insights into its underlying mechanisms, implications, and ramifications 

for RL systems. Concurrently, we elucidate the diverse methodological approaches and 

algorithmic innovations that have been pioneered to navigate these challenges effectively. 

Furthermore, this review serves as a compendium of knowledge, synthesizing the collective 

wisdom of the research community and identifying promising avenues for future exploration. By 

offering a comprehensive perspective on the challenges and methods shaping MBRL, we aspire to 

catalyze advancements, foster collaboration, and propel the field towards new horizons of 

innovation and excellence[15]. 

Conclusion: 



In conclusion, Model-Based Reinforcement Learning (MBRL) stands at the forefront of innovative 

approaches in training intelligent agents. The challenges faced by MBRL are multi-faceted, 

ranging from accurate model specification to addressing uncertainties and adapting to real-world 

complexities. This review has provided a comprehensive overview of the evolving landscape, 

highlighting the diverse methods devised to overcome these challenges. The examination of model 

learning techniques, planning algorithms, and hybrid approaches has underscored the ongoing 

efforts to enhance MBRL's efficiency and applicability. While significant progress has been made, 

several challenges persist, necessitating continued research and exploration. As MBRL continues 

to evolve, it is crucial to recognize its potential impact on diverse domains, from robotics and 

automation to healthcare and finance.  
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