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A B S T R A C T  
 

In many settings, reinforcement learning (RL) has proven to be an effective tool for tackling difficult 

decision-making challenges. Traditional RL algorithms, on the other hand, frequently hit walls when 

confronted with issues of a sufficiently great scale or complexity. Distributed reinforcement learning 

(DRL) is a new area of study that hopes to circumvent these restrictions by dividing the learning 

workload among several computers. In this work, we offer a thorough overview of DRL, discussing its 

history, difficulties, applications, evaluation, scalability, and outstanding issues. We classify DRL 

approaches and frameworks and examine their similarities and differences. We also highlight the 

difficulties and restrictions of using DRL in real-world circumstances and examine its practical 

applicability in a variety of fields. We also describe current trends and future directions for evaluating 

DRL algorithms, and we analyse the performance of DRL algorithms on benchmark tasks. We also go 

through various options for distributed computing in DRL, as well as other methods for increasing the 

scalability and efficiency of DRL algorithms. We conclude by outlining key concerns and obstacles in 

DRL study, and by making suggestions for moving the subject forward. Overall, the goal of this survey 

is to give readers a picture of where things stand in terms of DRL study and application at the moment. 
  

 

1. INTRODUCTION 

In robotics, games, and finance, just to name a few, reinforcement learning (RL)[1] has proven to be a very effective 
method for handling difficult decision-making problems. Traditional RL algorithms, on the other hand, frequently hit walls 
when confronted with issues of a sufficiently great scale or complexity. To overcome these constraints, researchers have 
begun looking at distributed reinforcement learning (DRL)[2], which uses several agents or machines to carry out the 
learning process. DRL's ability to help scale RL algorithms and find answers to previously intractable issues has garnered a 
lot of interest in recent years. 

This study aims to provide a thorough overview of DRL by discussing its history, difficulties, applications, assessment, 
scalability, and outstanding issues. Researchers and practitioners in the field of RL can benefit from the survey results by 
learning more about the present state of the art in DRL research and gaining insight into possible directions for future 
study. The study of distributed reinforcement learning (DRL) has become increasingly popular in recent years. Traditional 
reinforcement learning algorithms have limitations in terms of scalability and complexity, which is why DRL is being 
studied so intensively. DRL's scalability and speed of learning are both enhanced by the fact that the learning process is 
distributed among several agents or processors. 

Robotics, video games, banking, healthcare, and transportation are just a few of the many real-world uses of DRL[3]. DRL 
has been implemented in a wide variety of contexts, including robotics, finance, and autonomous vehicles. These examples 
show how DRL can be used to boost performance and security in a variety of settings. Further, DRL can shed light on the 
cognitive processes of living things. Researchers can learn more about how biological organisms learn and possibly create 
new treatments for illnesses that influence learning and decision-making by analysing the behaviour of DRL algorithms. 

DRL's capacity to address the limitations of classic RL algorithms, its many practical applications, and its promise to shed 
light on the ways in which biological organisms learn and make decisions all contribute to its significance and motivate 
further research. By expanding DRL, we can create better learning algorithms that can take on tough challenges in a wide 
range of fields. 
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The paper will proceed as described below. In Section 2, we introduce RL and discuss the strengths and weaknesses of the 
more common RL algorithms. The difficulties of DRL are discussed in Section 3. In Section 3, we give a taxonomy of 
DRL approaches and frameworks, and in Section 4, we compare and contrast several DRL methods. We highlight the 
difficulties and restrictions of using DRL in real-world contexts and analyse their implications in Section 5. In Section 6, 
we explore current trends and future directions for evaluating DRL algorithms, and we evaluate the performance of DRL 
algorithms on benchmark tasks. Section 7 explains how distributed computing in DRL can be used to make DRL 
algorithms more scalable and efficient. Finally, in Section 8, we detail the most pressing problems plaguing DRL studies 
and make suggestions for moving the field forward. This survey intends to contribute to the development of DRL by 
identifying relevant research topics and outstanding problems, and it provides a thorough overview of the present state of 
the art in DRL research and its applications. 

 

2. BACKGROUND 

Decision-making through experience is the subject of reinforcement learning (RL), a branch of machine learning. In RL, a 
learner takes activities to maximise a cumulative reward signal by changing the world around it. Amazing progress has 
been made in a variety of fields using RL, such as gaming, robotics, and finance. 

However, traditional RL algorithms[4] have difficulty dealing with situations of a sufficiently great scale or complexity. 
Traditional RL algorithms' computational and memory needs grow exponentially with the size of the problem space. In 
addition, actual outcomes can be hard to come by because the learning process is often slow and inefficient in complicated 
contexts. Distributed reinforcement learning (DRL) is an effort to share the load of learning across numerous agents or 
machines in an effort to overcome these restrictions. DRL has the potential to allow RL algorithms to scale to larger 
datasets and provide solutions to otherwise intractable situations. 

The field of DRL[5, 6] has received a lot of attention recently, and several new methods and frameworks have been 
presented as a result. OpenAI Gym, a widely used RL framework, includes support for Ray-based distributed RL. Another 
well-liked strategy for DRL is the parameter server architecture, in which numerous agents take their cues from one master 
server. Actor-critic methods, in which several agents interact with the environment and learn from each other's 
experiences, and federated learning, in which agents learn from their local data and share the learned model with a central 
server, are two more approaches. To provide an overview of the state-of-the-art and indicate future research paths in DRL, 
numerous surveys and evaluations have been done. For instance, [7] recent review presents an in-depth summary of the 
difficulties and solutions in DRL, with an emphasis on the importance of communication and synchronisation in 
distributed learning. Another comprehensive review is [8], who classify DRL approaches and frameworks and go over 
their uses and drawbacks. 

While these studies shed light on important questions in DRL, they do not give comprehensive coverage of the topic. The 
goal of this work is to present a high-level overview of DRL, covering its history, difficulties, applications, assessment, 
scalability, and outstanding issues. We also provide a comparison of the various DRL methods and frameworks and 
present a taxonomy of DRL methods and frameworks. 

 

3. DISTRIBUTED REINFORCEMENT LEARNING 

Reinforcement learning (RL) is a powerful technique for training AI agents to make decisions in complex environments. 
However, traditional RL can be slow, especially for complex tasks that require a lot of experience. This is where 
Distributed Reinforcement Learning (DRL) comes in. DRL tackles the challenge of slow training by distributing the 
learning process across multiple machines. Imagine a team of agents simultaneously exploring an environment, each one 
gathering experiences. In DRL, these experiences are then shared and used to train a central policy, which guides the 
actions of all the agents. To facilitate learning across a larger set of agents or computers, researchers in the field of 
reinforcement learning (RL) developed the concept of distributed reinforcement learning (DRL)[7, 8]. Since DRL may be 
scaled up to enable faster learning, it may be able to address difficult issues that regular RL algorithms cannot. In DRL, 
numerous agents that are capable of autonomous learning and environmental interaction must work together. A local 
observation is received by each agent, the agent acts in accordance with its policy, and the agent is rewarded with a signal 
from the environment. Agents use the rewards they earn to inform policy changes and to disseminate their knowledge to 
other agents. The agents will keep learning until they reach a consensus on the best course of action. 

The exploration-exploitation trade-off, non-stationary environments, and the requirement for constant communication and 
synchronisation are only a few of the issues plaguing DRL[9]. We explore the many DRL methods and frameworks that 
have been offered by researchers to overcome these obstacles. One common method for DRL[10] is the parameter server 
architecture, in which numerous agents take their cues from one master server. Parameters are updated on a global scale 
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when agents report their experiences and policy gradients to a central server. The agents are then prompted to adjust their 
policies based on the new parameters. The parameter server structure allows for asynchronous education and decreases the 
burden of communication between nodes. 

Another method for DRL is federated learning, in which agents learn independently but then share their collectively-
learned models with a master server. The server collects the agents' models and uses them to revise the master model. 
Since federated learning eliminates the need for agents to share data, privacy problems are mitigated, and decentralised 
learning is made possible. Multiple agents interact with the environment and learn from each other's experiences in what is 
known as an actor-critic method of DRL. An actor network, which learns the policy, and a critic network, which learns the 
value function, are both present in each agent. The agents communicate with one another, comparing policy and value 
predictions, and adapting their networks accordingly. The exploration-exploitation trade-offs can be minimised, and 
cooperative learning can take place, via actor-critic approaches. 

DRL algorithms include a large number of agents and machines, making it difficult to evaluate and scale them. Standard 
measures of DRL performance include mean reward, convergence rate, and learning stability. The number of agents, 
communication overhead, and available computer resources are all elements that affect the scalability of DRL algorithms. 
The field of DRL has a number of unanswered questions and potential future developments. Improved generalisation and 
transfer learning; integration of DRL with other learning paradigms including supervised and unsupervised learning; and 
the development of more efficient and scalable DRL algorithms all fall under this category. If these issues are resolved, 
DRL will be able to take on much more difficult tasks across several fields. 

 

Fig. 1.  Reinforcement Learning 

 

 

 

4. APPLICATIONS OF DRL 

DRL has been successfully applied to a wide range of domains, including robotics, gaming, finance, and healthcare. In 

this section, we discuss some of the notable applications of DRL. 

 

• Robotics 

DRL has shown promising results in robotics, where it has been used for tasks such as grasping, locomotion, and 

manipulation. DRL algorithms enable robots to learn complex skills from scratch, without the need for human 

programming. For example, DRL has been used to train a robot to play table tennis, where the robot learned to control its 

movements and predict the trajectory of the ball. 

 

 

• Gaming 
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Gaming is another domain where DRL has shown remarkable results. DRL algorithms have been used to train agents to 

play classic games such as Atari and Go. These agents have achieved superhuman performance, outperforming even the 

best human players. DRL has also been used to develop new games, where the agents learn the rules and strategies of the 

game from scratch. 

 

• Finance 

DRL has also been applied to finance, where it has been used for tasks such as portfolio management, algorithmic 

trading, and risk management. DRL algorithms enable agents to learn complex trading strategies from historical data and 

adapt to changing market conditions. For example, DRL has been used to develop an algorithmic trading system that 

achieved higher returns than traditional trading algorithms. 

 

• Healthcare 

DRL has also shown potential in healthcare, where it has been used for tasks such as disease diagnosis, drug discovery, 

and personalized treatment. DRL algorithms enable agents to learn from large-scale medical data and provide 

personalized recommendations to patients. For example, DRL has been used to develop a personalized treatment plan for 

patients with Parkinson's disease, where the agent learned to adjust the dosage of medication based on the patient's 

symptoms. 

 

5. EVALUATION AND PERFORMANCE ANALYSIS 

Evaluating the performance of DRL algorithms is essential to assess their effectiveness and compare them with other 
approaches. In this section, we discuss some of the common evaluation metrics and performance analysis techniques used 
in DRL. 

The following are some of the common evaluation metrics used to assess the performance of DRL algorithms: 

• Reward: The reward obtained by the agent for completing a task is a common metric used in DRL. The higher the 
reward, the better the performance of the agent. 

• Success rate: The success rate measures the percentage of times the agent successfully completes the task. It is a 
useful metric when the goal is to achieve a specific task. 

• Exploration rate: The exploration rate measures the percentage of time the agent spends exploring new actions 
instead of exploiting known actions. A higher exploration rate can lead to better performance in the long run but 
may result in lower short-term rewards. 

• Convergence rate: The convergence rate measures how quickly the agent converges to an optimal policy. A faster 
convergence rate is desirable as it leads to faster learning. 

The following are some of the common performance analysis techniques used in DRL: 

• Learning curves: Learning curves show the performance of the agent over time as it learns from experience. They 
are useful for assessing the effectiveness of the algorithm and identifying areas for improvement. 

• Hyperparameter tuning: DRL algorithms often have many hyperparameters that need to be tuned to achieve 
optimal performance. Hyperparameter tuning involves testing different combinations of hyperparameters and 
selecting the best performing one. 

• Visualization: Visualizing the behavior of the agent can provide insights into its learning process and help identify 
areas for improvement. For example, visualizing the action-value function can reveal which actions are most 
valuable in different states. 
 

• Ablation study: An ablation study involves testing the performance of the agent with different components 
removed or modified. It can help identify which components are essential for achieving optimal performance. 

Evaluating the performance of DRL algorithms is crucial for assessing their effectiveness and improving their 
performance. By using appropriate evaluation metrics and performance analysis techniques, researchers can gain insights 
into the strengths and weaknesses of different DRL algorithms and identify ways to improve their performance. Number 
equations consecutively.  
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6. SCALABILITY AND EFFICIENCY OF DRL 

The practical implementation of DRL algorithms relies heavily on their scalability and efficiency. In this section, we 
explore some of the obstacles and solutions to DRL's scalability and efficiency problems. Some difficulties in increasing 
DRL algorithms' throughput and scalability include the following. DRL algorithms can be computationally costly, 
necessitating a large amount of computing in order to train the agents. The algorithm's scalability and performance may be 
impaired as a result of this. In distributed DRL, communication between agents might be a bottleneck, especially if they 
are located in different physical locations. This might cause delays and lower productivity. In a distributed setting, it can be 
difficult to provide the quantity of memory, disc space, and computing power that DRL algorithms require. 

The following are some methods for making DRL algorithms more efficient and scalable: 

Scalability and efficiency of DRL algorithms can be greatly increased by computing them in parallel. Data parallelism, 
model parallelism, and pipeline parallelism are all methods that can be used to accomplish this goal. Through the use of 
distributed computing, the computational weight of DRL algorithms can be spread across numerous machines, allowing 
for the usage of larger datasets. Parameter servers, federated learning, and distributed reinforcement learning are among 
methods that can help with this. DRL models can be made smaller through the use of model compression techniques 
without suffering a noticeable drop in performance. DRL algorithms may need less storage space and RAM as a result of 
this. Hardware acceleration: Methods like graphics processing units (GPUs) and tensor processing units (TPUs) can greatly 
improve the efficiency of DRL algorithms by accelerating their computation. 

Robotics, video games, the financial sector, and even healthcare have all benefited from the implementation of scalable 
and effective DRL algorithms. Robots have been trained to do complicated tasks like grasping and manipulation with the 
help of effective DRL algorithms. Algorithmic trading and portfolio management are two financial applications that have 
made use of scalable DRL algorithms. The practical implementation of DRL algorithms relies heavily on their scalability 
and efficiency. Scalability and efficiency of DRL algorithms can be enhanced through the use of relevant techniques 
including parallelization, distributed computing, model compression, and hardware acceleration, allowing for their 
implementation in practical settings. 

 

7. CHALLENGES AND OPEN PROBLEMS 

Despite the recent advances in DRL, there are still many challenges and open problems that need to be addressed. In this 
section, we discuss some of the most significant challenges and open problems in DRL. 

1. Scalability One of the most significant challenges in DRL is scalability. While distributed DRL can help address this 
issue to some extent, there are still many open problems in this area. For example, how can we scale DRL algorithms 
to handle extremely large datasets or highly complex environments? How can we minimize communication overhead 
and ensure efficient use of resources? 

2. Exploration Another significant challenge in DRL is exploration and exploitation. DRL algorithms often require a 
significant amount of exploration to learn an optimal policy, but excessive exploration can lead to high computational 
and time costs. How can we balance exploration and exploitation in DRL algorithms to achieve optimal performance 
while minimizing the computational and time costs? 

3. Generalization  is another important challenge in DRL. DRL algorithms often require a large number of training 
samples to learn an optimal policy, but the policy may not generalize well to new, unseen environments. How can we 
improve the generalization performance of DRL algorithms? 

4. Safety is an important concern in many DRL applications, such as robotics and healthcare. How can we ensure that 
DRL agents behave safely in these applications? How can we design DRL algorithms that are robust to uncertainties 
and adversarial attacks? 

5. Explainability is another important challenge in DRL. DRL algorithms can learn complex policies that are difficult to 
interpret, making it challenging to understand how the algorithm arrived at a particular decision. How can we design 
DRL algorithms that are transparent and explainable? 

6. Transfer Learning  is an important problem in DRL, particularly for applications where training data is limited or 
expensive to obtain. How can we leverage knowledge from previous tasks to improve the learning performance of 
DRL algorithms? How can we design DRL algorithms that can transfer knowledge between tasks efficiently? DRL 
has made significant progress in recent years, but there are still many challenges and open problems that need to be 
addressed. By addressing these challenges and open problems, researchers can further improve the scalability, 
efficiency, safety, and generalization performance of DRL algorithms and enable their use in real-world applications. 
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8.   CONCLUSION 

Finally, distributed reinforcement learning (DRL) stands out as a potentially game-changing field that could completely 
alter the way in which difficult problems that need for extensive thought are approached. This survey provides a thorough 
introduction to DRL, including the field's basic concepts, various approaches, and real-world implications. As we delve 
deeper into DRL's potential, we also shine a light on the challenges and open questions that now plague this field. 
Significant difficulties exist that researchers and practitioners must overcome, such as scalability, exploration and 
exploitation trade-offs, generalization capabilities, safety issues, explainability, and transfer learning. Despite these 
limitations, DRL has shown encouraging outcomes in numerous domains, including robotics, gaming, finance, and 
healthcare. If we work to increase our understanding of DRL and tackle the outstanding challenges, we can unlock the 
technology's full potential. It is clear that future breakthroughs in AI and other fields will be enabled by ongoing research 
and innovation in DRL. Persevering and working together to overcome obstacles is the key to realizing DRL's 
transformative potential for addressing difficult, real-world situations. 
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