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Abstract: With the continuous development of the times, there have been many significant
breakthroughs in the field of reinforcement learning, not only reflected in the improvement
of operational efficiency, but also in the emergence of new methods, all of which contribute
to the continuous concretization of reinforcement learning in reality. This article mainly
introduces the current research status of reinforcement learning, the introduction of common
basic reinforcement learning algorithms such as value function estimation, policy gradient
method, and Actor Critic algorithm. In recent years, a review of transfer learning, width
planning and active learning based methods Olive, Reptile algorithm, evolutionary strategy
(ES), two self play training schemes (Chainer and Pool), and the application analysis of
reinforcement learning in the fields of gaming, robot control, transportation, healthcare,
finance, and energy is conducted. This article aims to provide a review of the current research
status in recent years, in order to provide a reference for the future development of
reinforcement learning and indicate the existing problems in current research.
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1. Introduction

The development process of reinforcement learning as a research field includes early theoretical
foundations and subsequent rapid development stages. Reinforcement learning gradually became
independent from traditional machine learning methods and became a research field with a unique
theoretical and methodological system [1]. Nowadays, deep reinforcement learning (DRL) and deep
multi-agent reinforcement learning (Marl) have achieved significant success in many fields such as
gaming, autonomous driving, and robotics. However, they still commonly suffer from the problem of
low sample efficiency. Even dealing with relatively simple problems usually requires millions of
interactions, which seriously hinders their widespread application in practical industrial scenarios.
Among them, exploration problems are the key bottleneck challenge in improving sample efficiency,
that is, how to efficiently explore unknown environments and collect interaction data that is conducive
to strategy learning [2]. With the development of deep learning, the field of reinforcement learning
has become a powerful learning framework that can learn complex strategies in a high-dimensional
environment and has great application potential in the field of automatic driving. In addition to
perception tasks, the auto drive system also has several task scenarios that are not suitable for classical
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supervised learning, and reinforcement learning provides a promising solution for these tasks [3]. In
multi-agent reinforcement learning, multiple agents interact, learn from each other, and make
decisions in the same environment. Compared with single agent reinforcement learning, the
environment in multi-agent systems is more complex and dynamic, as the behavior of each agent
affects the state of other agents and the entire environment. Multi agent systems are typically
described using the theoretical framework of stochastic games or Markov games. In this framework,
the probability of state transition, timely rewards, and long-term returns of the environment all depend
on the joint actions of multiple agents. Each agent has its own strategy and needs to continuously
adjust its strategy based on the behavior of other agents and feedback from the environment to
maximize its own benefits [4]. Reinforcement learning provides a framework and toolkit for
designing complex and difficult to implement behaviors through traditional engineering methods in
the development of robotics related technologies. On the contrary, the challenges posed by the
problems of robots also provide inspiration, influence, and validation for the development of
reinforcement learning. The relationship between these two fields has great potential, similar to the
relationship between physics and mathematics, and the importance of their mutual promotion and
collaborative development [5]. This article will analyze the current situation in the field of
reinforcement learning by introducing some basic reinforcement learning algorithms, breakthroughs
and improvement methods in the reinforcement learning field in recent years, and important areas of
reinforcement learning applications.

2.  Introduction to the Basic Theory of Reinforcement Learning
2.1. Value function estimation

In the process of implementing reinforcement learning, value function estimation is an important part,
often used to evaluate the long-term value of taking corresponding actions in a specific state.

2.1.1.Monte Carlo Methods

The Monte Carlo method estimates the value function through training over multiple periods. During
a certain period, the intelligent agent interacts with the environment based on certain strategies from
an initial state until reaching a termination state. Its advantage is that it learns directly based on
accumulated experience without the need for dynamic model assumptions about the external
environment, especially for jobs with termination states. However, it also has disadvantages, such as
having to wait until the end of a certain period before updating the value function. This shows the
shortcomings of low learning efficiency, as well as the difficulty in applying this method to jobs or
tasks without a clear termination state.

2.1.2. Temporal Difference Learning

The time difference learning algorithm is mainly based on the idea of combining dynamic
programming and Monte Carlo methods. The specific implementation is to update the value function
ofthe current state by estimating the value of the current state and the value of the next state. It solves
the disadvantage of having to wait for a period of time to update the value function compared to
Monte Carlo methods, and has the advantage of high learning efficiency. At the same time, the idea
of dynamic programming's bootstrapping is combined to update the value of the current state using
the estimated value of subsequent states. However, the combination of bootstrapping may introduce
estimation bias.
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2.1.3. State-Action-Reward-State-Action(SARSA)

SARSA is an algorithm based on the idea of time difference learning, which is similar to Q-learning
algorithm. The difference is that SARSA updates the action value function by using the value of the
next action actually executed, rather than the action with the highest value among all possible actions
in the next state. Compared to Q-learning, SARSA is more conservative and less affected by
estimation problems, but has lower learning efficiency in tasks with strong exploratory nature.

2.2. Policy Gradient

The policy gradient method in reinforcement learning is an algorithm that optimizes policies to
maximize cumulative rewards, with the aim of finding policy parameters that maximize (or minimize)
the policy objective function. Strategy is the basis for intelligent agents to select actions based on the
current state, and for actions determined by a given state output, it can reflect the determinacy of the
strategy; According to the probability distribution of the output action, it can be seen that the strategy
also has randomness. By continuously adjusting strategy parameters, agents can obtain better
strategies through continuous learning and gain more rewards in their interaction with the
environment. The gradient represents the rate of change of the policy objective function with respect
to the policy parameters, and updating the parameters along the direction of the gradient can gradually
optimize the value of the objective function.

2.3. Actor Critic algorithm

The Actor Critic algorithm is also an important algorithm in reinforcement learning, which combines
policy based and value based methods. The Actor Critic algorithm selects an action based on the
current state, which generates an action decision. It is usually represented by a parameterized policy
function, which includes parameters representing states and actions. The ultimate goal of an actor is
to learn an optimal strategy that maximizes the cumulative rewards obtained over the long term. The
role of Critic is to evaluate the quality of the current strategy, usually reflected in the value function
or action value function, used to estimate the long-term value of taking a certain action in a given
state. Critic provides guidance for Actor updates by observing the interaction process between the
agent and the environment, and learning how to accurately evaluate the value of the current strategy
during this process. The Actor Critic algorithm exhibits strong adaptability to different types of tasks
and environments, can handle problems in discrete and continuous action spaces, and can adapt to
different reward functions and environmental dynamics. It has high learning efficiency and faster
convergence speed due to the combination of Actor and Critic.

3. Improvement and optimization of reinforcement learning

3.1. Reinforcement learning is a method of improving model performance and reducing
training time through transfer learning

Sourabh Prakash's team from the University of California, USA, studied the application of
reinforcement learning in Atari games[6], The validation method adopted is to compare the
performance of RL models trained from scratch and models trained through transfer learning, and
explore how to use transfer learning to improve performance and reduce the training time of
reinforcement learning models through the above validation method. DQN improves the performance
of Atari games and enables other reinforcement learning tasks to achieve optimal performance by
approximating the optimal Q-function using deep neural networks and learning the Q-function
through replay buffer and strategy objective network architecture. In the implementation process, use
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the vector module of the gym library to create a vectorization environment and implement
asynchronous parallel execution, improve sample generation efficiency, and use replay buffers to
ensure algorithm stability. When learning from a specific environment, a pre trained encoder from a
similar environment can be used, and the weights of the feature extractor can be frozen first. Then, a
new header layer can be added and the model fine tuned, or a new uninitialized policy network can
be added and trained from scratch. Choose a pre trained encoder, initialize the weights of the feature
layer and header layer first, and fine tune the model on the new task to enable the encoder to converge
quickly. The training model was trained on multiple Atari environments with the same action space
and tested in new, unseen environments to explore the development of general game agents. The
experimental results showed that transfer learning is more effective than training from scratch,
significantly reducing training time and improving the performance of reinforcement learning models.

3.2. Olive's method based on width planning and active learning

Benjamin Ayton's team from the Watson Al Laboratory at MIT studied an online planning and
learning agent called Olive (Online VAE IW)[7], Used for Atari games, the performance of width
based planning methods in Atari games has been improved by combining Iterative Width (IW) and
Active Learning. Olive has solved the challenges of data collection, reward attention, and dataset size
in VAE-IW through online learning, including novelty based pruning, Bayesian estimation based
search guidance, and uncertainty sampling based active learning. Introduced prior distribution of
rewards and Best Arm Identification (BAI) strategy, including algorithms such as Top Two
Thompson Sampling (TTTS) and Upper Confidence Bound (UCBI1). Updating the screen dataset
through uncertainty sampling, including passive random selection and active uncertainty based
selection, to improve the accuracy of VAE. Through the above research, it has been found that Olive
has gradually improved the quality of learning representations by actively searching for new and
rewarding states and based on good Bayesian statistical principles. Olive has shown excellent
performance in competition with width based planning methods with much larger training budgets,
demonstrating high sample efficiency.

3.3. Using Reptile algorithm for reinforcement learning to train neural networks

Sanyam Jain from the University of Stafford studied an experimental method of using Reptile
algorithm [8] for reinforcement learning to train neural networks to play Super Mario Bros. By
comparing it with Proximal Policy Optimization (PPO) and Deep Q-Network (DQN) algorithms, the
potential of Reptile algorithm for few sample learning in video game Al was demonstrated. First,
perform preprocessing to convert game frames into grayscale images, downsample and stack them to
capture motion information. Next, a convolutional neural network is used to define the model and
input the preprocessed frames to obtain the output action probability distribution. Using meta learning
algorithms to learn neural network models by calculating the gradient of expected rewards to update
initial parameters and obtain a good initialization. Fine tune the initial parameters of the neural
network model using the Reptile algorithm and adapt to the corresponding task by updating task
specific parameters and initial parameters. First, store the experience tuples in the replay buffer for
training the neural network model, and evaluate the performance of the trained agent on the test set
using the average total reward as a metric. The performance of PPO, DQN, and RAMario (Mario
using Reptile algorithm) in Super Mario Bros. was compared through experiments, and RAMario
outperformed PPO and DQN in terms of movement count and distance. The advantage of RAMario
lies in its meta learning method that can adapt to specific tasks, update weights using gradient descent,
and quickly adapt to new tasks and environments. However, Reptile algorithm relies on
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hyperparameter selection, has limited effectiveness in complex environments, is affected by data
quality, and may not be as effective as other algorithms in certain scenarios.

3.4. The advantages and potential of evolutionary strategy (ES) in optimizing neural
network weights

Annie Wong's team from Leiden Institute for Advanced Computer Science (LIACS) at Leiden
University in the Netherlands studied the application of evolutionary strategies (ES) in reinforcement
learning [9]. They compared ES with gradient based deep reinforcement learning methods and
explored its performance in optimizing linear policy networks. Three ES (CSA ES, sep CMA-ES,
CMA-ES), three gradient based DRL methods (Deep Q-learning, Proximal Policy Optimization, Soft
Actor Critic), and ARS were benchmarked. For ES and ARS, only linear strategies are trained, which
are linear mappings from states to actions. Train the same linear strategy for gradient based methods
and compare it with the original network architecture. Experiments were conducted in different
environments, including classical control tasks, MuJoCo simulated robot tasks, and Atari learning
environments. Simple methods such as classical ES and enhanced random search (ARS) can achieve
similar results to NES, and linear strategies can effectively solve continuous control tasks. Although
achieving good results, ES variants are often suitable for problems with a small number of parameters
due to computational complexity limitations.

3.5. Improve agent performance through two self play training schemes (Chainer and Pool)

Bowen He's team from the Department of Computer Science at Brown University studied the method
of training agents in Atari Pong game using two self play training schemes (Chainer and Pool) [10]
and comparing them with standard DQN agents to explore whether DQN agents truly learn the
content and the impact of adversarial training schemes on agent performance. This article proposes
two adversarial training schemes, Chainer and Pool. Pool randomly selects previous agents from a
fixed size queue as opponents and regularly updates them, while Chainer only allows the current
agent to play against its direct predecessor. When a certain evaluation threshold is reached, the current
agent replaces the opponent's strategy and continues to train subsequent agents.

The learning curve graph of Chainer (a)[ 10] shows that as training progresses, the number of steps
required for the agent to confront the opponent increases, indicating that the opponent's strength is
constantly improving.

Pooling Learning Curve (b) Pooling [10] shows that over time, as the agents in the pool become
stronger, the reward curve obtained by the current agent decreases, but it can still defeat the standard
DQN agent.

ot WY !'f’l*,h“fﬂf’f ’*' fu'.dulM‘Tiﬁw"ﬁ]LW WH'

(a) Chainer (b) Pooling

Figure 1: Learning curve result chart[10]

From figure 1, it is clear that adversarial trained agents can easily defeat standard DQN agents,
and their relative strength steadily increases as training progresses.
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4.  The fields of reinforcement learning applications

In the gaming field, intelligent agents can achieve human level control abilities in Atari games.
Despite the progress of the times, DQN algorithm is still a classic algorithm for reinforcement
learning in the gaming field, laying the foundation for the subsequent progress of reinforcement
learning in games. It was not until the proposal and implementation of MuZero algorithm [11] that it
can perform well in various games without knowing the learning rules, which has promoted the
further development of reinforcement learning in the gaming field. In the field of robotics, the
effectiveness, universality, and low cost of reinforcement learning in flexible robot operations are of
great significance for the application of robots in complex operational tasks[12].In the field of
transportation, a research team from Tsinghua University has proposed a new framework ActorRL
[13] to address the curse of dimensionality and instability challenges faced by multi-agent deep
reinforcement learning in autonomous intersection management. The actor allocation mechanism
assigns different roles to vehicles in intersection management, enabling them to better collaborate in
driving. In the field of healthcare, reinforcement learning is applied to optimize treatment plans for
chronic diseases [14]. By learning the patient's historical data and treatment feedback, personalized
treatment plans are developed to improve treatment outcomes. In the financial field, reinforcement
learning is applied to portfolio optimization [15] by learning market data and the historical
performance of investment portfolios, which can provide investors with optimal investment portfolio
strategies and improve investment returns. In the field of energy, reinforcement learning is applied to
the control of energy storage systems in microgrids [16], which optimizes the control of energy
storage systems and improves the stability and reliability of microgrids by learning the operating
status of the grid and the electricity demand of users.

5.  Challenge and Analysis

Large state space action: As the state action space increases, the difficulty of DRL naturally increases.
For example, robots in the real world often have high-dimensional sensory input and numerous
degrees of freedom, and recommendation systems have graph-structured data and a large number of
discrete actions. In addition, the state action space may have complex underlying structures, such as
causal dependence between states, compositionality and mixed nature of actions, which makes it
difficult to effectively explore in the large state action space [17].

Sparse, delayed rewards: Exploring in an environment with sparse, delayed rewards is another
major challenge. For example, in environments like Chain MDP and Montezuma's Revenge, basic
exploration strategies struggle to find meaningful states or get valuable feedback. In this case, the key
to effective exploration is to explore the environment using information unrelated to rewards as a
dense signal, along with the ability to conduct time-extended exploration (also known as time-
consistent exploration or deep exploration).

The white noise problem: The real world environment is usually highly random, and white noise
will appear in the observation or action space, such as the visual observation of an autonomous car
containing a lot of irrelevant information. In the exploratory literature, white noise is often used to
generate high-entropy states and inject randomness into the environment, which makes it difficult for
agents to build accurate dynamical models to predict the next state. For example, in a "Noisy-TV"
environment, the addition of Gaussian noise makes the agent attracted to stay in the current room and
unable to pass through more rooms [18].

Multi-agent exploration: Multi-agent exploration faces the challenges of exponentially growing
joint state action space, coordinated exploration, and local and global exploration balance.
Specifically, the increase of joint state action space makes it more difficult to explore the environment,
and individual exploration based on local information may lead to bias and non-stationarity of
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exploration measurements, making it difficult to achieve collaborative exploration. In addition,
achieving a balance between local and global perspectives is also a key issue, otherwise it can lead to
under-exploration or redundancy [19].

Lack of interpretability: Existing methods typically formalize reinforcement learning problems
through deep neural networks, which are black boxes that take sequential data as input and policies
as output. They struggle to reveal the internal relationships between states, actions, or rewards behind
the data and provide intuition about the characteristics of the strategy.

6. Conclusion

This paper describes the background, research status, improvement and optimization, application
fields and challenges of multi-agent reinforcement learning. Reinforcement learning is of great
significance in solving complex decision problems, promoting intelligence in various industries, and
allowing agents to learn optimal strategies in interaction with the environment. However, there are
many challenges, such as the exploration problem caused by the growth of state action space, sparse
delay reward, white noise interference, multi-agent coordination difficulties, data inefficiency, and
lack of interpretability. At the same time, there are some problems such as environmental uncertainty,
low sample efficiency, limited generalization ability, difficult reward design and large computing
resource demand. When it comes to improving optimization, researchers are constantly exploring
new algorithms and techniques. Its wide range of applications, although facing challenges, but with
the progress of technology, reinforcement learning is expected to play a greater role, provide strong
support for the intelligent future, become an important means to solve complex decision-making
problems, promote the industry to a higher level of intelligence, create a more efficient and intelligent
future development pattern.
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