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Abstract. Reinforcement learning and deep reinforcement learning, as a research hotspot in the 
field of machine learning, have been widely used in our daily life. In this field, game is playing an 
extremely important role in the developing of reinforcement learning algorithms. Based on the Tennis 
environment built by Unity ML Agents, this paper used three algorithms, Proximal Policy Optimization 
(PPO), Multi-Agent Deep Deterministic Policy Gradients (MADDPG) and Soft Actor-Critic (SAC), 
combined with PyTorch framework, solved the continuous control problem of this environment. 
Meanwhile, a group of optimal parameters are obtained through multiple trainings, so that Agents 
can achieve a perfect effect of solving the continuous control problem in Tennis environment. At the 
end, this paper compared and analyzed the difference among these three algorithms, summarized 
the application and properties of each algorithm. For different parameters of the algorithm, this paper 
also maked a comparison and explained the reasons for some special cases as well which can be 
used for the future work. 
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1. Introduction 

PPO is a model-free algorithm which is aiming to enhance the stability and sample efficiency of 
policy gradient methods [1]. PPO uses a "trust region" optimization method to ensure that the updates 
to the policy are bounded, which helps to prevent the policy from making large, unexpected changes. 
PPO has been used in a huge range of RL problems, including control of robotic systems, game 
playing, and recommendation systems. Its combination of stability and sample efficiency make it a 
popular choice for many RL tasks [2-3]. MADDPG is an extension of the popular DDPG algorithm 
to the multi-agent setting. MADDPG is a model-based RL algorithm that uses deep neural networks 
to learn the optimal policies for multiple agents interacting with each other in a shared environment. 
MADDPG has been applied to a variety of multi-agent tasks, including cooperative and competitive 
environments [4]. Its ability to handle complex, multi-agent interactions make it a valuable tool for 
studying emergent behavior in multi-agent systems. SAC is a model-based algorithm that Inherits the 
advantages of value - based and policy - based algorithms. SAC uses a soft Q-function and an actor 
function to learn the optimal policy for a given environment. The soft Q-function estimates the 
expected return of taking a particular action in an existing state, while the actor function determines 
the optimal action to take based on the current state [5]. SAC has been shown to outperform other RL 
algorithms on many kinds of tasks, including control of robotic systems, game playing, and 
recommendation systems. Its ability to learn robust policies even in the presence of uncertainty makes 
it a valuable tool for real-world applications.  

This paper mainly discusses the effect of PPO, MADDPG and SAC three commonly used 
reinforcement Learning algorithms on the Machine Learning Agents' tennis environment. At the same 
time, by adjusting the parameters of different algorithms, the training results of different algorithms 
are compared, and the situation affected by the parameters is finally drawn. The outcomes can 
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contribute to people who are ready to choose better algorithms or better parameters to achieve better 
performance and results when encountering other similar reinforcement learning environments. It 
also makes people more familiar with the advantages and disadvantages of each of the three 
algorithms. 

2. Method 

This part is the about the introduction of the chosen algorithms and the result each algorithm leads 
to. Training in the same model, the researchers set a goal of 2.5 total scores for each algorithm to 
reach. And due to the features of different algorithms, they performed variously. 

2.1 Proximal Policy Optimization(PPO) Algorithm 

PPO algorithm as a new kind of off-policy gradient algorithm, is based on Actor Critic architecture. 
By clip the importance sampling ratio, which can be limited it to a range [6]. 

The traditional policy gradient algorithm uses the following formula as the loss of the policy 
network: 

 
ො݃ ൌ tܧ

෡ൣ׏ఏ log ఏߨ ሺ at ∣∣ st ሻAt
෢൧                            (1) 

 
However, this method is easy to lead to large differences between ߨఏሺ at ∣∣ st ሻ and ߨఏ೙೐ೢሺ at ∣∣ st ሻ, 

which is not conducive to convergence. For this reason, PPO uses clip [7]. The policy network loss 
value of PPO before the clip is as follows: 
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Then it does the following for the above equation: 
 

LCLIP ሺߠሻ ൌ ௧෡ܧ ൣmin൫rtሺߠሻAt
෢, ,ሻߠሺrtሺ݌݈݅ܿ 1 െ ߳, 1 ൅ ߳ሻܣ௧෢t൯൧            (3) 

 
That’s the core idea of PPO and can prevents excessive model updating, making the algorithm 

effective and easy to implement and tune parameters. As the default reinforcement learning algorithm 
for OpenAI to test new environment, this paper used this algorithm for training. 

 
Fig 1. Flow Chart of PPO Algorithm to play Tennis 
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Because of for each racket (Agent), its observation of the environment and choice of action both 
are the same, so we can combine the two Agents’ networks, just need two networks to train the Agent. 
One network input the current state and outputs the probability ߨሺ ܽ௧ ∣∣ ௧ݏ ሻ of each action, which is 
called the policy network. A value network inputs the current state and outputs the value of the current 
state, which can be used to evaluate the value of an action, which is called critic network. In this 
article, the racket moves up, down, left and right, so use a two-dimensional vector to represent, 
because of this, that’s a multidimensional action problem. That’s the reason why we use log standard 
deviation in our code to output multiple mean and variance to generate multiple distributions to 
sample. The definition of state has been mentioned in the environmental description, so a high-
dimensional vector is enough to represent it. Training with PPO algorithm to play Tennis game can 
be summarized by the figure 1. 

First, load the Tennis environment, read the data and the algorithm configuration. Then let the two 
rackets (Agent) interact with the environment, get the probability of all actions through the actor 
network. Meanwhile, sample an action by probability, which will be input into the environment to 
get ݏଵ and ݎଵ. After thar, get current status value ݒሺݏ଴ሻthrough critic network. When all of these 
already done, ሺݏ଴, ܽ଴, ,ଵݎ ,଴ሻݏሺݒ log ܲ ሺ ܽ଴ ∣∣ ଴ݏ ሻ,  ሻ can be collected, that’s the data ofݐ݋݊	ݎ݋	݁݊݋݀
racket interact with the environment. After iterate through this data backwards we can calculate 
returns and advantages: 

 

,௧ݏ஘ሺܣ ܽ௧ሻ ൌ ∑ γ௧
′ି௧ݎ௧′௧′வ௧ െ மܸሺݏ௧ሻ                         (4) 

 
 The fourth step is to Shuffle indices of the collected data and use advantages and returns to 

calculate policy loss and value loss. So, we can calculate the loss just like this: 
 

௧ܮ
஼௅ூ௉ା௏ிାௌሺθሻ ൌ ௧෡ܧ ሾܮ௧

஼௅ூ௉ሺθሻ െ ܿଵܮ௧
௏ிሺθሻ ൅ ܿଶܵሾπ஘ሿሺݏ௧ሻሿ                   (5) 

 
At the end, we should make sure to Clip the gradients before update the network. Through all these 

steps, one episode is already done and we need to steadily train the model till the convergence.  

2.2 Multi-Agent Deep Deterministic Policy Gradients(MADDPG) Algorithm 

People use Q- network to make state-action affect values. It may determine the best action which 
has the largest estimated state-action value by feeding it current state [7]. To carry it out, it’s required 
to do a series of random actions and collect information. After it has got tons of information, it starts 
updating the model. But for DQN, it is designed to work in spaces with continuous-action. This is 
caused by the feature that Q-Learning computes all possible state-actions values and then chooses the 
highest one. It’s impossible to carry out the method of Q iteration in continuous action spaces since 
continuous policy-making is needed. That’s why people adopt Actor-Critic methods. Besides using 
an actor-critic method, the Deep Deterministic Policy Gradient (DDPG) algorithm additionally uses 
a replay buffer and target networks that updates Actor and Critic periodically to adopt Deep Q-
networks in off-policy learning [8]. Such modifications made the algorithm more stable. Multi-Agent 
Deep Deterministic Policy Gradients (MADDPG) is based on the theory of DDPG. It's adopted in 
multi-agent topics. And it has several features. It extends DDPG into a multi-agent policy gradient 
algorithm. And it centralized the training while decentralizing execution at the same time. It only uses 
local information to update the policy. what makes it special is that it balances between competition 
and cooperation of multi-agents.  

This algorithm was used to train the tennis model and aim to see its result in training two agents. 
The action in the tennis model chosen for the research is continuous, and this made MADDPG a 
reasonable choice among all algorithms developed for reinforcement learning. To use MADDPG 
algorithm in the tennis model, we update the training in the following method: 

Before training process starts, initial state x . And each episode after training begins, for each 
agent i , select an action with current policy and exploration:  
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Execute 1 2( ), ,... Na a a a , get the reward r  and new state 'x .After the execution, store 

( ), , , 'x a r x  in buffer D  , and then overlap x  with 'x . 

Then for agent i  = 1 to N, Sample a random minibatch of S  samples ( ), , , 'j j j jx a r x from D  

and set iy : 
 

'
1 ) ' , ' , )...,( ' | (' 'i j j j

i i N k k ky r Q x a a a o                       (7) 
 

With iy , update critic by minimizing the loss and update actor using sample policy gradient. In 
this step, calculate loss and sampled policy gradient. This process will form actions of each agent in 
the next step.  

After the updating of Actor&Critic, it’s still required to update target network parameters for each 
agent i : 

 
(' 1 ')i i i                                      (8) 

 
In this research, the number of agents is just 2, and this makes the adoption less complex than other 

MADDPG trainings. 

2.3 Soft Actor-Critic(SAC) Algorithm 

The problem that SAC algorithm solves is the reinforcement learning problem of discrete action 
space and continuous action space, namely the reinforcement learning algorithm of off-policy [9]. So, 
the Machine Learning Agents’ tennis environment is very consistent with the characteristics of SAC, 
and it is feasible to use SAC algorithm training on tennis (Table 1). 

 
Table 1. Soft Actor-Critic Algorithm 

Algorithm SAC 

Initialize parameter ࣒, ഥ࣒ , ,ࣂ ࣘ.  
for each iteration do  
for each iteration do  
 ሻܜܛ|ܜ܉ሺࣘ࣊~ܜ܉    
,ܜܛ|ା૚ܜܛሺܘ~ା૚ܜܛ      ሻܜ܉
    ऎ⟵ ऎ∪ ሼሺܜܛା૚, ,ܜ܉ ,ܜܛሺܚ ,ሻܜ܉  ା૚ሻሽܜܛ
end for 
for each step do 
    ࣒⟵ ࣒െ  ሺ࣒ሻࢂࡶસ෡࣒ࢂૃ
࢏ࣂ     ⟵ ࢏ࣂ െ ܑ	ܚܗ܎	ሻ࢏ࣂሺࡽࡶ	࢏ࣂસ෡ࡽૃ ∈ ሼ૚, ૛ሽ  
    ࣘ⟵ ࣘെ  ሺࣘሻ࣊ࡶ	સ෡ࣘࢂૃ
    ഥ࣒ ⟵ ࣎	ത࣒തത ൅ ሺ૚ െ ࣎ሻ	ത࣒തത 
end for 
end for 

 

The structure of SAC includes an actor network and four critic networks, which are respectively 
state value estimation v and Target v network.  

 
߰ ⟵ ߰ െ λ௏׏෡టܬ௏ሺ߰ሻ                           (9) 
ഥ࣒ ⟵ ߬	ഥ߰ ൅ ሺ1 െ ߬ሻ	ത࣒തത                          (10) 
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Action-state value estimates for Q0 and Q1 networks. 
 

௜ߠ ⟵ ௜ߠ െ λொ׏෡ఏ೔	ܬொሺߠ௜ሻ	for	i ∈ 	 ሼ1,2ሽ                           (11) 

 
In order to encourage exploration, the concept of entropy is increased in the SAC algorithm, so the 

training objectives of its actor and critic network are different from those of conventional algorithms 
without entropy [10]. 

In the SAC algorithm, the more actions output by the actor network can make a composite index 
larger, the better. If the action value Q of Q critic network output is more accurate (according to 
Behrman equation, whether q is accurate depends on whether v is accurate), the better it will be. 

If the more accurate the state value V of the V critic network output is, then the better. But it's 
important to note that because SAC has added the concept of entropy, the state value v is not v (s) as 
we usually understand it, it has added the entropy term. 

3. Result 

Through many experiments, this section gives the running results of three algorithms in general, 
and compares the results of PPO algorithm and SAC algorithm under different parameter settings. At 
last, through comparative analysis, different phenomena under different parameter settings are 
summarized and analyzed. 

The abscissa represents the episode of training, and the ordinate represents the training result which 
can be quantified into the scores the agents get in the training. With the parameters, the training can 
reach the default goal of 2.5 in this research. This guarantees the reliability of the algorithm on this 
topic. To demonstrate the cooperation between two agents, the figure posts the scores of both agents. 
In analyzing the feature of this algorithm, we extract two indexes: the total scores of two agents and 
average scores the agents gained by the increase of episodes.  

The figure 3-5 shows the results obtained by using three different algorithms, namely DDPG, PPO, 
and SAC, to solve this environmental problem. The horizontal axis represents the number of iterations 
required by the algorithm from the beginning to the convergence, and the vertical axis represents the 
magnitude of the reward value obtained. 

 
 

 
Fig 2. Performance comparison of three algorithms 
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By observing training time and data efficiency, it can be seen that PPO algorithm is better than 
DDPG algorithm in terms of training time. This is because PPO as an on-policy algorithm, it can 
realize offline update strategy through the idea of importance sampling, that is, the data obtained from 
the behavior strategy can be reused to update the target strategy, which can significantly increase the 
data utilization and improve the training speed. Therefore, compared with the DDPG algorithm, its 
effect is undoubtedly better. However, compared with the effect obtained by SAC algorithm, it is 
slightly inferior. To some extent, this is because PPO algorithm does not play its advantages in 
supporting parallel training in this paper, and also because each iteration only uses the data of the last 
episode, which leads to the model cannot fit the space explored more long ago, so the sample 
efficiency is still relatively low. However, if parallel training is adopted in this environment, although 
the data efficiency of the algorithm may not change much but it is believed that the training time of 
PPO algorithm can be greatly reduced. 

 

 
Fig 3. Performance comparison under different clip 

 

 
Fig 4. Performance comparison under different opt_epoch 

 
Through the above diagram, with clip = 0.1 and optimization epochs=10, this task is basically 

completed in the same number of iterations with 1025 iterations. With clip = 0.2 and optimization 
epochs=3 the result is 1092. It can be seen that by modifying several core hyperparameters of the 
PPO algorithm it still achieved the same effect in an approximate number of iterations, which shows 
that the algorithm is robust to hyperparameters, and it also explains why it is selected as the basis 
algorithm of OpenAI. The core reason for this phenomenon is that the algorithm uses the idea of CLIP 
to limit the range of updates, which limits the non-convergence of training caused by excessive 
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updates, so it can obtain more stable algorithm performance. So, when encounter a new environment, 
PPO is a good choice to have a first try. 

4. Conclusion 

The research is to adopt reinforcement-learning algorithms in Dual-Agent environment and make 
a comparison between them. To reach the goal, the researchers chose the tennis model in Unity3D. 
PPO, SAC and MADDPG were used to train. With all reaching the score of 2.5, comparison on the 
algorithms can be made. Among the three algorithms, SAC takes the shortest training time of less 
than 900 episodes as it has higher sample efficiency. PPO takes a little more training time compared 
with SAC. But as on-policy algorithm, it has high data utilization. Considering the fact that SAC is 
too dependent on the initial state distributions, it’s reasonable to think PPO as a more robust algorithm. 
In the training, MADDPG takes more iterations to reach 2.5. It focuses more on the asymmetric 
upgrade of multi-agents. This benefited from its good features in balancing between competition and 
cooperation. PPO is a good choice for the tennis environment since it is both robust and effective, 
and it’s also easier to switch its parameters and control the training result compared with SAC and 
MADDPG. But in a more stable environment, SAC may lead to better training result. The research 
chose 3 algorithms commonly used in reinforcement-learning topics and trained an environment with 
2 agents. Further study may take more algorithms into consideration like A3C, C51 and TRPO. Also, 
to study more features of the 3 algorithms, it’s feasible to adopt them in environments of more than 
3 agents and see the training result. The increase in agents’ amount may change the performance of 
algorithms, and raise the complexity of research, too. 
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