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Abstract. In this paper, to improve the efficiency of the reinforcement learning model to explore the 
environment and get better results, a new method which involves the co-training process in 
reinforcement learning by sharing the experience pool of each agent in the training process has been 
developed. In this method, agents can gain a better understanding of the environment since agents 
use different policies to make action and explore the environment. At the same time, this paper 
designed an agent called Hard Memory Collector by modifying the value function and combining this 
agent and a normal agent for co-training. As an experimental result on the ViZDoom platform, the 
model achieved better results than the original Duel DQN network in terms of score, steps used per 
game and loss value. 
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1. Introduction 

Reinforcement learning (RL) combined with neural networks has recently led to a wide range of 
successes in learning policies for sequential decision-making problems. And some can reach the 
human level or even better than human performance, such as playing ViZDoom [1], which is a fully 
customizable, sufficient function, suitable for reinforcement learning 3D platform for research for 
vision-based reinforcement learning. A typical example is an agent which achieved human 
performance through reinforcement learning [2]. Another example is the robotic manipulation 
problem, where reinforcement learning is used to control robotic arms for diverse tasks such as object 
recognition and physics-based control [3]. 

However, a common challenge is that the agent needs to fully explore the environment to get 
enough information to update the policy function, for example, training the model simultaneously to 
learn game features [4]. Conventional wisdom in problem-solving suggests that the goal of a task can 
be accomplished in several ways, and this also can be applied to context-dependent reinforcement 
learning. 

A more typical way of learning is to learn from mistakes, because wrong behaviours often contain 
experiences that can lead to success. This is fully used in the initial training stage of reinforcement 
learning, but when the agent masters After a certain strategy, the reward is largely deliberately 
maximized in a single way, rather than actively exploring the environment. At the same time, mistakes 
are not made deliberately in most cases, because mistakes are often accompanied by loss of profits in 
real environments. But in reinforcement learning, especially based on virtual environments, mistakes 
can be made intentionally at no cost to gain experience. 

One major question is how different combinations of states and actions affect model learning. This 
is related to the co-training problem [5], where different feature representations of the same problem 
enable more effective learning than using only a single representation. Previous methods have usually 
applied multiple agents with different policies to exploit the environment randomly [6]. 

This paper proposes a method that combines experience pooling [7–9] and co-training, a model in 
which multiple agents explore the environment with different policies and experience pools. The 
experiments of this paper used two agents, one agent (Agent) targets the highest reward, and another 
agent (Hard Experience Collector) targets the worst behaviour, both learn through a shared experience 
pool and finally make the Agent get the best result. The Agent partially learns from Hard Experience 
Collector's misbehaviour to learn from and avoid mistakes. Experiments were carried out based on 
Duel DQN and obtained higher scores and faster game completion times. 
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2. Methods 

The key in the method is to use different agents with different strategies to explore the environment 
while recording the process into the experience pool and let each agent share these experiences during 
the training process to achieve the purpose of effectively exploring the environment and avoiding 
local optima. The method is based on Duel DQN [10] but involves only an experience pool and policy 
function to share the experiences of multiple agents, while some agents called Hard Experience 
Collector (HEC) use a policy function to make the worst action for other agents to learn. Therefore, 
the method can theoretically also be applied to other off-policy types of reinforcement learning 
frameworks. 

2.1 Co-training 

The idea of Co-training is that each agent's action strategy in different states is inconsistent. This 
inconsistent strategy allows the agent to explore the environment in different ways, which brings a 
very rich experience pool data. By sharing these pools of memories, specific agents can learn and 
make decisions in the most efficient efficiency solely on their decision-making pools of limited 
experience to explore the environment. 

The method is shown in Figure 1. During the exploration process, each agent has different 
strategies and corresponding experience pools. These strategies are manually set with the goal of 
oblongly obtain much data as possible. After getting the next state and reward, store these experiences 
into its experience pool. 
 

 

Figure 1. Co-training process 

In the training phase, to effectively use the experience pool generated by each agent, it is necessary 
to have a corresponding strategy to extract samples from all the experience pools. This strategy is a 
completely random extraction process in the conventional methods, but in this case, most of the 
experience may be worthless. Therefore, a method for extracting experience is designed in this paper. 
This method extracts two types of experience based on random extraction, that is, the experience with 
the maximum reward and the experience with the minimum reward. The method can be summarized 
as 1) random experience in each experience pool 2) Maximum reward experience 3) Minimum reward 
experience. To avoid excessive reuse of the maximum and minimum reward experience, the method 
will randomly remove half of the corresponding experience from the experience pool after each 
extraction of the maximum and minimum reward experience. 

2.2 Hard Experience Collector 

The main goal of HEC is deliberately making the worst action, and to provide these experiences 
to the agent which can take the right action to learn. The target of the original Duel DQN is calculated 
by the following equation [10]: 

௜ݕ	
஽஽ொே ൌ ݎ ൅ ܳߛ ൬ݏᇱ, arg݉ܽݔ

௔ᇲ
ܳሺݏᇱ, ܽᇱ; ;௜ሻߠ   ൰                 (1)ିߠ
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To make the worst action, this paper modifies it to the following formula 

௜ݕ
ுா஼ ൌ ݎ ൅ ܳߛ ൬ݏᇱ, arg݉݅݊

௔ᇲ
ܳሺݏᇱ, ܽᇱ; ;௜ሻߠ  ൰                   (2)ିߠ

This allows HEC to act against the optimal behaviour, thus obtaining a pool of experience of the 
agent that is completely different from the final training target. 

3. Experiments 

This paper uses the ViZDoom platform as an environment to conduct experiments and get results. 
The experimental environment is the official basic scenario. In this scenario, the agent can make three 
actions: move left, move right and attack. The action moves the monsters in the game relate to the 
centre of the field of vision and then attack to complete the game. The game will restart after each 
game is completed. 

3.1 Hyperparameters 

All data use the MSELoss algorithm and a minibatch size of 512. The network weights will be 
updated at each step after the experience pool size of all agents is larger than the minibatch, and the 
target network of Duel DQN will be updated every 2000 steps. Such an update will be performed a 
total of 60 times, that is, the training contains a total of 120,000 steps, The discount factor was set to 
0.99 and the replay memory contained the 10,000 most recent frames. An ε-greedy policy [11] has 
been used during the training phase, where ε was linearly decreased from 1 to 0.1 over the first million 
steps, and then fixed to 0.1. And use grayscale images and a 4/3 resolution of 640x480 which is 
resized to 30x45. 

3.2 Experience Pool and Experience Sharing Strategy 

The experience of each experience pool comes from the records of the current state, next state, 
reward, and action generated by the corresponding agent in the exploration environment. These 
experiences are used in the training of the agent by sampling these experiences. This article sets 
different experience pool sampling strategies for two different agents, as shown in the figure, where 
the agent is the training object as the final result, the goal is to get the optimal result, and the agent 
samples the random part from its experience pool and The maximum part, sampling the worst part 
from the HEC experience pool so that the agent can learn from the worst results; HEC samples the 
random part from its experience pool, and samples the maximum part from both experience pools at 
the same time, which encourages HEC Take the worst behavior that is contrary to the best experience. 

 

 

Figure 2. Experience Sharing Strategy 

3.3 Results 

This paper used the step number and scores obtained in each game and the loss of the network as 
the evaluation criteria. As shown in Figure 3, it is shown that the method is more efficient than a 
single agent in terms of convergence speed and results. 
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Figure 3. Experiment results 

4. Conclusion 

A new method that combines co-training and reinforcement learning has been introduced in this 
paper, it allows multiple agents to explore the environment by different policies and share their replay 
memory. Compared with conventional Duel DQN, experimental results on the ViZDoom platform 
show that this method can successfully achieve better performance.  
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