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Abstract In recent years, reinforcement learning has demonstrated its power in continuous deci-
sion-making problems and has become an important branch of machine learning study. As the de-

velopment of reinforcement learning in multi-agent systems, multi-agent reinforcement learning
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is expected to become a key technology for the emergence of swarm intelligent behavior, but
there are still many scientific problems to be solved at the present stage. Cooperation problem is
a popular research topic in the field of multi-agent reinforcement learning. Communication is con-
sidered a key element to achieve high-level cooperation among multi-agents. Therefore, some ex-
isting approaches try to combine communication with multiagent reinforcement learning, in order
to achieve better cooperation among agents. Most of these approaches focus on partial observa-
tion problems. In these approaches, agents share their local observations with others through
communication channels. In recent work, researchers attempt to let agents share intention to en-
hance cooperation among agents. However, under unrestricted intention sharing, if the final ac-
tion of an agent is different with its original intention. it may mislead other agents, which make
intention sharing harmful to train. Therefore, a new multi-agent intention sharing scheme is nee-
ded to avoid misleading intentions between agents while effectively utilizing intention informa-
tion. To solve this problem, this paper proposes a multi-agent reinforcement learning intention
sharing scheme—2SIS, based on the idea of intention sharing. Under the 2SIS scheme, an agent
needs to communicate twice before making a decision. The first communication broadcast inten-
tion information, and the second communication broadcast intention dependency relationship. Af-
ter the two communications, each agent establishes the intention dependency graph separately. In
order to avoid intention misleading. 2SIS prohibits the agent that is dependent on other agents on
the intention dependency graph from re-decision, and its final decision is exactly the same as its
initial intention. Only the agent that is not dependent on any agent is allowed to make a new deci-
sion based on the intention information from others. 2SIS can be combined with any value-based
reinforcement learning algorithm to perform training. Agents trained by 2SIS scheme can learn
how to correctly establish intention dependencies to achieve one-side intention propagation, avoi-
ding the problem of intention misleading. We select the representative Double DQN algorithm as
the basic algorithm to verify the effectiveness of the proposed method in two multi-agent scenari-
os. The experimental results show that the agent trained by 2SIS scheme performs better in con-
vergence speed and final cumulative reward than the agent trained without communication and the
agent trained with unrestricted intention sharing. In order to demonstrate that the performance
improvement comes from the method proposed in this paper, we organized an additional ablation ex-
periment and conducted control variables for the key parts of the method. The results of the ablation ex-
periment show that the selection of dependent targets for the agents trained under the 2SIS scheme
makes key contributions to the performance improvement. Finally, we organize parameter experiments
to illustrate how the hyperparameter introduced in this paper affect the training and how to choose an ap-

propriate value for this hyperparameter for training.

Keywords  multi-agent system; deep reinforcement learning; deep multi-agent reinforcement

learning; communication; intention sharing; cooperation
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eration among agents. Most of the existing work related to com-
munication focuses on partial observation problems. In these

work, the communication actually enables agents to share observa-
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tions with others. Let agents share intention with each other is an-
other way to combine communication with MARL. With team-
mates’ intention, agents are supposed to perform better on coop-
erative tasks. However, MARL with intention sharing is still un-
der studying. The few existing work faces the problems of “inten-
tion misleading” and “centralized controller”.

Aiming at the above problems, this paper proposes a
new multi-agent reinforcement learning intention sharing
scheme—2SIS (2 Step Intension Sharing). In 2SIS, agents
complete intention sharing and dependency relationship es-
tablishment in two step communication. At each step, the a-
gent firstly generates action intention according to its own

observation and broadcasts it. Then, according to the inten-

tions of other agents and its own observation, the agent de-
cides which agents’ action intention to rely on and broadcasts
dependency information. After two rounds of broadcasting,
the agent gets the intention information and dependency
graph of other agents. In order to avoid “intention mislead-
ing”, 2SIS specifies that if an agent is relied on, it cannot
change its intention. Only agent that is not dependent on by
any agent can re-make decisions with intention information.
Experimental results show that proposed method outper-
forms comparison algorithm in both convergence speed and
result. And the ablation experiment results show that the
proposed method can really make agents learn how to estab-

lish the dependency relation.



