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V]IK 004.852
PROTSENKO YAROSLAV, PARAMONOV ANTON
Vasy!l' Stus Donetsk National University (Ukraine)

AGENT COMMUNICATION METHOD IN COOPERATIVE ENVIRONMENT BASED ON THE
ARTIFICIAL NEURAL NETWORKS

The problem of communication between cooperating agents in multiagent environments is considered
in this paper. An algorithm is proposed that is based in reinforcement learning and recurrent neural
networks. Main idea behind the algorithm is to use an additional recurrent network that translates
information from internal state of one agent to internal state of another agent. Experimental evaluation is
performed on model environment. Experimental results have shown that proposed method is potentially
useful but requires additional investigation.

This paper deals with the problem of communication between cooperating agents in multi-agent
environments with distributed decision making. In the last few years, the methods of creating intelligent
agents that combine reinforcement learning and gradient methods have been significantly developed [1, 2],
which have been successfully applied to fairly complex environments [3, 4]. A common feature of these
achievements is that they use a centralized decision-making system that directly controls agents. However,
there are a wide range of applications where centralized management is impractical or technically
impossible. Such areas as traffic coordination, communications, trade, defense. Existing solutions to these
problems now use explicitly programmed interaction protocols, sometimes in combination with some
machine learning methods, to make decisions according to these protocols. This paper explores an alternative
approach to building agent cooperation — the search for an effective agent communication protocol and
efficient information encoding through reinforcement learning.

The proposed approach is based on application of the A3C algorithm [2], the Long Short-Term
Memory recurrent neural network (LSTM) [5], which manages the agent, and an additional recurrent
network which performs information exchange between agents. This additional network is also based on
LSTM. Each agent in the system observes a limited part of the environment, has its own copy of the network
and the internal state of the network. The exchange of information occurs when the agents are in direct
contact. In this case, the network responsible for the exchange of information updates the internal state of the
agent, using the internal state of another agent, and vice versa. Let's call this network as a “language” that
agents create during training. Figure 1 shows the interaction of agents.
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Figure 1. Diagram of interaction of agents based on recurrent neural networks

The procedure of the agent's functioning is as follows: 1) reading directly observed information about
the environment (obtaining sensor data); 2) one iteration of the recurrent neural network algorithm, which is
responsible for processing the sensor data (interaction network); 3, 4) a communication network is activated
for each visible agent (zero or more), which is also a recurrent network that reads the agent's state and
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processes the other agent's state as an input signal; 5) performing the action that was calculated by the
interaction network in step 2. In this algorithm, the information obtained during communication influences
the decision-making only at the next iteration. It is assumed that this does not significantly affect the long-
term effectiveness of the agent, and therefore this feature of the algorithm is not fixed to keep the simplicity
of the algorithm. The A3C algorithm is used to train agents.

The environment chosen as a model task for testing the approach is maze. Maze is represented as 5x5
cell field, with randomly generated walls between cells that limit movement and visibility. One of the cells is
the "exit", in the other three random cells are agents. Agents observe the distance to the nearest wall in
horizontal and vertical directions, the number of turns left and right in each of the four directions, and the
direction and distance to the exit cell, if it is visible, and agents don’t know their own coordinates. The
agent's goal is to explore the maze and find the exit cell. The interaction with the environment ends when the
agent is in the exit cell. Guaranteed. that there are paths between any two cells of the maze.

The aim of the experiment is to test whether a team of agents with a communications network will
completely leave the maze faster than a team without such a network. Basic experimental results are
presented below (tabl.1).

Table 1. Results of the experiment

Number of training iterations and average time of time of passage of the maze by all agents
Agents team 50k iterations 150k iterations 250k iterations
1 agent 55,4 52,4 51,4
3 agents w/o
communication 553 53,5 50,9
2 agents with
communication 49,3 47,9 48,0
3 agents with
communication 51,2 50,2 49,7

The table shows that three agents without communications do not have a noticeable advantage over one
agent — this is expected, since in the absence of communications there is no difference between the presence
and absence of other agents, so the difference in the results of such commands can be explained as an
accident. Obviously, a team of two agents who have communication is significantly more efficient than
agents without communications, but when viewing the visualizations of the maze process, no specific
patterns of agent interaction were found, that is, a team of two communication agents behaved very similarly
to single agents. The results of a team of three agents are unclear — it was expected that three agents would
be able to explore the maze even faster than two. There is a hypothesis that learning more complex
communication between agents requires larger neural network, or more training time. This problem also
needs further study and possible refinement of the algorithm.

This experiment shows that the proposed algorithm as a whole is capable of increasing the efficiency of
the team of agents but needs further research to improve it. This algorithm can be used to find and explore
optimal strategies in environments with further formalization and implementation in the form of an explicitly
programmed algorithm. The advantage of the algorithm is that it does not require sophisticated and
structured computing systems, and can potentially be implemented with very small objects, such as
macromolecules.
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