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Learning of Communication for Negotiation to Avoid Some Conflicts of Interests

- Learning of Dynamic Communication Using a Recurrent Neural Network-

Katsunari SHIBATA* and Koji ITO*

We believe that communication in multi-agent system has two major meanings. One of them is to transmit

one agent’s observed information to the other. The other meaning is to transmit what an agent is intending. In

such communication, dynamic communication with a communication loop is required. Here we focus the latter,

and aim to the emergence of the autonomous and decentralized arbitration through communication among some

agents. The communication contents and representation of them are not prescribed and are acquired by learning

using a reinforcement signal, which is given to the agent after its action. The reinforcement signal is not shared

with the other agents. Since the agent often has to make a decision from the past communication signals; the

architecture using recurrent type (Elman) neural network is proposed. The ability of this architecture was ex-

amined by two and four agent negotiation problems. A variety of negotiation strategies (individuality) to avoid

the conflicts after their decisions emerged among them through the simple learning with the simple architecture.

Key Words: dynamic communication, negotiation, reinforcement learning, recurrent neural network,

individuality, multi-agent system
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Fig.1 Two meanings of communication. Transmission of ob-
servation can be static, and transmission of intension
has to be often dynamic because it needs a communi-
cation loop for negotiation between agents.
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Table 1 A series of 3 communication signals and action for each agent pair after learn-
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Table 3 The average of the communication signals and ac-
tion of each agent over all combinations and the
number of the communication patterns after learn-
ing. The values in the table are 2p — 1 where p is
the probability that the output is 1.

com #1| com #2| com #3 | Action |num of patterns
AgentO| -1.0 | -0.429 | -0.457 | 0.352 7
Agent1| 1.0 | 0.029 | 0.286 | -0.257 4
Agent2| -1.0 | -1.000 | -1.000 | 0.581 2
Agent3| -1.0 | -0.086 | -0.343 | 0.181 5
Agent4| 1.0 1.000 | 1.000 | -0.571 2
Agent5| 1.0 | 0.771 | 0.533 | -0.486 5
Agent6| 1.0 | 0429 | 0.324 | -0.286 5
Agent7| -1.0 | -0.771 | -0.552 | 0.486 4
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Fig.9 Connection weights of the neural network after learn-

ing of the four-agent negotiation problem.
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