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MULTI-AGENT LEARNING BASED ON
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Abstract Q-learning from original single-agent framework is extended to non-cooper-
ative multi-agent framework, and the theoretic framework of multi-agent learning is
proposed under general-sum stochastic games with Nash equilibrium point as learning
objective. We introduce a multi-agent Q-learning algorithm and prove its convergence
under certain restriction, which is very important for the study and application of mui-

ti-agent system.
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