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2.1. Value Decomposition Networks (VDN)
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= TEE - (monotonic) FHZA thF do]HE =g

(cooperative multi-agent task)ol| A] <=7 7|53} t}.

2.3.
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QTRAN: Learning to Factorize with Transformation
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2.4. MAVEN: Multi-Agent Variational Exploration
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3.2. m-step Payoff Matrix Game
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