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(MU e Multi-Agent Reinforcement Learning in Dec-POMDPs

Most state-of-the-art MARL approaches assume deterministic observability and focus on

Qumpp(s,a) = R(s,a) +y max Qupp(s’,a)

However, the true optimal value function Q™ in Dec-POMDPs is actually defined by

Q' (%) = (sl (R(s, D+y) Y Pls @07 s')Q*(rﬁn*(r’)))

Popular benchmarks do not exhibit stochastic partial observability unlike general Dec-POMDPs
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multi-agent recurrence
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Value factorization approach considering ...

* memory representations of agents

Ql(Tt,la at,l) QN(Tt,N, at,N)
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uowie AERIAL: Attention-based Embeddings of Recurrence In multi-Agent Learning
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Value factorization approach considering ...

* memory representations of agents
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Value factorization approach considering ...
* memory representations of agents
 statistical dependence of these representations
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MU e MessySMAC

Modified variant of SMAC with ...
* observation stochasticity
 initialization stochasticity
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