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Multi-agent decision making using Monte Carlo ()-value function
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Abstract: Multi-agent decision making problems are very popular in artificial intelligence. Compared with single agent
decision making problems, multi-agent decision making problems have larger policy space. Decentralized partially
observable Markov decision processes (Dec-POMDPs) are general models for multi-agent decision making under
uncertainty, which have caught much attention among researchers. Solving Dec-POMDPs has high computational
complexity and takes much memory. This article presents a new (Q-value function representation — Monte Carlo
Q-value function(Qwmc ), which is proved to be the upper bound of Q*. This guarantees that the optimal policy can be
found. An adaptive sampling method is used to balance the precision of convergence and solving time. And an
algorighm called clustering and expansion for Monte Carlo (CEMC) based on Qwic is proposed, which combines the
precision of heuristic search with the generality of Monte Carlo random sampling. This algorithm integrates (-value
function solving with policy search and calculates value functions as needed, which avoids the need to backup all
Q-value functions. The experiments show that the proposed method outperforms the state-of-the-art heuristic methods,
with the compact Q)-value function.
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