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Project Objective

The overall objective of this project was to develop multi-agent reinforcement learning (MARL)
approaches for intelligent agents to autonomously learn distributed control policies in decentral-
ized partially observable Markov decision processes (Dec-POMDDPs), without prior knowledge
of the model parameters.

Problem Model

We can define a Dec-POMDP as a tuple (1,5, A, P, R, Q), O), where:

* 1 is the number of agents in the multi-agent system.
e S is a finite set of (unobservable) environment states.

* A = X;Aj;is a set of joint actions, where A; is the set of individual actions that agent i can
perform.

e P(s'|s,d) gives the probability of transitioning to state s’ € S when joint action 7 € A is
taken in state s € S.

* R(s,d) gives the immediate reward the agents receive upon executing action @ € A in state
s €S.

e () = x,();is the set of joint observations, where (); is the finite set of individual observations
that agent i can receive from the environment.

e O(&|d,d) gives the probability of the agents jointly observing @ € () if the current state is
s’ € S and the previous joint action was @ € A.

Learning agents attempt to learn coordinated policies that achieve highest expected reward, with-
out prior knowledge of the above model parameters (i.e., functions P, R, O). For finite horizon
problems, a policy is a mapping from the history of an agent’s own actions and observations, to
its own action; i.e., for agent i and step ¢, the policy is 7! : (A; x ;)" — A;. In infinite horizon
problems, each agent learns a finite state controller.

Technical Outcome

During this project, we developed algorithms for decentralized learning of policies in Dec-POMDDPs,
established performance bounds, evaluated these algorithms both theoretically and empirically,
and applied some of our approach to the problem of camera surveillance. The key technical con-
tributions have been described in some details in the interim progress reports submitted before,
so I shall only list them here with citations to publications supported by this grant.

Informed Initial Policy: [1,9,5].
MCQ-Alt: [4,8].



Iterative MCQ-Alt: [6].
Rehearsal Based Learning: [3,7, 11].
Regret Minimization: [10].

Application to Distributed Surveillance: [2, 12].
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