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Cooperative Multi-Agent Reinforcement Learning V224 @

Drone Swam Control Cooperation Game Network Optimization

Distributed multi-agent systems with a shared reward

Each agent has an individual, partial observation

No communication between agents

The goal is to maximize the shared reward
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* Fully centralized training

* Not applicable to distributed systems th (T’ u)' 7-[J't (T' u)

* Fully decentralized training

* Non-stationarity problem Qi (Tl" ui)’ Tty (Tl" ui)

* Centralized training with decentralized execution

. i PP — 3.4
VaIUf-'_- functlon.fac.torlzatlon , Actor-critic method th(l', u) N Qi (Ti: ui): T (Ti: ui)
* Applicable to distributed systems

* No non-stationarity problem
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Previous Approaches saNe

N
* VDN (Additivity assumption)
* Represent the joint Q-function as a sum of individual Q-functions th(T' u) = Z Qi (Ti: ui)
i=1

 QMIX (Monotonicity assumption)
0Q:(T, u)
* The joint Q-function is monotonic in the per-agent Q-functions > (
0Q;(t;, u;)
* They have limited representational complexity
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* Instead of direct value factorization, we factorize the transformed joint Q-function

* Additional objective function for transformation

* The original joint Q-function and the transformed Q-function have the same optimal policy
* The transformed joint Q-function is linearly factorizable
* Argmax operation for the original joint Q-function is not required
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Theoretical Analysis LANADA ©

* The objective functions make Q]’-t — Q| zero for optimal action (L)), and positive for the rest (Lyop¢)
— Then, optimal actions are the same (Theorem 1)

* Our theoretical analysis demonstrates that QTRAN handles a richer class of tasks (= IGM condition)
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Results
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* QTRAN outperforms VDN and QMIX by a substantial margin, especially so when the game exhibits

more severe nhon-monotonic characteristics
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Thank you!
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