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Motivational Problem
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Individual exploration of movement
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Joint exploration of cooperation
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Ensemble Value Functions for Multi-Agent Exploration (EMAX)

e Plug-and-play approach to QL(hi,a;) -~ QX(hi,a;)
extend value-based MARL Z Z
algorithms

Agent i

e Each agent trains an
ensemble of value functions
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EMAX - Exploration Policy

G?ean(hia ai) + IBQitd(hh ai)\
e Disagreement of value T T
estimates is large for states | ‘ ‘
which require coordination ’ -
\Q;(hi;a;) = Q;*(hi,ai) )

e Use disagreement in UCB
exploration policy to guide
exploration
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EMAX - Independent Robust Target Estimates

r+ 7 Q" (hi, a;)
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EMAX - Robust Target Estimates with Value Decomposition

1 K
Qtot Qtot

Value Aggregation
Qi(h1,01) = QF(h1,a1) Qi (hn,an) - QK(hy,an)
Agent 1 Agent N
h1 a1 hN ayN
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7 + 7y | Value Aggregation

Qe (), af) B (i, aly)
Qiktyat) = QI a)) | Q(hivak) - QF(hy,ah)
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Evaluation with Deep Value-Based MARL Algorithms
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< é MARL Algorithms
e IDQN, VDN, QMIX
€ s e MAVEN (exploration-focused

extension of QMIX)
e IDQON, VDN, QMIX + EMAX
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Evaluation Results: Aggregated

-  Standard + EMAX (ours) = MAVEN
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Analysis: Training Stability

le-1
Do ensemble target values stabilise 150 s Standard
the optimisation of trained value E oo el sl
functions? e~
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—> Inspect stability of gradients: ©0.75
/ / / / o
CVaR(V') = E[V' | V' = VaRgse, (V)] Z 0.50
1= |Verel — |V >
t t+1 t O 0.25
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Ensemble Value Functions for Efficient
Exploration in Multi-Agent Reinforcement
Learning

https://arxiv.org/abs/2302.03439

Contributions:

1. Train ensembles of value functions to guide
exploration using uncertainty of value estimates
and compute more robust target estimates

2. EMAX is plug-and-play and can significantly
improve training stability and sample efficiency of
value-based MARL algorithm
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