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Notable Aspects: Reward Sparsity, Agent Heterogeneity
Challenges: Partial Observability, Decentralized Training / Enc, \ / Enc, \ / Enc \ Contribution & Future Work
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e An algorithm applicable to real-world tasks requiring agent
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e Uses Intrinsic Motivation e Addresses heterogeneity e A promising direction for future work includes - exploring the

e Addresses reward sparsity e Addresses reward sparsity alternative types of intrinsic motivation and finding the correct
e Decentralized training e Different definition of Algorithm Description balance between intrinsic and extrinsic rewards
e Task-Agnostic heterogeneity

1. Random initialization of per-agent dynamics models, the encoders, GNN multi-layer perceptrons, policy & value decoders
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* Decentralizea agents c. Train the dynamics model simultaneously Z’fENfﬂNfH (4, k)
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