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* Multi-agent systems (MAS) have
emerged as a powerful paradigm for

o) i

We analyze 120+ papers on MARL published in top venues and present a novel taxonomy based on the design principles of MAS.
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complementary strengths of different

Computational paradigms_ The results indicate that hierarchical approaches represent promising avenues for scaling MARL systems. It also highlights a critical
»shortage of suitable MARL benchmarks that better reflect real-world scaling requirements.

Research Qu estions [1] Minghong Geng, Shubham Pateria, Budhitama Subagdja, and Ah-Hwee Tan. Scaling up MARL for Large Agent Teams and Long-horizon Tasks: A Survey. In Press.

This work attempts to answer the following questions. Part 2 - MOSMAC: A Mu|ti-objective MARL Benchmark

1: How is the scalability of current

MOSMAC (Multi-Objective SMAC) is a new benchmark featuring multiple objectives, sequential task allocation, and dynamic horizons.
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[3] Minghong Geng, Shubham Pateria, Budhitama Subagdja, and Ah-Hwee Tan. Benchmarking MARL on Long Horizon Sequential Multi-Objective Tasks. In AAMAS '24.

HiISOMA is a hybrid three-level hierarchical MARL framework that integrates self-organizing L2M2 integrates MARL with LLM for automated hierarchical control without generating
“neural network (SONN) and MARL. | ~ pre-defined subgoals with domain knowledge.
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Conclusions and Future Work

MEASE is an explainable MARL (XMARL) framework that explains MARL policies by learning episodic memories |
~ from multi-agent behavioral data and explaining them as interpretable coordination behaviors. .

Part 5 — MEASE: A Framework Explaining MARL Policies

The ability to decompose problems, coordinate capabillities,
and maintain interpretable decision-making are crucial for
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