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Motivation: Limitations of Existing Multi-Agent Frameworks

*Prohibitive Communication Costs (- ): MAD relies on explicit message passing, incurring substantial token.
*No Convergence Guarantees ( -~ ): lack theoretical assurances of converging to a stable, effective solution.
*Scalability Challenges (- ): The information exchange often exceeds LLM context limits, impeding scalability.

Reasoning Benchmark: Across five diverse reasoning datasets, ECON outperforms a
wide range of strong baselines, from self-consistency to other multi-agent frameworks.

Effective Scalability through Hierarchical Coordination: A single
coordinator struggles with excessive agents (blue line). ECON forms a
Global Nash Equilibrium from multiple Local Equilibria, enables
performance to scale effectively (red line) from 3 to 9 Execution LLMs.
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