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Multi-agent Systems (MASs)

Agents interact via debate, critique, and consensus v, but ...

1. Multi-role and multi-turn interactions can be expensive@ and amplify errors X
2. Biases & hallucinations can spread across agentsu, reducing robustness and safety 9.
Can a single model internalize multi-agent reasoning “® without the inference-time cost&

and vulnerabilities - ?

Key Findings
« Single-agent gains 7 AgentArk gives a single model multi-agent reasoning ability; all three
methods help, and combining them helps more.

* PRM matters most ¢ PRM capacity matters more than student size, while student capacity

limits the gains from larger teacher ensembles.
* Quality > quantity = More trajectories alone do not help; PAD’s high-signal process

« Better reasoning, not just accuracy ‘A PAD improves step decomposition, self-checking,

« Stronger transfer Qo AgentArk improves generalization and robustness on unseen and

¢ Multi-Agent Debate >~
reasoning trajectories
* Knowledge Extraction ¢~ filters high-
quality corrective traces
« Distillation “® uses RSFT, DA, and PAD
u (PRM + GRPO)
¢ Student Model ~ learns efficient,
generalizable reasoning
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Internalized Multi-Agent ' Robustness

Reasoning  \_ Interaction
AgentArk distills the reasoning capability of multi-agent systems into one single agent.
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