AgentPO: Enhancing Multi-Agent Collaboration via Reinforcement Learning
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Problem Definition and Contribution

Problem Definition: Process: — - N N 4 N P N
Multi-Agent Systems (MAS) struggle with optimizing agent interactions. * Define Topology: 2 o1 Model | ] L2 A
Manual workflows are unstable, and automated topology search is unscalable. * Choose a fixed interaction structure (e.g., Hint-Actor or Critic-Actor) 2 "[ i;;; J—’ 02 £ —{ Cm?prﬁ;';m J—’ Az

that specifies how the Collaborator and Actor exchange information. . o Reference ] . A,
Key Question: * Generate Collaborative Signal: — - j N Y, - Y
How to train agents to cooperate effectively within a fixed topology? * The Collaborator (trained, lightweight) takes the problem context and Twﬂﬂgentﬂﬂpﬂlﬂg: --------- P— e ——————————————
Key Contribution: produces an auxiliary signal (hint or critique) based on the topology. ; h, ‘ 4 “\

We propose AgentPO, a framework that optimizes collaborative dynamics, not agent architecture.
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* Produce Final Answer: 4 [ Hint ‘J h, . f "[ Ageth' 5

* The Actor (fixed, powerful) receives the original problem and the | Agent [ Actor | [ A
+  Efficient Optimization: Collaborator’s signal, then generates the final answer. g hg ) Agent Yinit L |
* Evaluate & Reward: '

* A lightweight Collaborator is trained via RL to guide a fixed, powerful Actor.
* Strong Performance:
* Qutperforms strong baselines by up to +11.3% on reasoning tasks.

o The answer iS Compared to the grOund trUth USing a binary reward E'__________________::______________________________:____________________::________:______________:______:________:______________________:__________________________________________________:______________:________________::________:__:__:__:__::__:__:__:__:__:_‘i
(success/fail). ' '

* High Efficiency: * Optimize Collaborator: f Debater_lj q [ 2o} Expert 1
* Achieves gains with only 500 training samples and 7.8% inference cost of prior methods. * Using Group Relative Policy Optimization (GRPO), the Collaborator’s [,_, collabarator Sebater 2 Y SummarizerJ = * ']_' - )
policy is updated to maximize the expected reward, learning to A collaborator J» 'E' Spert 2 | #| Answer |

generate effective guidance.

_ [[(’ﬁ] Assigner ]—v [E °° D Expert_n
o : )

—_ o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e s =

Experiments & Result

Performance in Complex Multi-Agent Topologies.
AgentPO consistently improves multi-agent systemes.

Inference Efficiency and Practicality.
AgentPO achieves an optimal accuracy-cost trade-off, delivering a scalable
and cost-effective solution for advanced reasoning in practice.

Comparison with Baseline Methods.
(1) AgentPO consistently outperforms all baseline algorithmes.
(2) AgentPO scales effectively with the capability of the Actor model.

Comparsion between Collaborative and Actor Optimization.
Collaborative optimization outperforms direct Actor fine-tuning.
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