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Background

n RL for LLM

Ø Single-turn RL vs. Agentic RL

l From static, single-turn tasks to dynamic, interactive environments;

l From passive generators to autonomous agents.

Ø Particular challenges in agentic RL:

l Rewards are typically sparse and delayed.

l Trajectories are long and non-Markovian in token level.

l Environments are non-stationary, open-ended and often with unverifiable rewards.



Motivation

n Credit assignment problem in agentic RL
Ø In dynamic interactive environments, relying solely on outcome rewards for policy optimization struggles to isolate 

effective intermediate actions.

n Introducing process supervision signals is a direct and effective approach, but faces challenges:
Ø Manual annotation: Costly, highly subjective, and prone to inducing reward hacking.
Ø Generative reward models: Poor generalization across domains.
Ø Token-level rewards: Reward variance escalates with trajectory length, resulting in unstable training.
Ø Same-state grouping: Difficult to effectively scale to open-ended language environments.

n Research question：
Ø How to design a credit-assignment strategy that is label-efficient and stable, scales to multi-turn interactions, 

and remains robust and generalizable to (un)verifiable rewards in open-ended environments? 



Method (iStar)
n Self-reinforcing training loop online:

Ø Policy model: generate trajectories when interacting with the environment, optimized by multi-turn RL（e.g., 

GRPO/RLOO/Reinforce++)；

Ø Implicit process reward model (PRM)：produce implicit step rewards for each action within a trajectory, 

optimized by multi-turn DPO objective.



Method (iStar)
n Optimizing implicit PRM: based on trajectory preference and applicable to unverifiable outcome rewards.

n Theoretical analysis: 
Ø The learning objective of implicit PRM is equivalent to a BT model with a step-wise reward function.

n Policy learning：trajectory-level & step-level advantages for credit assignment in multi-turn RL.



Experiments
n Performance on benchmarks. n Compatible with various RL algorithms.



Experiments
n Improving sample efficiency and training stability during multi-turn RL.

nEnhance exploration efficiency.
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