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MOTIVATION

RLHF suffers from reward overoptimization because the policy
can exploit spurious patterns in a static reward model as its
distribution continuously shifts during training. To address this,
we propose R2M, a lightweight RLHF framework that uses
real-time policy feedback from evolving hidden states to align
the reward model with the current policy distribution, thereby
reducing reward discrepancy and improving reward reliability.

METHODOLOGY

Overview of R2M. We first aggregate the last-layer hidden states hi from the policy with the LLM 
part output of the reward model. This aggregated representation is then fed into the scoring head 
for reward prediction. When the policy updates, we get the real-time feedback h′i and utilize it to 
construct preference pairs. Finally, we optimize the reward model by jointly minimizing the
Bradley-Terry loss and the Group Reward Entropy loss.

EXPERIMENTS

OBSERVATIONS

Deep-layer hidden states effectively
 capture human preferences.

Higher hidden state similarity corresponds to 
smaller reward differences.

Can we design a new RLHF framework that 
preserves training efficiency while effectively 
achieving real-time alignment of reward models 
towards policy models?

Training Dynamics

Main Results on Dialogue Task

Ablation Study

The reward model is no longer a static
scorer that relies solely on surface-
level semantic representations; instead,
it dynamically incorporates the policy
model’s internal states as real-time
feedback, thereby better adapting to
policy-induced distribution shifts and
mitigating reward discrepancy and
reward overoptimization.

R2M Structure

Iterative Reward Model Lightweight Optimization

p R2M consistently improves RLOO/GRPO across dialogue and
summarization tasks.

p Ablations show that the gains arise from trained policy-feedback
integration: frozen feedback degrades performance, while offline RM
pretraining or iterative RM-head updates provide only limited
improvements.

p R2M produces more discriminative and robust reward signals, enabling
larger effective policy updates while updating only lightweight modules
rather than retraining the full RM.

Computational Cost


