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Abs.Diff of Reward Bradley-Terry loss and the Group Reward Entropy loss.

Higher hidden state similarity corresponds to Lor(3;0) = —1og o (o (T, Ui i) Lore(3; ©) Zp” log p; ;, where
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smaller reward differences. —r (@i, i1, his)), = r+ - — mean(r) O R2M consistently improves RLOO/GRPO across dialogue and
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) " ( std(r) ) ’ summarization tasks.

Theorem 3.1. (Proof in Appendix A.1) Suppose that € N1 N N
quantifies the extent of reward misalignment, we have LGreT (Z’ (’0) - (1 a)‘CBT(Z’ 90) + aLGRE (Z’ 90)’

the following upper bound of € for R2M and vanilla RM: -

O 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.

Theorem 4.1. (Proof in Appendix A.2) Given ¢, =
arg min, Lerepr(%; p; ) and the group degeneration
degree C;(p) for any group G;, we establish the fol-
lowing results: (1) C;(po) < Ci(po); (2) AC; () :=
CZ(QD()) — C'Z-(goa), Vo < oo, ACZ(Ozl) < ACZ(QQ)

D < (1—yN?.0pAD® . L
O R2M produces more discriminative and robust reward signals, enabling

larger effective policy updates while updating only lightweight modules
rather than retraining the full RM.
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where v(t) € [0, 1], and C > 0.




