CREAM: Consistency Regularized Self-Rewarding Language Models

Zhaoyang Wang , Weilel He , Zhiyuan Liang , Xuchao Zhang , Chetan Bansal , Ying Wel , Weitong Zhang , Huaxiu Yao

University of North Carolina at Chapel Hill, Nanyang Technological University, National University of Singapore, Microsoft Research

tl; dr: This paper introduces consistency-based regularization to self-rewarding language models.

I Self-rewarding language model (SRLM) utilizes the same LLM as both policy:
:model (generating responses) and reward model (ranking responses). The
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Experiments & Analysis

Main Results on NLP benchmarks
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