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ABSTRACT

As the utilization of reinforcement learning (RL) in training large language models (LLMs) becomes more
prevalent, the necessity to identify optimal RL methodologies tailored for LLMs has emerged. The fields of
LLMs and RL are continually evolving through the development of novel techniques that contribute to their
mutual advancement. This paper addresses the current trends in reinforcement learning algorithms aimed at

enhancing the performance of large language models.
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Fig. 1. Trust Region of TRPO Represented by Surrogate
Function and KL Divergence
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Fig. 2. The process of labeling preference data based on
user feedback and using it to iteratively improve the model
through DPO
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