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[Abstract] Direct preference optimization (DPO) aims to match human preferences while reducing the
complexity of reinforcement learning. Traditional methods such as reinforcement learning with human feedback
(RLHEF) first match reward models with cues and preferences, and then use reinforcement learning (RL) to find
policies that maximize rewards. In contrast, DPO simplifies the process by directly optimizing the policy to
satisfy preferences without explicit reward functions or RL processes. DPO is a more direct and potentially
more efficient way to fine—tune a language model to remain consistent with human feedback. Additionally,
OpenAl mentioned that they trained the model by imitating human ratings to help improve RLHF. The next
step is to fit the model to a data set containing rich ”conditions”.For example, the training model generates a
panel containing memories, conditions, goals, plans, and future tasks, and uses this panel for training. These
conditions transform the “creative writing task” into the task of distributing materials”, reducing entropy in
creative writing. Conditional reinforcement learning fine—tuning(C—RLFT)enables large language models to
understand and generate human—like text, adapt to new information, and personalize responses while
maintaining relevance and coherence. Future improvements include improving conditional panels using
RLHF or RLAIF, iteration between datasets and models, aligning models with real-world needs, and
building new base models based on O—order optimization. These directions aim to make large language
models more efficient, consistent with human preferences, and able to run in a variety of environments,
including edge computing devices.

[Key words] Direct Preference Optimization; Human Feedback Reinforcement Learning; Conditional Panel;
Creative Writing Entropy Reduction; C—RLFT Training; Edge Computing
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