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Overview @ Standardized Feedback Encoding Format

We introduce Uni-RLHF, a comprehensive system implementation tailored for RLHF. It aims to
provide a complete workflow from real human feedback. Uni-RLHF contains:

A universal multi-feedback annotation platform — 32 tasks

 Large-scale crowdsourced feedback datasets — 15 million annotation

 Modular offline RLHF baseline implementations — 3 RM structure

Experts first annotate 300
segments as Oracle.
Next, the researchers
asked 5 crowdsource to
annotate 100 trajectories
In 3 settings.
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Comparative Feedback: Gives relative binary feedback comparison between two
trajectories

(1) Multi-feedback Annotation Platform
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responses, offering a range of video clip and image annotation methods
e Feedback Translator convert different feedback labels into a standard format

 The IQL-based baseline is the most stable, and IQL-CS's perform as well as IQL-Oracle
 The TFM structure outperforms the MLP structure, especially in the environment of sparse reward

 Compared to Scripted Teacher (ST), Crowd Sourced (CS) can achieve comparable or even
superior results In most environments
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