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» Abstract & Contributions » Rc-BT Framework P Preliminary Explorations II: Length Instructions Are Easily Learned
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Challenge 1 — Length Bias in Reward Models Training on Dy, U D > Models can quickly learn explicit length instructions, but this often leads to overfitting to
Standard BT reward models implicitly correlate reward score with response length, length at the expense of semantic quality using standard BT framework.
assigning higher scores to longer replies even when quality is lower. This misdirects

downstream policy optimization.
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