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Modeling preferences as regret aligns better with hu- Main result. For any behavior policy u,

Theory — closed-form regret decomposition

Experiments — human preference + math reasoning
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reach +0. Reward maximization picks A; humans pick B.
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Regret-based Preference Optimization Mild assumption. (u closer to 7t* than to 7t,.f)
~ Dy (i 7 g 2 0
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RePO (Regret-based Preference Optimization) uses nega- Partial contexts are judged more harshly than fully revealed successes. DPO learns principled handling of off-policy data.
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