Provably Mitigating Overoptimization in RLHF:
Your SFT Loss is Implicitly an Adversarial Regularizer

Background on RLHF

® Aligning generative models with human preterence via RLHF
typically suffers from overoptimization, where an imperfectly

learned reward model can misguide the generative model to output

undesired responses.
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Algorithm and Theory

Theoretical algorithm: Maximin objective.

® Output the policy maximizing an adversarially chosen reward
model that minimizes the sum of: the MLE loss for estimating
the underlying reward; and a reward expected value term as a
penalty that prevents spuriously high reward estimation caused by
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Experiments

Conlusions based on Experiments:

o RPO alleviates overoptimization.
@ RPO improves alignment for in-data distribution.

®© RPO improves the alignment and reasoning
benchmark performance.
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