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SSPO learns from a small set of paired preference labels together with a large pool of unpaired responses deriving a| Seonggyun Leel, Sungjun Lim?, Seojin Park?, Soeun Cheon?, Kyungwoo Song!”
principled reward threshold for pseudo-labeling unpaired data, enabling strong alignment with much less human feedback. 1Yonsei University 2 KAIST * Corresponding Author.

How does SSPO work?
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High overlap between winning and losing rewards. || As training progresses, the model prioritizes

The Alignment Bottleneck:
High Cost of
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*+ Prohibitive Costs: Current methods rely heavily on paired feedback, which requires expert labor averaging Sten 100 /e Sten 200 Sten 343 (Last lterats
5-10 minutes per comparison and costing $10-30 per data point. °p = °p T b (Las : °ra lon)
“* Risks of Synthetic Data: While LLM-based self-annotation is an alternative, it risks creating feedback loops 40- 0=1.189) E 0=1.198] E 0=1.195]| E
that propagate model biases and lack context-dependent nuances. 30 : : “ :
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{ Preference . 4, Unpaired Response ' 1% 3.6 6.3 17.0 7.6 12.1 8.0  Paper(OpenReview)
’ DPO 10% 46 6.3 180 7.6 110 8.0
*»» Data Efficiency: SSPO distills latent preferences from large-scale unpaired data, drastically reducing
acquisition costs while maintaining human alignment. 1% 7.2 6.3 26.7 7.7 15.0 8.0
** Bayes Risk Minimization: We numerically solve for the threshold that minimizes the estimated Bayes risk to SS PO 10% 77 6.3 30.0 77 20.7 7.9

assign pseudo-labels to unpaired responses, with a threshold-based boundary (Theorem 1).
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