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The One-Line Change for DPO Loss Function:  Replace Δθ − Δref  with Δθ −max(0, Δref )

2. 

DPO optimizes the relative margin  between the policy and a reference 
 to keep updates within a stable "trusted region". 

• Trainable policy margin:  
• Frozen reference margin: 

Δθ − Δref
Δθ − Δref

Δθ = log πθ(y+ |x) − log πθ(y− |x)
Δref = log πref (y+ |x) − log πref (y− |x)

1. 

Premature Satisfaction — occurs on data pairs where the reference model prefers 
the rejected response . Issue: The gradient decays as soon as the policy simply 
outperforms the reference on this pair, even if the policy is still wrong .
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Reference-free Objectives, directly optimize the policy margin  
Without the reference policy  "trusted region", for pairs  and   from different 
distributions, it potentially over-optimization and loses basic linguistic ability.
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Our Solution: Hybrid-DPO (HyPO), conditionally apply the reference: 
If  : Behaves exactly like standard DPO to preserve the "trusted region" stability. 
If  : Ignores the misleading reference, use absolute margin  to optimize hardest examples.

Δref ≥ 0

Δref < 0 Δθ

• HyPO bridges the training-
inference gap, achieving a 
faster and higher increase in 
both Agreement Rate and 
Absolute Margin.

• Consistently dominates 
baselines, yielding a 41.2% 
average relative improvement 
over standard DPO. 

• Introduces zero extra overhead 
and can be combined with 
other DPO improvements, such 
as average log-probs, home 
advantage margin or stronger 
reference model. 


