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Method

1. Data collection cost
RLHF requires costly and labor-intensive collection of pairwise human preference data.

2. Dataset Requirements
A substantial volume of preference data is needed to achieve strong alignment 
performance.

3. Entangled preferences
Existing approaches do not explicitly decouple helpfulness and harmlessness preferences, 
leading to inefficient safety learning in LLMs.

4. Resources-Intensive Fine-tuning
RLHF involves prolonged training and high GPU memory usage

Learn to Response Safely with Harmful Examples Only

Higher Safety Level with Fewer Harmful Examples

Response Quality Comparable to SFT

Over-Alignment Issue

Safety Training Dataset Construction
• Instruction-following dataset Alpaca
• Toxic Prompts from HHRLHF dataset
• Harmful responses from the target 

LLMs

Baseline Methods
• KTO
• Safety-Tuned-Llamas

Lower Bound of the EMD Loss

Background

Given a cost 𝑑, the EMD between two distribution P, Q is defined as 

𝐸𝑀𝐷(𝑃, 𝑄; 𝑑) = inf
6∈7(9,;)

𝔼 =,1 ~6[𝑑(𝑥, 𝑦)]

To capture the semantic information of tokens, we employ the cosine distance 𝑑! between the normalized 
token embeddings (unit vectors).
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