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BufferLoRA: attached but frozen to saturate safety-degrading gradients.

« Safety-aligned LLM has room to learn harmful data, allowing harmful fine-tuning.
y=alg J J Table 2. Comparison of safety and utility across varying user data sizes (n), ranging from 500 to

2,500. Lower Harmful Score and higher Fine-tuning Accuracy indicate better performance.

« Jailbroken LLM has converged on harmful data, saturating safety-degrading gradients. UserLoRA: attached and trained to learn task knowledge while harmful updates are buffered.
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