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✓ Spurious correlation creates word-level shortcuts, enabling one-word attack.

Overview Framework of Safety Mirage

 𝒟u : unsafe set to be aligned, 

 𝒟r : retain set to preserve utility

𝜽u = argmin𝜽 ℓu 𝜽; 𝒟u

Unsafe

+ 𝛾 ℓr(𝜽; 𝒟r)

Retain

• VLM safety fine-tuning aims to reject unsafe inputs, while 

preserving utility on benign tasks.

• Commonly achieved via supervised fine-tuning (SFT)[1] on 

curated datasets (e.g., VLGuard[2], SPA-VL[3])

• Over-prudence: SFT aligned VLMs may reject benign queries[4].

(a) VLGuard safe                                 (b)  VLGuard unsafe

• Spurious correlations arise when superficial input features (e.g., 

prompt words) are associated with safety labels.
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Figure 1. Frequency of question-initiating words used in training queries.

✓ Non-rejection bias: Prompt words (“what ”) linked to non-

rejection responses enabling jailbreak.

✓ Rejection-bias: Prompt words (“share”, “can”) linked to 

rejection responses causing over-prudence.

Figure 2. Safety mirage in VLMs: safety SFT introduces spurious shortcuts. A single-word change 

can jailbreak or trigger over-prudence. Unlearning removes these shortcuts and improves robustness.

One-word Attack & Modification

• One-word attack/modification: replace the prompt word in a query (e.g., “What” for 

attack, “Share” for modification).

Figure 3. Attack success rate (ASR) and rejection rate (RR) under K-shot one-word attacks/modifications.

Enhancing VLM Safety Through Unlearning

• RMU[5]

• NPO[6]

• Retain loss

Table 1. Experiment results evaluating safety, over-prudence, and utility of safety fine-tuned VLMs.

✓ Compared to SFT, unlearning shifts safety from shortcut-based rejection to 

direct removal of unsafe content.

✓ Unlearning mitigates spurious shortcuts, leading to more robust safety.

Figure 4. Visualization of question-answer pairs from original, safety SFT, and unlearning VLMs.
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