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➢ Other Experiment Results Highlights 

Table 1. Performance of RMU 

unlearning on perturbed forget data 

using Zephyr-7B-beta. Comparison 

of unlearning efficacy and general 

utility on the WMDP benchmark 

under various forget data conditions. 

UE means unlearn efficacy and UT 

is MMLU accuracy. 

• Unlearning performance under perturbed forget data.

• Analyzing error set overlap to assess unlearning robustness.

Figure 3. Performance consistency of unlearning error rates under 

perturbed forget data. (a) Venn diagram showing the overlap in 

incorrectly answered WMDP questions between models unlearned 

with original and rewritten forget data. (b) Overlap ratios between the 

error sets of models unlearned with various perturbed forget sets.

➢ Forget Data “Noise” in LLM Unlearning

Figure 1. Different potential perturbation types applied to the original data. 

 

• Motivation: “Noisy” (non-adversarial) forget data present 

significant challenges to the robustness of unlearning.

➢ Incomplete Forget Data vs. Unlearning

• Only partial information is available for unlearning. We 

define Mask𝛿(𝐱) as a function that randomly masks 𝛿 (%) 

of tokens in each forget sample 𝐱 ∈ 𝒟f, producing a noisy 

forget set with uniformly sampled masked positions. 

• Tolerance of unlearning to masking ratio (<= 30%) 

Figure 2. Impact of masking ratio on unlearning performance across two 

representative unlearning methods, NPO and RMU, applied to the 

Zephyr-7b-beta model on the WMDP dataset. Unlearn Efficacy is WMDP accuracy.

➢ Rewritten Forget Data vs. Unlearning

• Rewrite(·) denote a rewriting function that generates a 

paraphrased variant of a forget sample 𝐱 while preserving 

its original semantics.

➢ Watermarked Forget Data vs. Unlearning

• Watermark(·) denotes the output of a watermark-

enabled LLM decoding process for input 𝐱.

Table 3. Unlearning performance 

under different watermarking 

strengths. This table reports the 

unlearning performance of two 

representative unlearning methods, 

RMU and NPO, applied to the 

Zephyr-7b-beta model on the 

WMDP.

Table 2. Watermark examples 

with representative KGW 

watermarking  method. For KGW, 

tokens highlighted in red belong to 

the red list, and those in green 

belong to the green list. Higher 

proportion of red tokens reflects a 

stronger watermark signal.

Table 4. Unlearning performance of NPO on MUSE-Books using 

ICLM-7B under various forget data perturbations.  

Figure 4. Performance 

comparison of RMU 

unlearning on WMDP using 

Zephyr-7b-beta with full data 

vs. salient tokens across 

original, mask, rewrite, and 

WM. Salient tokens achieve 

efficacy close to full data.
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