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Motivation

❑ Most methods focus on suppressing 

token probabilities, leaving underlying 

associations intact, leading to 

incomplete forgetting.

❑ Divergence-based methods result in 

unstable trade-offs between forgetting 

and utility.

❑ Convergence-based methods enforce 

fixed responses (“I don’t know”), leading 

to overly ignorant behavior, degraded 

utility, and superficial unlearning.

❑ Existing methods often produce 

incoherent or gibberish outputs on 

forget queries.

Our Solution: ASU

❑ ASU directly disrupts lexical and 

semantic associations in attention via 

smoothing, targeting the root cause of 

memorization.

❑ ASU introduces a forget-teacher via 

attention smoothing, enabling a bounded 

forget loss and stable unlearning.

❑ ASU preserves model utility by aligning 

with the forget-teacher, rather than 

enforcing fixed responses.

❑ ASU maintains coherent generation by 

weakening associations rather than 

destroying representations.
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Robustness under Continual Unlearning

Continual Unlearning Steps

At each step, 1% (forget01) or 5% (forget05) of authors are unlearned from the TOFU dataset.

Average denotes the mean of Model Utility (MU) and Forget Efficacy (FE) scores.
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