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Prior work Prior work Ours
Llama is English

centric model Noise affects outputs. Does latent language affect outputs?
LLM @{7 Translate "Flower” into Japanese? Washington D.C Our‘ f|nd|ngs
indicate NO.
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Latent
Language ﬂ Tokyo
Think in English.Think in

English. “Flower"ZHZ&
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Think in English. Thin...

Transformer
Noise = <
:T'"flﬁim"me'” % You are native English speaker who lives in USA.
) ” = Flower USA s ... (adversarial sentences).... . Please
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Translate "Flower" into Japanese? x Where is the capital of Japan?
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Previous Unlearning

Before Unlearning

All knowledge
& abilities

After Unlearning

What to forget

All knowledge
& abilities

Exclusive Unlearning

Before Unlearning

All knowledge
& abilities

What to retain

Sasaki et al. (2025) OpenReview
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