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Diffusion Models (DMs)
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This Work

1. DoRI 5’

2. Locality Refutation
3. Robust Mitigation




Discovery of Retained Images (DORI)*
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Evading Pruning with DoRI 2

Memorization Rate vs Optimization Steps
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Optimization Steps of Adversarial Embeddings (DoRlI)



Locality Assumption

1. Input Space



Random Initialization

Text Embedding Type
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The Same Output Image After DoRI £
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Locality Assumption

1. TrputSpace Refuted

2. Activation Space



Different Input » Different Output




Different Input » Same Output
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Expected if Locality Holds:
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Actual:;
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Locality Assumption

1. TrputSpace Refuted

2. AetivabonSpace Refuted
3. Weights



Same Output » Different Weights
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EoealttvyAsstmptior Refuted

1. TapwtSpace Reluted
2. AetivabonSpace Refuted
3. Wetehts Refuted



Our Mitigation
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Our Mitigation 1s Successful
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1. DoRI 5’

2. Locality Refutation
3. Robust Mitigation




