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Background: Diffusion Models & Memorization

Carlini et al. score

https://arxiv.org/abs/2301.13188


Related Works & Contributions
Wen et al. 2024

Our Contributions
1. Geometrically localize where memorization occurs. 
2. Explaining why the gap itself and the unconditional model matter 

Ross et al. 2025

Low dimensionality as signal of memorization

Mem Non-Mem

Jeon et al. extend this to sharpness, 
interpreting             as a sharpness gap.

https://openreview.net/forum?id=84n3UwkH7b
https://openreview.net/forum?id=aZ1gNJu8wO
https://proceedings.mlr.press/v267/jeon25a.html


So, how about trying                                     ?

This motivates the use of coordinate-wise curvature over dimensionality or sharpness. 

Motivating Example



What if subtracting the curvature 
of the unconditional model?

Subtracting the unconditional model 
suppresses intrinsic data curvature, 
revealing overfitting-driven memorization 

Why Gap Matters: Suppressing Intrinsic Curvature 



Interpretation of unconditional model as underfitted model

Let’s try another underfitted model (less-trained version)

“It has to generate from all classes at once, whereas conditional model can focus on a single 
class for any specific sample… the network attains a worse fit to the data.” (Karras et al. 2024)

https://arxiv.org/abs/2406.02507


Interpretation of score-difference metric Wen et al. (2024)

Now, we understand the geometric significance of 
the gap and the unconditional reference. 

https://openreview.net/forum?id=84n3UwkH7b


Summary

1. Accurate memorization localization using a geometric method, using 
coordinate-wise curvature differences.

2. a novel interpretation of the score-difference metric, explaining why 
subtracting the unconditional model is important.

Bright Ending : Cross-attention based method (Chen et al. 2025)

https://openreview.net/forum?id=p4cLtzk4oe


Thank you!
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