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Key Observation

Stable 
Diffusion

v1.5

Stable 
Diffusion

XL

Unsatisfying
Generation

Impressive
Generation

Baseline
Discrimination

Worse
Discrimination

66.7 PCK@0.1↑

59.2 PCK@0.1↑

• Stronger SDXL gives 
weaker features.

• Current feature 
extraction methods 
cannot fully unleash 
the advancements of 
diffusion models.

Generation samples taken from
Podell, Dustin, et al. "Sdxl: Improving latent 

diffusion models for high-resolution image 

synthesis." arXiv preprint 

arXiv:2307.01952 (2023).
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• Diffusion noises

• The first half of the upsampling stage can provide high-quality 
features.
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Property

• In-resolution granularity changes

• It makes sense to select more than one feature from the same 
resolution level.

All Extracted from Resolution #0 in Up-Stage



Property

• Locality without positional embeddings

Self-Attention Key Activations

Locality: A pixel is …

… more similar to nearby pixels

… less similar to pixels with similar semantics



Property

• Locality without positional embeddings

• Locality causes worse feature quality most of the time.

Most Time:



Property

• Locality without positional embeddings

• But locality is also helpful to suppress strong diffusion noises.

Most Time:

Strong Noise
Regions:



Results
• The best results marked as bold and runner-up marked as underlined.

Semantic Correspondence Task Semantic Segmentation Task



Results

• Better performance with the same model.



Results

• Better performance from SDXL than SDv1.5.



Introducing Our Code Base

GitHub page at: https://github.com/Darkbblue/generic-diffusion-feature



Thanks for your listening!
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