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Proposed Methods
To the best of our knowledge, our work is the first to apply both
Gaussian Mixture Mask and U-Net scale factors to diffusion models.

Specifically, our work is novel in 2 following ways.
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2. Skip connections during inference

* Re-scales U-Net’s skip connection feature maps and backbone
feature maps to improve image quality without additional training or
finetuning

e Adjusts 2 scaling factors (scaling backbone based on averaged feature

maps and scaling long skip connections across different decoder | | . N R?ferences.
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Model Architecture
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(a) UNet Architecture (b) FreeU Operations
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