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Abstract

In this paper, we propose an adaptive FreeU method designed to improve the U-Net architecture of diffusion models, which
have recently demonstrated excellent performance in image generation. While FreeU enhances overall generation quality by
applying a single fixed scaling factor to both backbone and skip features regardless of the input, it fails to account for variations
in importance across different inputs. To address this limitation, the proposed adaptive FreeU dynamically amplifies the backbone
features through channel-wise entropy analysis and quantitatively assesses the energy of low-frequency information in the skip
features to suppress excessive low-frequency components, thereby preventing oversmoothing. Experimental results on Stable
Diffusion 2.1 and Stable Diffusion XL show that our method yields higher-quality generated images compared to FreeU, and also
achieves performance gains on objective evaluation metrics such as FID and CLIP-Score.
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Fig. 1. In the diffusion model: (a) the U-Net architecture, and (b) the operation structure in FreeU where the scaling factor is

applied to both backbone features and skip features™
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Table 1. Quantitative Comparison of FreeU and the Proposed Method
(FID, CLIP Score)

Base Method  CLIP Score (T) FID ({)
FreeU 33.7557 80.738

SD2.1
Proposed 33.9955 79.095
FreeU 344139 93.952

SD-XL
Proposed 34.5388 89.651

(b) Proposed

12 3. FreeU2t H[Qh dhHo| A A H|W (SD 2.1)
Fig. 3. Comparison of Generated Images between FreeU and the Proposed Method (SD 2.1)
(Text: An astronaut is riding a horse in the space in a photorealistic style)
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(a) FreeU (b) Proposed
J121 4. FreeUSt X|oh HiHol MA M H|Ww (SD 2.1)
Fig. 4. Comparison of Generated Images between FreeU and the Proposed Method (SD 2.1)
(Text: A dragon made of clouds flying over a futuristic city with neon lights, during sunset)

(a) FreeU (b) Proposed

2! 5. FreeU2t M|oh i MM A4 H|W (SD 2.1)
Fig. 5. Comparison of Generated Images between FreeU and the Proposed Method (SD 2.1)
(Text: A fox wearing a detective hat and magnifying glass, solving mysteries in a Victorian-style library)
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(a) FreeU (b) Proposed

T2 6. FreeUSt MOt titHo| 44 A H|T (SDXL)
Fig. 6. Comparison of Generated Images between FreeU and the Proposed Method (SDXL)
(Text: An astronaut feeding ducks on a sunny afternoon, reflection from the water)

(a) FreeU (b) Proposed

T2 7. FreeU2t ot ol A A4 H|W (SDXL)
Fig. 7. Comparison of Generated Images between FreeU and the Proposed Method (SDXL)
(Text: A drone view of celebration with Christmas tree and fireworks, starry sky - background)

(b) Proposed

@ FreeU
T2l 8. FreeUSt MOt SHHO| M A4k H|w (SDXL)

Fig. 8. Comparison of Generated Images between FreeU and the Proposed Method (SDXL)
(Text: A cat riding a motorcycle)
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