
Abstract
We propose AdaFreeU, an adaptive extension of FreeU for 
text-to-image diffusion models such as Stable Diffusion (SD) [1,4]. 
FreeU improves generation by re-weighting U-Net backbone and skip 
features during inference through two scaling factors, but its fixed 
parameters may not generalize well across different prompts, seeds, 
and visual styles. We aim to solve this limitation by predicting FreeU 
parameters adaptively using strategies such as Gaussian policy 
prediction, REINFORCE, and DPO [5]. Experimental results show that 
AdaFreeU improves over both standard SD and default FreeU, with 
DPO achieving the highest mean ImageReward [2]. Compared with 
default FreeU, DPO consistently improves the mean ImageReward 
gain over SD, with 2.1× larger gains in constant mode and 7.0× larger 
gains in spatial mode.

Experimental Setup & Dataset
Our experiments are conducted on Stable Diffusion 1.5, which is 
based on the latent diffusion framework [4], with a custom FreeU 
implementation that enables per-layer control over the four U-Net 
upsampling layers [1]. We compare standard Stable Diffusion, default 
FreeU, and adaptive FreeU variants that predict FreeU parameters 
from the prompt and baseline SD image. Large-scale evaluation is 
performed on the MJHQ-30K dataset [3], using prompts and category 
metadata to assess performance across diverse image types. 
ImageReward-v1.0 [2] is used as the primary evaluation metric, 
measuring prompt-image quality according to learned human 
preference.

Experiment Result
We evaluate each method on 5,000 MJHQ-30K prompts sampled 
uniformly across categories, using ImageReward as the main 
evaluation metric. Adaptive FreeU methods generally outperform 
standard SD and default FreeU, with DPO achieving the highest mean 
ImageReward of 0.076 under constant prediction.
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Qualitative examples show that different FreeU strategies affect object 
structure, composition, and visual detail, suggesting that optimal 
FreeU parameters are prompt-dependent.

The user study further supports that the Gaussian-based adaptive 
prediction method is preferred over both SD and default FreeU. 

Figure 2. Visual comparison of SD, default FreeU, and adaptive FreeU methods

Figure 1. ImageReward comparison across FreeU adaptation strategies


