
We regulate the sampling process (Eq.1) via an energy function
to achieve semantic style transfer, the energy function consists of 
three components (Eq.2)

1. Style Feature Guidance: to align the style features with the 
reference image. 

2. Spatial Feature Guidance: to maintain spatial coherence with 
context.

3. Semantic Distance: to regularise the whole energy function.
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Fig. 2 We present Semantix, a training-free energy-guided sampler for Semantic Style Transfer that achieves 
style and appearance transfer across image and video through semantic alignment.

R Consistency. Semantix can transfer style through 
semantic correspondence with semantic alignment 
and visual consistency.

R Generic. Semantix can be applied across both 
images and videos as it is an energy-guided sampler. 
It is not restricted by the fundation models.

R Training-free. Benefiting from energy guidance, 
Semantix can steer style transfer without the need of 
model training or finetuning.

Fig. 1 Visualizing feature maps. We extracted features from the second block of the diffusion model decoder 
and visualized the top three PCA components and feature mapping at each timestep.
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Fig. 4 Qualitative Results for Video Transfer.

Fig. 3 Comparison Results for Image Transfer

Semantix: An Energy Guided Sampler for Semantic Style Transfer

Contribution

1. DIFT[1]: Diffusion models can capture rich semantic 
information and establish precise semantic 
correspondence between the context and reference 
images.

2. Energy Guidance[2,3]: The energy function can 
provide additional directional information to guide the 
sampling process along with classifier-free guidance.
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• Design of Energy Function

Tab. 1 Quantitative Results for Image Transfer.
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Tab. 2 Quantitative Results for Video Transfer.


