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StS-GAN: METHOD

RESULTS

We translate images from domain A to domain B using 3 simple steps:

MEANINGFUL SEED SPACE

Spherical Interpolation (Slerp) between DDIM-inverted seeds from 𝑖𝑚𝑔𝐴 and 𝑖𝑚𝑔𝐵  yields a 
semantically coherent transformation between the images.

Spherical Interpolation (Slerp) between DDIM-
inverted seeds from 𝑖𝑚𝑔𝐴 and 𝑖𝑚𝑔𝐵  yields a 

semantically coherent transformation between the 
images.

Quantitative comparison of {Source_Day}→{Clear_Night} translation (BDD100K)

Qualiative comparison of Day-to-Night translation (BDD100K)

Qualitative demonstration of different Automotive translations (BDD100K, DENSE)
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Non-Automotive Applications (FFHQ, AFHQ)

SEED-TO-SEED? → TL;DR

Main Innovation
• The “seed-space” of DMs has a meaningful structure 

which enables Image manipulation within the seed 
space, rather than along the sampling trajectory.

• We present StS-GAN: A CycleGAN-based Unpaired 
image-to-Image Translation model, via Seed-to-Seed 
Translation.

• A hybrid framework combining GAN-based translation 
with diffusion-based generation, leveraging their 
complementary strengths.

What’s Next?
• Enhanced seed-editing techniques.
• Flexible content-preservation mechanism along the 

sampling trajectory.
• Control the Intensity of the target domain (e.g., fog 

density).

Task & Motivation

Task: Unpaired Image translation, with explicit focus on cases that require a 
close adherence to the source image’s semantics.

Common Alternatives: 
• GAN-based methods- Content preservation is enforced via cycle 

consistency, but image appearance is usually of low quality.
• DM-based methods-  High quality image generation, but content 

preservation is not explicitly enforced.

Challenge: combine the fidelity enforced by cycle consisteny in GANs with 
the high quality, yet iterative, Diffusion Models.

Demonstrated Applications: 
• Time-of-day & weather adjustments of complex Automotive scense 

(Datasets: BDD100K, DENSE)
• Age & gender adjustments of human faces (Dataset: FFHQ)
• Traditional cat      dog swap (Dataset: AFHQ)
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      Please visit our project page at
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