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Overview – Task Definition
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Adaptation via textual domain labels

Task definition: Zero-shot generative model adaptation

Latent code Source/target generator Synthesized images
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Overview – Motivation and Contribution
Alleviate the mode collapse issues in existing works

Examples from 
the internet
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A fixed and shared adaptation direction[1-2]

More precise and diversified adaptation directions
Similar and unexpected patterns[1] Gal, Rinon, et al. "StyleGAN-NADA: CLIP-guided domain adaptation of image generators." TOG 2022.

[2] Kim, Gwanghyun, et al. "DiffusionCLIP: Text-guided diffusion models for robust image manipulation." CVPR 2022.
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Motivation – Reason behind the Mode Collapse Issues
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(a) Manual prompts:
a shared fixed reference direction



(b) Learnable prompts (Ours):
image-specific reference directions
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Motivation – Reason behind the Mode Collapse Issues
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Question:

How to automatically obtain image-specific prompts and 

reference adaptation directions?



Method – Image specific Prompt Leaning (IPL)
Stage 1: Training latent mapper for prompt learning
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+ Domain regularization 

Encode image-specific features Avoid feature conflict

Contrastive learning 

“Round ear Human”

“Round ear Tolkien elf”



Method – Image specific Prompt Leaning (IPL)
Stage 2: Training generator for image synthesis
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Improved Directional CLIP loss



Experiments – Generative Model Adaptation
Qualitative comparison

[1] Gal, Rinon, et al. "StyleGAN-NADA: CLIP-guided domain adaptation of image generators." TOG 2022.

IPL alleviates the mode collapse issues of nasolabial folds (Disney), squinting eyes (Anime painting), 
red cheeks (Wall painting), and blue eyebrows (Ukiyo-e).



Experiments – Generative Model Adaptation
Qualitative comparison

Depressed emotions (Pixar character),
Green mussy noise on hairs (Tolkien elf),

Ruined noses (Werewolf),
……

Folded ears (Cartoon),
Unshaped necks (Pointillism),

Blue noses (Cubism),
……



Experiments – Generative Model Adaptation
Quantitative comparison

IPL generates images with: (1) higher quality and diversity (IS), (2) better source-domain information preserving capability 
(e.g., structure (SCS) or identity (ID)), (3) more correct target-domain style (SIFID) and (4) more user study preference (US). 



Experiments – Real-world Image Translation
Qualitative comparison

[1] Gal, Rinon, et al. "StyleGAN-NADA: CLIP-guided domain adaptation of image generators." TOG 2022.
[2] Kim, Gwanghyun, et al. "DiffusionCLIP: Text-guided diffusion models for robust image manipulation." CVPR 2022.
[3] Preechakul, Konpat, et al. "Diffusion Autoencoders: Toward a meaningful and decodable representation." CVPR 2022.

IPL is compatible with both GANs (GAN-IPL) and diffusion models (Diff-IPL). Diff-IPL inverses real-image more faithfully.



Experiments – Ablation studies
Prompt designing scheme & Loss term ratios

Recommended range: [1, 10]
NADA [1] CoOp [2] w/o learning Ours

[1] Gal, Rinon, et al. "StyleGAN-NADA: CLIP-guided domain adaptation of image generators." TOG 2022.
[2] Zhou, Kaiyang, et al. "Learning to prompt for vision-language models." IJCV 2022.



Thanks for watching!
For more details, please refer to our paper.
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