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Inputs

 text prompt: conten

 style image(s): style reference

Style Adapter

 style feature extracto

 dual cross-attention modul

 context-aware scale factor predictor



 Model 

Style Feature Extractor

style ref. image


 -> Global semantic & full local tokens


 -> F_s

CLIP Image Encoder


Q-former (Query Transformer)




 Model 

Dual Cross-attention Module

Denoising U-Net에서, style embedding을 

위한 새로운 cross-attention module을 추가,


text feature + style feature => F_out

 * attach-to-text: text embedding에 style 

embedding을 붙여서 기존 cross-attention에 입력



 Model 

Context-Aware Scale Factor Predictor

Text feature와 Style feature를 합칠 때, scale을 조절

하는 “scale factor prediction network”를 학습시킴.

text-based 

cross attention

style-based 

cross attention

scale factor
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Context-Aware Scale Factor Predictor

Text feature와 Style feature를 합칠 때, scale을 조절

하는 “scale factor prediction network”를 학습시킴.

text-based 
cross attention

style-based 
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ID [1,4]: 

N(words) < 5

ID [1,4]: 

simple?한 스타일

ID [5,8]: 

rich style-semantics

ID [5,8]: 

N(words) > 8rich style -> higher scales


complex prompt -> lower scale factors



 Two Stage Training Strategy

Base T2V Model

VideoCrafter

Step 1) Style Adapter Training

Style image dataset으로 


Style Adapter 학습



Dataset: WikiArt, Laion-Aesthetics-6.5




T2V에 적용하면, 시간에 따라 떨리는 현상 발생 


=> T2V model의 temporal self-attention 

finetuning 필요 (step 2)

Step 2) Temporal blocks Finetuning

Temporal blocks of VideoCrafter 학습,


나머지 파트는 frozen



jointly train image datasets & video datasets 

(subset of WebVid-10M)



 Results - Single-Reference Style Guided

VideoCompose
 style reference의 content를 가져온다. 

(invalid style-content decoupling
 움직임이 거의 없음.

VideoCrafte
 style 반영 미흡

Our
 style을 잘 반영한 좋은 결과



 Results - Multi-Reference Style Guided

AnimateDif
 Close-to-realism styl
 temporal artifacts

Ours (Multi-ref.
 시간적 일관
 style, context 모두 잘 반
 Ours (Single-ref.)보다 좋은 성능



 Ablation Study

Dual Cross Attention

attatch-to-text(하나의 cross attention에 text와 style features 입력) 

=> content와 style을 분리하지 못함.

attach-to-text

attach-to-text

dual cross attention

dual cross attention



 Ablation Study

Adaptive Style-Content Fusion

content(text)와 image(style)의 features를 더하는 scale 조절.


없으면, text prompt가 길 때, content가 일부 손실된다.

Text Prompts

(i) A little girl

(ii) A little girl  in the park, 

     with  nearby pointed at the sky

reading a book
a telescope



 Ablation Study

Two-Stage Training Scheme

Style adapter training -> Temporal block finetuning


(i) Without Temporal block Finetuning (only style adapter training)


(ii) Joint Training (style adapter & temporal blocks 동시에)

-> temporal consistency 성능 감소


-> style embedding extraction (style adapter) 성능 감소



Thank You



Classifier-Free Guidance for Multiple Conditions



 Results - T2I



 Limitations

.

여백 등 디테일한 style 반영 부족


데이터 부족의 한계가 여전히 존재 (전체적인 성능의 아쉬움?)


