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(b). Multi-frame Generation

multimodal data in pixel space
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Background: Quadratic complexity in multimodal modeling

⚬   Generative models learn to replicate the distribution of training data for creating new samples.

diffusion model then
learns noise field evolving

sparse representation

but context input limited efficient scaling

DPF comprises the compute for modeling sparse 
representation performance with more context
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⚬   Scaling generative filed models by using efficient representation of field and context input.

text-embedding is effectively compressed and high-fidelity context
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She has wavy hair and high cheekbones. To 
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Takeaways

⚬   Sparsity trade-offs the continuous long-context modeling for efficiency but language context 

naturally comprises the global geometry.

⚬   Unifying different modalities through modeling providing unique priors that are  unattainable from 

single modality modeling (e.g. video prior for game simulation)

Thank you :)
For more details, 

please come to our poster session!

Code and models:
https://github.com/MKFMIKU/Field-DiT


