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MeDM: Mediating Image Diffusion Models Experiments
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A tluent video should reconstruct a stripe-free image from a horizontal scan. | \/ideo pixels are essentially views to the underlying objects. We construct an — T — r— =

explicit pixel repository R* to represent the underlying world. R! is derived
from the optical flows F through the proposed Flow Coding and stores all
unique pixels of the video. The encoded frames X¢ and the repository R!

| ControlNet

Proposed Modules
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