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Training generative models without clean data
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Motivation: diffusion model training / sampling
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Practical challenge: Lack of clean data to train
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Bunch of subsampled images
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Problem setup: how training data looks like
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Let’s see how our denoising block works
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Let’s see how our denoising bloclk works at this stage.
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Experiment 1: image generation
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Experiment 1: image generation
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Experiment 1: image generation
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Experiment 2: image reconstruction
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