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Ambient Diffusion Policy restricts “suboptimal” data to training at high and low noise-levels
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Low noise: local motion primitives High noise: global planning
Diffusion Policy learns different features at each noise-level > data usage should be noise-dependent
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1) Ambient scales with more suboptimal data, 2) Ambient outperforms co-training by up to 33%
whereas co-training plateaus
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Co-training: 59.9% & Jittery 84.5% 22.7%
Ambient: 65.9% & Smooth 93.5% 93.3%




