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Extract keypoints from deformables with unsupervised methods; keypoints are unordered & can appear on various object parts.

Interpret keypoints as noisy samples from partially observed state distribution, then embed into an infinite-dimensional space to get:

 ❖ permutation invariance    ❖ robustness to noise    ❖ convenient distance metric    ❖ continuity

Real-to-Sim with BayesSim-RKHS

What is difficult about deformables? 

- Potentially infinite number of degrees of freedom 
   versus 6 degrees for rigid objects

- Self-occlusions, challenging dynamics 
   (even if using low-dimensional embeddings)

vs.

‘Real-to-sim’ : automatically tune simulators with deformables to resemble reality; enable large-scale policy learning

Current and future collaborations: real-to-sim with differentiable simulators & reinforcement learning with scalable simulators 

tinyurl.com/diffcloud

github.com/contactrika/dedo
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Home-to-Habitat: Household Tasks 
with Deformables in AI Habitat.
An industry collaboration with Meta AI.!Home-to-Habitat!

!DEDO!

https://t.co/svtMDu1S2r
https://github.com/contactrika/dedo
https://ieeexplore.ieee.org/abstract/document/9730061/
https://openreview.net/forum?id=WcY35wjmCBA

