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Problem Formulation

What's New about Our Formulation?

: Time : : : : :
Input: > The input point sequence is not generated by a fixed set of points.
* Raw point cloud sequence Instead, each point cloud is an arbitrary sampling of the object

of an articulated object surface. Time

Output: -_— "

a) Part segmentation
b) Part poses
c) Kinematic structure

Observed points

Underlying object surface

Corresponding points might not exist across the observed
sequence, therefore, methods that rely on tracking point
correspondences are not appropriate.

Instead of solely relying on point correspondences, our method
models the point distribution of each rigid part across time using
dynamic 3D Gaussians .

The estimated parameters can be
used to re-articulate the point
cloud to novel poses.

*

We use the term "Gaussian" as a shorthand for Gaussian distribution. For a given point, each
Gaussian is used to calculate the likelihood that the point belongs to that distribution.

Method Overview
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: that time step, then the segmented point cloud can
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Step 2: Kinematic structure estimation match the observed ones.
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Ground Truth
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