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Motivation & Contributions

> We propose the first neural network based general-purpose

NRPSR method that is invariant to the number and order of points.

1.oss Functions

- Displacement loss penalises the discrepancy  : ~ Point projection loss penalises the Euclidean distances

between the output displacements and ground between a point y' in Y+U(Y,X) and its closest point Xy~
truth displacements. . in X. Uniform

ﬁpp (Y + ’U(Y, X), X) —

> Our approach is robust to large deformations, articulations,

noises, outliers and missing data.

> Our approach runs orders of magnitude faster than previous
techniques.
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