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® geometric regularity

® ecasy initialization

StM & MVS (e.g. Colmap




Poisson surface reconstruction

desired properties:
o cfficient
e differentiable
e geometric regularity

® easy initialization

Kazhdan et al., “Poisson Surface Reconstruction”, Eurographics 2006
Peng et al. "Shape as points: A differentiable poisson solver”,
NeurlPS 2021



Poisson surface reconstruction

desired properties:
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® easy initialization

Kazhdan et al., “Poisson Surface Reconstruction”, Eurographics 2006
Peng et al. "Shape as points: A differentiable poisson solver”,
NeurlPS 2021
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Poisson surface reconstruction

Au(x) =V - ( D ;G y)

u(x) = 3, Py m)



PSR as a kernel sum
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PSR as a kernel sum
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PSR as a kernel sum

u(x) = Y Px. v m)



point-cloud winding number

u(x) = ) P (x,y,1)



point-cloud winding number

u(x) = ) P (x,y,1)
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regularized

winding number winding number

Barill et al., “Fast Winding Numbers for Soups and Clouds”,
SIGGRAPH 2018



winding number

Barill et al., “Fast Winding Numbers for Soups and Clouds”,
SIGGRAPH 2018
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regularized dipole sum
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point-cloud winding number
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volume rendering

volumetric density o
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volume rendering equation:

c = JL(x(t)) o(x(2)) e 1 oX) ds 4y
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volume rendering

regularized
dipole sum

Miller et al., Objects as volumes: A stochastic geometry
view of opaque solids, CVPR 2024
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volume rendering

geometry

J&x) = ZPg (xvyi’ ﬁi) i



volume rendering

geometry
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naive summation over M points for N queries Z P, (x, Vis ﬁi) - fi
O(N - M) time
Barnes-Hut approximation

O(N - log M) time

autodiff: O(N - M)

our method: O((N+ M) - logM)
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Blended MVS

Gaussian surfels NeuS2 reg. winding number ours
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importance of geometric regularization

reference neuralangelo (14 hrs) ours (10 mins)
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code & data
available on our

extensive
visualizations &

additional results website!

https://imaging.cs.cmu.edu/

fast_dipole_sums/
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