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3D non-rigid registration is generally tackled as Local Feature Assignment

a reconstruction task

We Diffuse Geometry in Correspondence with a Template

"""""""""""""""""""""" HE Output @ The co-trained PointNet++ yields a feature vector
I I [ ] o
~ 0 Template Reconstructed Shape : : o for cvery lnp ut scan P o1nt.
( e
Input Shape | A o D (A’ E (8 )) . . I .*:‘{ |
N N ... . . . .. . Lo PSR SL
S \ P 3 P A Denoiser L e . ~ S ity i O Fm st S ¢ RF*3
| <l 1 | KT A R A C M R Rart: ST R ."3;:'..5‘:{

y Features D {1\ folobal - *g M Transformer R A ELRRESE LU T AR L 58 ' U

4. >0 %ﬁ‘..k}g’; ., 41 S head RS A 503 2 AR SRR St A Rt e fosie O

;;},}ph g g (S ) ) ’f-tg_:;.«;g{gg : . (4 layers, 8 heads) v % > : {:%59%;-.;,%: b . i’a @: ' > :::3\?:% 5

oy e SRR T R AL SOl R L 2 R Py ¥ IR

AY flocal ol S ey L sy '**"{,1‘* -  Nagess & n + fioca] € REX128

- gt ST D 0 et v AL ey ¥ Of Z, —
3D-CODED : 3D Correspondences by Deep Deformation, Greoueix et al., 2018 ) g ‘ y S IR v '-'{,"3'“ S LN ® -
o ® , : . !.«'. ‘:°.‘ C" —
But 1n the real world, it is inherently ambiguous £ = 700 t = 400 ¢ = 700 T =
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NICP: Neural ICP for 3D Human Registration at Scale, Marin et al., 2024 . . ~ A N . . . . .
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2. Sample t and add Gaussian noise
Point diffusion often relies on images and does

not natively support point order

Xo — Xt 1) Fit SMPL to prediction via smplfitter

2) Retine SMPL via Chamtfer loss to scan:

The positional encoding is crucial to

inform the denoiser about point order. 3. Extract scan features
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Train denoiser and feature extractor end-to-end.

PC 2 : Projection-Conditioned Point Cloud Diffusion for Single-lmage 3D Reconstruction, Melas-Kyriazi, 2023

@ At diftusion steps t = 1000, these assignments are
largely arbitrary, ...

ODin Performs Strongly on Full and Partial Scans Ablation
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@ ... but as t approaches 0, local teatures become a

highly informative conditioning source.
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Open Directions
* Incorporate appearance / other conditioning sources ® More diffusion techniques
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