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Introduction

* Task: 3D object reconstruction from single-view RGB-D 1mages

Input image Partial points Reconstructed point cloud
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Introduction

* Background
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Implicit Field Learning:
MCC, NU-MCC
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2D Multi-view Diffusion:
ImageDream, One2345
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3D Point Diffusion:

PC?, PVD
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Introduction

 Motivation:

Input

Implicit Field
Learning

Classic: random query sampling
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Ours: adaptive query sampling
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Introduction

* [PoD: Implicit Field Learning with Point Diffusion

= \e for t=T t=0
IPOD oyl 7
5>1: Queries in implicit Noisy points P Ic>D: Implicit predictions
learning are view as a whole Condition Denoising learning 1 —
g at each point serve as se
. * 4
e L Adaptive Self- 141 1 ]
point cloud that can be % el o condition to provide point-
adapted to the target shape . Implicit learning wise guidance for point
via point denoising learning. Quer, i diffusion-denoising learning.
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The implicit field learning and diffusion-denoising
learning in IPoD form a cooperative system!
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Methodology

* Preliminary
Implicit field learning:
f@(Q ‘ P7 I) — Vv
/:'imp — HfQ(Q ‘ Pvl) o VH1

Diffusion learning:

g@(Xtat | Pal) — €
Lair = ng(Xtat | P,I) — GHQ

Ours:
ho(Xe,t | P, 1) = (e, v)

Luni = [V = v, + Al =€l

Input: image and seen point cloud
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Methodology

* Pipeline

<-==» : compute loss & : concatenate
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Add noise
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Methodology

* Implementation

Transformer-based implementation:

Patch Transformer M>xd, Transformer
[ == HXWx 3 iy \[x €9 M’xdy=» decoder
Embed layers Eheode Nx 1
Ep =8 |—> =
Pool + Transformer ] MLP:
P == MXx3 m—— \'xe, M’xd,=»  Anchor
Embed layers J features
P
Embed Linear Transformer
Xt—NX3—> Nxe —?—b —— decoder V3
X
p Embed T Linear oo ] ',ll) |_’M 5;’ !
— | X o m— >
scale shift N*e Nxd Ey €

PVCNN-based implementation:

T EPaE:hd Mixe, Tralnsformer: L] projection PV‘_]CNT—D J—PNVI

mbe ayers M xd, EI l D, MLP: I

P— Mx3 Positional M ezld convolutional ol T——
Embed layers MY, E,

PVCNN Nx3

Embed Linear () e

X; = Nx3 == Nxe —?—» — —_— €

D, MLP:
Embed Linear
b 1xe’ > OO -~
! ¢ scale shift V<€ Nxdy g (M+Nyxd - (M+N)x1
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Experiments

* Denoising process visualization
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Experiments

* Quantitative results on CO3D-v2 (10 held-out categories)

Method Backbone Accl Compl CDJ Prect Recall? F11
PC? PVCNN 0.342 0.214 0.556 24.2 56.2 33.0
PC2-depth PVCNN 0.209 0.103 0.312 61.7 87.6 70.7
MCC Transformer 0.172 0.144 0.316 68.9 72.7 69.8
NU-MCC Transformer 0.121 0.146 0.266 79.2 84.0 80.9
Ours1 PVCNN 0.163 0.089 0.252 69.0 89.7 76.2
Ours2 Transformer 0.104 0.087 0.190 85.1 90.1 87.2
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Experiments

* Qualitative results on CO3D v2 (held- out categorles)

Image

PC2-depth. ‘ .
Oursl Q .

NU-MCC
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Experiments

* Generalization results on MVImgNet

NU-MCC Ours2 NU-MCC Ours2

F1:89.3% CD:0.152 | F1:94.2% CD:0.133 F1:83.2% CD:0.166 § F1:96.4% CD:0.119

ISeen” GT# &
Image [ A 7

NU-MGGl  Ous NU-Mcc ™ Ours2

F1:85.3% CD:0.164 | F1:91.7% CD:0.123 F1: 89.0% CD:0.147 F1:94.9% CD:0.111

NU-MCC
F1:74.1%

F1:78.9%

CD: 0.268

CD: 0.257

Ours2
F1:82.9%

Ours2
F1:91.3%

CD: 0.220

CD: 0.149
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Experiments

* Qualitative results on CO3D-v2 (held-in categories)
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