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Challenges and contributions

£ dgeConv [Wang et al. 2015] 1. Point cloud processing: improve the feature extractor
.9 © o v, 2"  tolearn both local and global context

‘ .//‘\- ,//"\0 We propose the channel-attentive EdgeConv
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2. Point cloud generation: adopt a more efficient
manner to modulate the point morphing

Point morphing [Groueix et al.2018]
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o 3. Point cloud distance: improve the visual quality of
Output (Train with Ground Truth

generated point cloud

Chamfer Distance loss)

% We project the completed points to depth maps with a
Y differentiable renderer and apply adversarial training to
b advocate the perceptual realism under different viewpoints
Our framework
D Image Domain Losses D
S pa re N et oo iy
Rendererm || . !l amm ' Rendererm
e ) ) e
..............
g m  naKS @' G = 2 = R > 2 — R —» 2 Point Domain Losses 2
e S g
X g9 er =¥ Ygt
Style-based Point Generation Refinement with Adversarial Point Rendering B
ol sl i Wt
. f'f . t
' & x
:

ChuxinWang?* BoZhang3? HaoYang3 DongChen3
*UIUC 2USTC 3Microsoft Research Asia

Our approach

(@) Channel-Attentive EdgeConv (CAE)
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(c) Adversarial Point Rendering

Style-based Folding Layer
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(c) Adversarial Point Rendering

Adversarial: a discriminator that

discriminates the rendered 2D

Style-based Point Generator with Adversarial Rendering for Point Cloud Completion
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(d) Total loss [ Rencer > - Ik i
* Point domain loss: -
* EMD loss between coarse output and GT " |
* EMD loss between final output and GT = L Render = < /(c} D = Real
 Fidelity loss between final output and input i ’\ i §
* Image domain loss
* Depth map matching
* Adversarial loss:
* Mean Square Error loss
« Discriminator feature matching L = WreslreaPWidldd FWinihldeviiet
* Expansion loss Wfeal fea + WadvLadv + WezpLexp,
* Regqularize surface elements during folding
Experiments (ShapeNet dataset)
Completion results: Depth maps: v e vios et views iews
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Table

Input

AtlasNet[ 1]

Earth moverd

FCAE

Istance:

FoldingNet[37] PCN[39]

MSN [21]

GRNet [35]

plane cabinet car chair lamp sofa table vessel

avg

Method

PointFCAE |1.554
FoldingNet | 1.682
AtlasNet |1.324
PCN* 2.426
MSN 1.334
GRNet 1.376
Ours 1.131

2.631
2.576
2.582
1.888
2.251
2.128
2.014

2.132 2.954 4.067 2.997 2.899 2.619 |2.732
2.183 2.847 3.062 3.003 2.500 2.357
2.085 2.442 2.718 2.829 2.160 2.114|2.282
2.744 2.200 2.383 2.062 1.242 2.208
2.062 2.346 2.449 2.712 1.977 2.001
1.918 2.127 2.150 2.468 1.852 1.876
1.783 2.050 2.063 2.333 1.729 1.790

2.526

2.144
2.142
1.987
1.862
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Ablation: &
Ablation EMD CD FPD
[A] w/o 1 in CAE 2.060 0.606 1.012
[B] w/o EdgeConv in CAE | 1.972 0.542 0.692
[C] w/o Style-based Folding | 3.274 1.779 3.111
[D] w/o Recurrent Refine |2.184 0.708 1.856
Ours Full 1.862 0.515 0.645




