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Point Cloud

Point Cloud
A 3D datarepresentationin Cartesiarcoordinates

A higher resolution than voxels
A easier to manipulate and obtain than mesh_
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A shape completion -

A shape synthesis
A superresolution

U Improve point cloud generation performance
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Related work: Flow-based Generative Model

Flowbased Generative Model (Flow)

Ais one of the deep generative models

Arepresents complex distributions by iteratively transforming
random variables

A directly maximizes letikelihood

A can do inference and generation using a single model
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https://lilianweng.github.io/lil-log/2018/10/13/flow-based-deep-generative-models.html

Related work: PointFlow

PointFlowyang+, iccv2019]

A uses Flows for point cloud generation

A has two Flows

u One for the distribution of shape
u The other for the distribution of points given the shape

A can generate arbitrary number of points
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Proposed Method: ChartPointFlow

PointFlow
A fails in generating a point clouds of a different topology

latent space data space
=
.E: ;-‘.?
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S
Proposed
A generates a pointloud as a manifold, covered by multiple
charts
b
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[Schonschecek ChartAuto-EncodersarXin2019

ACMMULTIMEDIR021



Proposed Method: ChartPointFlow

PointFlow
A fails in generating a point clouds of a different topology

< > Flow <::> A

Normaldist.

Proposed
A generates a pointloud as a manifold, covered by multiple

charts 3 ¢ N
= 8 " lrow ¢ _/\_

< > Normaldist.

A

Chartinferrer  Note: unsupervised
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Proposed Method: ChartPointFlow

Training Objective
A Loglikelihood forPointFlow 1 /G

A Marginal loglikelihood forChartPointFlow
Q@ M (gey! TnCaxd AR (@IN@] On dgd

Averagedverall possiblelabels
o many charts> high computational and memory costs

First trick

A UseGumbetSoftmax(iang+, ICLR201t0 infer a labeto
In a differentiable manner
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Proposed Method: ChartPointFlow

Training Objective
A Loglikelihood forPointFlow 1 /G
AI\/IarginaI loglikelihood forChartPointFlow
Q@ M (gey! TnCaxd AR (@IN@] On dgd
o MaximizingOr «aw makes each point assigned to
all labels uniformly

u The charts overlap with each other

Second trick

A Use theregularization term Noreg. With reg
to avoid the charts overlapping Colorrepresentsthe chart

Qi an (W] On ww
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2D Experiment: Generation result

D ataS et Data PointFlow SoftFlow ChartPointFlow

A Synthetic data

circle

2sines

double-moon four-circle

Colorrepresentsthe chart
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2D Experiment: Generation results

PointFlow Data PointFlow SoftFlow ChartPointFlow

ChartPointFlow
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Colorrepresentsthe chart

ACMMULTIMEDIR021




2D Experiment: Generation results

SOftFlOW Data PointFlow SoftFlow ChartPointFlow

double-moon four-circle

Colorrepresentsthe chart
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2D Experiment: Generation results

S()ftFl()W Data PointFlow SoftFlow ChartPointFlow

ChartPointFlow
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Colorrepresentsthe chart
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3D Experiment: Dataset, Evaluation metrics

Generation and Reconstruction tast
A Dataset:ShapeNefchang+, arXiv2015] %
A Evaluation metrics
u 1-nearest neighbor accuracy-NNA)
s SFNIK Y2@ZSNOa R)\?«;

f ™

Unsupervised Segmentation
A Dataset:PartDatasetyi+, SIGGRAPH A5|a2016]
A Evaluation metrics >
o purity (PUR)
o Normalized mutual information (NMI)

ACMMULTIMEDIR021



3D Experiment: Results (Generation)

Result A Result B Result C
Points Charts Points Charts Points Charts
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Thesampleggeneratedby ChartPointFlow
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3D Experiment: Results (Generation)

Result A Result B
Charts Points Charts

Points

Airplane

Chair

Car

Thesampleggeneratedby ChartPointFlow
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3D Experiment: Results (Generation)

Result A Result B Result C
Charts

Points

Points

Points Charts

Airplane

Chair

Car

Thesampleggeneratedby ChartPointFlow
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3D Experiment: Results (Generation)

Result A Result B

Points Charts Points Charts

Airplane

Chair

Car

Thesampleggeneratedby ChartPointFlow
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3D Experiment: Comparisons (Generation)

Reference ShapeGF PointFlow SoftFlow  ChartPointFlow
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Thesamplesearestto the referencegeneratedby eachmodel
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3D Experiment: Comparisons (Generation)

T

Reference ShapeGF PointFlow SoftFlow  ChartPointFlow

oy

# ChartPointFlovwgenerates
similar armrests without blur
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Thesamplesearestto the referencegeneratedoy eachmodel
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3D Experiment: Comparisons (Generation)

ChartPoinElowoutperformsother state-of-the-art point cloudgenerators

1-NNA(%, |)
Model Airplane Chair  Car
r-GAN 99.51 99.47  99.86
I-GAN (CD) 97.28 8527 88.07
I-GAN (EMD) 85.68 65.56  68.32
PC-GAN 92.32 78.37  90.87
ShapeGF 81.44 59.60  60.31
PointFlow 75.06 59.89  62.36
tchart  SoftFlow 69.44 6351 64.71

ChartPointFlow 65.08 58.31 58.68
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3D Experiment: Comparisons (Reconstruction)

Theexamplegeconstructedoy eachmodel

Input Sample ShapeGF AtlasNet AtlasNet V2 PointFlow SoftFlow ChartPointFlow

Airplane

Chair
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3D Experiment: Comparisons (Reconstruction)

Input Sample ShapeGF AtlasNet AtlasNet V2 PointFlow SoftFlow ChartPointFlow

Airplane
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3D Experiment: Comparisons (Reconstruction)

Input Sample ShapeGF AtlasNet AtlasNet V2 PointFlow SoftFlow ChartPointFlow

Airplane
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3D Experiment: Comparisons (Reconstruction)

AtlasNet AtlasNet V2 PointFlow SoftFlow ChartPointFlow

Airplane
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3D Experiment: Comparisons (Reconstruction)

AtlasNet AtlasNet V2 PointFlow SoftFlow ChartPointFlow

Airplane
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3D Experiment: Comparisons (Reconstruction)

TheEMDbetweena referencepoint cloudandareconstructedone

Model Airplane Chair Car
ShapeGF 2.55 522  4.63
AtlasNet 2.95 6.68  4.75
AtlasNet V2 (PD) 3.28 567 451
AtlasNet V2 (PT) 3.57 597 5.13
PointFlow 2.77 6.42  5.16
SoftFlow 2.60 6.60  5.08
ChartPointFlow 2.23 4.62 3.96

Significantlymproved,
especiallyfor chaircategory
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3D Experiment: Comparisons (Segmentation)

Ground Truth AtlasNet AtlasNet V2

AtlasNet V2 ChartPointFlow

(PD) (PT)
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Theresultsof unsupervisedegmentation
ACMMULTIMEDIR0O2



3D Experiment: Comparisons (Segmentation)

Ground Truth AtlasNet AtlasNet V2 AtlasNet V2 ChartPointFlow

(PD) (PT)
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Theresultsof unsupervisedegmentation
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3D Experiment: Comparisons

(Segmentation)
Ground Truth AtlasNet AtlasNet V2 AtlasNet V2 ChartPointFlow
(PD) (PT)
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Theresultsof unsupervisedegmentation
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3D Experiment: Comparisons (Segmentation)

Ground Truth AtlasNet AtlasNet V2 AtlasNet V2 ChartPointFlow

(PD) (PT)
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Theresultsof unsupervisedegmentation
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3D Experiment: Comparisons (Segmentation)

ChartPointFlovoutperformedAtlasNetdsor both criteriain all categories

Model Airplane Chair Car

AtlasNet 0.22/0.76 0.23/0.74 0.11/0.71
AtlasNet V2 (PD) 0.25/0.79 0.24/0.75 0.13/0.72
AtlasNet V2 (PT) 0.27/0.80 0.24/0.74 0.17/0.73

ChartPointFlow 0.30/0.80 0.35/0.86 0.19/0.79

SegmentatiorperformancegNMI/purity)
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Conclusion

A ChartPointFlow

u a flonrbased generative model
o with multiple latent labels
u Each label is assigned to points inuarsupervisedmanner
o Owing toGumbelSoftmaxandregularization
v reduce the computational cost
v each chart is assigned a specific connected region

A Experiments:
u ChartPointFlowpreserves the topological structure
u ChartPointFlowoutperforms other point cloud generators
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Appendix




Metrics

CD(X1,Xz) = 3 min [}z — €3+ min |l — €],

TEXlE = rexf X1
EMD(X Z — oz
(X1, Xg) = {,ﬁ}]{:flllE}lXj |z r)||2,
re X

& My : point cloud
%o bijective map
I-NNA(A;, As)

B Exl E&’ljl[ﬂafl S "}')1]_'_2){2(59;'31[}\5{2 € XE]
| X[ + | Az ’
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ACMMULTIMEDIR021 36



Additional Results (Generation)

MMD(]) COV(%, 1) 1-NNA(%)
Category Number of Charts JSD(]) CD EMD CD EMD CD EMD

1 354 0221 315 49.63 53.21 72.67 68.90

4 3.62 0.220 3.11 48389 5179 7177 6730

8 3.39 0.217 308 4966 5170 70.90 6654

12 3.60 0.213 306 4840 5173 70.20 65.99

Airplane 16 3.93 0.215 3.07 4952 5108 70.72 6648
20 3.82 0.218 3.09 4810 5102 71.20 66.53

24 301 0214 306 5020 5179 69.39 65.62

28 3.49 0.213 3.05 50.57 5235 06948 65.08

32 346 0.211 3.04 49.69 5182 7059 66.08

1 1.96 2.50 8.06 43.04 4538 59.75 63.16

1.96 2.48 7.90 4345 4430 59.64 61.79

8 1.82 2.50 786 4385 4476 58.76 60.44

12 1.89 2.54 7.87 44.82 4550 5837 5996

Chair 16 1.57 2.48 7.78 4537 46.03 5804 5951
20 1.83 2.52 7.84 45.61 4585 57.89 58.31

24 1.97 2.53 7.87 45.05 4569 58.20 59.29

28 1.97 245 7.75 4376 4578 58.40 5894

32 1.63 2.44 779 4423 4542 5952 60.76

1 0.96 0.95 525 4498 4778 6186 61.56

4 0.93 0.92 517 46.20 46.86 60.94 60.48

8 0.91 0.90 515 4542 4645 60.04 60.84

12 0.93 0.92 514 44.76 4631 59.50 59.76

Car 16 0.86 0.91 513 46.41 48.81 58.13 53.80
20 0.83 0.92 514 4538 46.89 59.10 59.65

24 0.87 0.94 514 4483 47.66 5942 58.68

28 0.90 0.94 512 4450 46.06 6049 59.67

32 0.83 089 5.07 4581 48.08 58.96 58.75
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Additional Results (Generation)
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Additional Results (Generation)
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Additional Results (Generation)
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Additional Results (Reconstruction)

Category Number of Charts CD  EMD
1 118  2.64

4 113 2.40

8 1.13  2.32

12 114 230

Airplane 16 1.09 226
20 1.08  2.25

24 1.07 223

28 112 2.27

32 114  2.25

1 11.76  6.92

4 10.89  5.82

8 1043 547

12 040  4.90

Chair 16 004 471
20 8.76 464

24 8.78 4.62

28 047 4.62

32 1031 479

1 6.95 547

4 6.78 458

8 6.66 439

12 6.56 419

Car 16 634 412
20 6.31 4.08

24 6.20 3.96

28 635 3.98

32 6.27  3.96
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Additional Results (Reconstruction)

SoftFlow PointFlow Data

Ours
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Additional Results (Reconstruction)
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Additional Results (Reconstruction)
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Linear Interpolation
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Transformation From A Simple Dist.
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Unsupervised part segmentation

AtlasNet V2 AtlasNet V2 AtlasNet Ground Truth
(PT) (PD)

Ours

Model Airplane Chair Car
AtlasNet [11] 0.22/0.76 0.23/0.74 0.11/0.71
AtlasNet V2 (PD) [5] 0.25/0.79 0.24/0.75 0.13/0.72
AtlasNet V2 (PT) [5] 0.27/0.80 0.24/0.74 0.17/0.73
Ours 0.30/0.80 0.35/0.86 0.19/0.79

Segmentation performances (NMI / purity)
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Objective Function

4~ " Objective Function
i fICABRORdL NG ) i (01

Jg 441 " " Objective Function
fl " FORGL N.A 1) f f

negative ELBO fl B &

F (XY, sx)p(Y)pa(sx) 1
logp(X) > EqE(8X|X)qo(Y|X,sX)[log T s an (1) ] Z{ —uH [7' > qc(yj|§:)]

J reX

= Egp(sx|x) [Zg {EQC(EJH%,S)«:) [1ngp (@|y; SX)]

+ Hgc(yjlz;, SX)]H — Dir(qr(sx|X)|lpc(sx))
2 _Lpreo(F,C E,G;X). 2 Lar(C; X, 1, ).

+ AH[qc (y; |33j)]}
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Objective Function

4~ " Objective Function
i fICABRORdL NG ) i (01

Js 7 Chart A1 °

Lop(K;X) = Drr(pr(y|sx)|gc(y| X))
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Gumbel-Softmax

~
D

A o R N IS
u ~ Uniform(0,1)
g = —log(—log(u))
" NAAYnMT 1T T labely’ T

exp((log(m:) + g:i)/7)
>, exp((log(m:) + gi)/7)

T  NNTQT T Y
« = softmax((log(f,(x)) + g)/7)
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Background | Z4%4&,Chart
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FeZ2FZ | 3D Point Clouds\DHEIE
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feature encoder prior flow
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12 FIZ | 3D Point Clouds\DIEIE ()
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feature encoder prior flow
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12T | 3D Point Clouds\DILE (F &1
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feature encoder prior flow
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