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VWhat Is the «best» 3D representation”
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Convexes: why are they relevant”’

rgid body physics

blender

decomposition computed by «v-hacd» — https://github.com/kmammou/v-hacd
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Universal approximator of convex domains
\ iNput: half-spaces tensor output: function
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... and non-convex aomains!
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implicit functions @ training time

orediction ground truth
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Lapprox(w) = Ex lp2 ||Oy(x) — O(x)|?
Ldecomp (W) = convexes should not overlap
Linique(W) =]  only one way to represent a convex
Linerged (W) = prevents vanishing gradients




Polygonal meshes @ inference time
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Ground Truth
Mesh

CvxNet

[Deng et al. 2020]

SIF

OccNet

[Mescheder et al. 2019]

Multl view reconstruction — {Depth} — 3D

Category i
OccNet SIF CvxNet
airplane | 79.52 71.40 84.68
bench 71.98 58.35 77.68
cabinet 71.31 59.26 76.09
car 69.64 56.58 717.75
chair 63.14 42.37 65.39
display | 63.76 56.26 71.41
lamp 51.60 35.01 51.37
speaker | 58.09 47.39 60.24
rifle 78.52 70.01 83.63
sofa 69.66 55.22 75.44
table 68.80 55.66 71.73
phone 85.60 81.82 89.28
vessel 66.48 54.15 70.77
mean 69.08 59.02 73.49




Single view reconstruction (SVR)

Input Image Ground Truth CvxNet AtlasNet OccNet Structured Implicits ~ Volumetric Primitives

Mesh [Deng et al. 2020] |[Groueix et al. 2019]  [Mescheder et al. 2019] [Genova et al. 2019]  [Tulsiani et al. 2017]
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pject A

Object B

Applications: Retrieval & Correspondence
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Shape approximation — comparisons

«UNIon»

Ground Truth Volumetric Primitives CvxNet
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Shape approximation — quality v.s. budget

Ground Truth \Volumetric Primitives Structured Implicits
Mesh [Tulsiani et al. 2017] [Genova et al. 2019]
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Shape approximation — quality v.s. budget

Ground Truth \Volumetric Primitives Structured Implicits
Mesh [Tulsiani et al. 2017] [Genova et al. 2019]
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Shape approximation — quality v.s. budget

Ground Truth \Volumetric Primitives Structured Implicits
Mesh [Tulsiani et al. 2017] [Genova et al. 2019]

«UNIon»

<

3 Q>

Q AN T2.79

% S

L 315 CvxNet

L [Deng et al. 2019]

3 @ # primitives 50 100



Shape approximation — quality v.s. budget

Ground Truth Volumetric Primitives Structured Implicits
Mesh [Tulsiani et al. 2017] [Genova et al. 2019]
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Shape app

Ground Truth
Mesh

F-score%

roximation — guality v.s. budget

Volumetric Primitives
[Tulsiani et al. 2017]

Structured Implicits
[Genova et al. 2019]
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Shape app

roximation — quality v.s. bud
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p
Ground Truth \Volumetric Primitives Structured Implicits
Mesh [Tulsiani et al. 2017] [Genova et al. 2019]
A
CVXM%&
_—%gss /008 7088
64.5
‘ %77 — '59.02
S 55
@ ) \ ((\Q\\ 52.53
Q W43 79
3 >
L _~BLS
‘ié':;s 8
: — >
3 @ # primitives 50 100

18



SIF

interpolation

=Xplore the shape space of primitives

iNterpolation ex. 2

Bilinear Interpolation Linear Interpolation Correlation of Hyperplanes

19



airplane
bench
cabinet
car
chair
display
lamp
speaker
rifle
sofa
table

telephone

vessel

20



Deng et al. «CvxNet»
smooth convexes, fixed graph

CONVEeXes

half-spaces

Related work @ CVPR 2020
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http://cvxnet.github.io

