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Geometric Deep Learning
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Geometric Deep Learning

ENC DEC/GEN > o

“A sofa chair with
thin handles”



Many Different 3D Representations...

G(z) in 3D Voxel Space
64x64%x64

[3DGAN NIPS 2016]

[OccNet CVPR 2019]
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[AtlasNet CVPR 2018]

® Decision
*__ boundary
« o implicit

. suface

* e SDF>0

.
@ SDF<0°

[DeepSDF CVPR 2019]
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[BSP-Net CVPR 2020]

' P1 = Circlel e

P2 = Trianglel N7
‘ ' S Sublrg;ct(l’l, P2) D o
P3 = Circle2 \O/ X
Input E2 = Subtract(E1, P3) N
P4 = Triangle2 Y
' E3 = Subtract(E2, P4)
[€—P5 = Triangle3 -
' 4 Out = Subtract(E3, P3) A4
Output Program Parse tree

= Cube
Out = Subtract(E1, P3)
Input Program Output
—» CSGNet —> CSG engine

[CSGNET CVPR 2018]

By [ ) Eys
B o i e Coamn ,
B O NEpE <
D . ‘
!

Sketch 1 Extrude 1 Sketch 2 Extrude 2

[DeepCAD ICCV 2021]
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CAPRI
Detail Disentangled Recursive Compact
Implicit Field Implicit Field CSG Representation

Which 3D representation? How to learn (unsupervisedly)?
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Implicit Field CSG Representation



1. Detail Disentangled Impilicit Field

The shape details are (1) distinctive for each shape, and
(2) hard to measure, (3) visible from images.



1. Detail Disentangled Impilicit Field




1. Detail Disentangled Impilicit Field




1. Detail Disentangled Impilicit Field

Laplacian constraint As small-scale as possible SDF fusion



1. Detail Disentangled Implicit Field

Encoding Decoding Fusion Loss
Input point GT camera
(O
Base loss
—> i
Global 0) - J > —{ij} SDF loss » total loss
feature ; sl 3
i Coarse shape .
> > (SDF) e Laplacian loss
t
Inputimage ||~ | & | ‘0|
> —— =
Local
feature Details
(Displacements) /

Laplacian Gradient Normal
operator operator projection



1. Detail Disentangled Implicit Field

global global
global feature feature
feature —)I DEC ~ DEC
ENC DEC = ENC local Fuse - ENC local Fuse
feature feature
> —»|DEC — —|PEC
DLoss

Single Decoder Two-stream Decoder Disentangled Representation
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1. Detail Disentangled Impilicit Field

@@

B 0
B ahy
Sl
\ el
|
‘ e ; ™
5 | |
& r \‘ |
] | | ‘\
i
'fJ ‘

Input IMNET DISN D?2IM-Net GT

w'. OO'O

More accurate detail reconstruction The disentangled detail enables the transfer application.
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Pro: Better Geometric Detail
Reconstruction.

Key: Laplacian loss for the
unsupervised detail learning.
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Recursive
Implicit Field

Detail Disentangled
Implicit Field

Compact
CSG Representation
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Pro: Better Geometric Detail
Reconstruction.

Key: Laplacian loss for the
unsupervised detail learning.




2. Recursive Implicit Field

Symbolic part tree structure

Part geometry hierarchy >
Back single
Back vertical " 0% - —
7,/ frame \ Back
T, \ 7 . surface , / !
Back vertical } 1
ke Back
frame \\ _—
Seat single Seat
/ \ 1 face 7 Back
| \\
base seat

sur 3 s v - -
' N i p Seat \ / @
I[jl Seat — ~._  Chair / M s
- N ‘ ‘ Leg support T, Png.

How to unsupervisedly learn the structures?
regular
/

surface -_- frame
leg == leg

/
< z,
- runner - bar

2 \ g l
Yeg 7 Arm / [
rToTt bar A

ot
AY S Arm '
o/ Armnear [ -
Leg  vertical bar
I N N 7
01201
N <

[GRASS Siggraph 2017] [StructureNet SIGA 2019]

[DSG-NET TOG 2022]
Binary Tree N-ary Tree Disentangled
structure and geometry



2. Recursive Implicit Field

el oy 1}

Level2 = °

Level 3-



2. Recursive Implicit Field

)—-FD<

decoder Level 2 part Level 3 part
decoder decoder

Level 1 Level 2
L

Branched reconstruction from implicit fields

[Level-l part} D@ ..........

Level 3

1. Network bias with ReLU-based INR

/(/fﬁg Training: reconstruction loss ’y‘
e o 3 ..
Voxel Model L1 Implicit field

— represented by
L2 L3 the final output

k neurans (branches)

/ =

Feature Vector

> a :’._f:_ = [] Final output
FC, FC, \ B max

Point coordinate LReLU LReLU i : pooling

Sigmoid
) 2 :
’ Branch #3 Branch #4 Branch #5
Mesh ™ o 4
’ ///
4 &
Point cloud ] \
c nn e ‘-\‘"'\«
Branch #7 Branch #11 ) _Otherhranches

[BAE-Net ICCV 2019]



2. Recursive Implicit Field

1. Network bias with ReLU-based INR

2. Constraints from the loss functions

Reconstruction Loss:
* The union of each level should reconstruct

[ ]
[

B =i | the whole shape.
Leveltl part D@l D® __________ ..
[ decoder ] [ Le(;/elvzdpal‘t J [Level_:; part DeCOmpOSItIOn LOSS :
efo = degoder * Each parent is the union of its two child parts.
Level 1 Tl Level 2 [ Level 3

- .

b Recursive training strategy

Branched reconstruction from implicit fields




2. Recursive Implicit Field

1. Network bias with ReLU-based INR

2. Constraints from the loss functions

3. Per-point gaussian parameters

Bel S
Level-1 part |:I @
decoder [ Level-2 part J Level-3 part
decoder decodar

Branched reconstruction from implicit fields

[RIM-Net CVPR 2022]



2. From objects to parts

We obtain:

* Hierarchical implicit fields to represent the shape structure
* Consistent segmentation

* Better reconstruction dCCuracy

1l
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Recursive
Implicit Field

Detail Disentangled
Implicit Field

Pro: Better geometric detail Pro: Consistent hierarchical
Reconstruction. object structure
Key: Laplacian loss for the Key: Network bias and loss

unsupervised detail learning. for the unsupervised learning.

|
- .
|

Compact
CSG Representation



Outline

Detail Disentangled
Implicit Field

Pro: Better geometric detail
Reconstruction.

Key: Laplacian loss for the

unsupervised detail learning.

Recursive
Implicit Field

Pro: Consistent hierarchical
object structure

Key: Network bias and loss
for the unsupervised learning.

————————————————————————

Compact
CSG Representation



3. Compact CSG Representation

How to unsupervisedly learn the CSG commands?

CSG Representation



3. Compact CSG Representation

[CAPRI-Net CVPR 2022]

Final

Hap I Primitive
E = Prediction

CSG primitives Implicit field



3. Compact CSG Representation

[CAPRI-Net CVPR 2022]

Primitives -t ’ 7 - _a;
150 -~ g 4=
Shape [Jowy| Primitive o %112 ; : | . =
Encoder Prediction / : - — ! " ]
= L 4 Intersection Union Difference
A A A - \ ) 1= ¥
P Q —a,
Input Primitives L; Convex L, Concave L. Final
Primitive parameter prediction. Assembly prediction.
ar’> + b2+ +dr+ey+ fz4+g=0. . T
Intersection C=relu(D)T { .
> (0 outside.
Union af(j) = mineg (GG, ) 0 oo
: o ? >0 outside,
Difference 5*(j) = max(aj (j), @ — a3(j)) {0 R
> 0 outside,




3. Compact CSG Representation

Input CAPRIw.0 FT CAPRI GT



3. Compact CSG Representation




Outline

Detail Disentangled
Implicit Field

Pro: Better geometric detail
Reconstruction.

Key: Laplacian loss for the

unsupervised detail learning.

4
L
;
\ \ T S
UL ] ] ’ 1
Recursive

Implicit Field

Pro: Consistent hierarchical
object structure

Key: Network bias and loss

for the unsupervised learning.
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-

CAPRI

Compact
CSG Representation

Pro: Compact structure and
better sharp features

Key: Differentiable transform
for the unsupervised learning.




Thank you!



