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Outline

* GNN(Graph Neural Network)

¢ GCN(Graph Convolutional Network)

* GraphSAGE(GraphSAGE(SAmple and aggreGatE)
« How Powerful are Graph Neural Networks?

» References
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Introduction

» What is Human Performance Capture?

- The space-time coherent 4D capture of full pose and non-rigid surface deformation of people
in general clothing.
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Introduction
 Challenges

- Disadvantages of 3D data

- In previous work, normally need 3D annotation(high cost)
- High cost to inference model

:': Multi-view camera, Depth camera

- High-dimensional problem
- Input image: 2D
- Output result: 3D
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Related Work

 Capture using parametric models

- Pose estimation= & olff &= & Skeleton0| parameterize =l human bodyS
- 94,04, 54 EHEtotn ZF 0| = parameter0f| 2l body 44 4
;' SMPL(Skinned Multi-Person Linear model)
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Related Work

» Template-free capture

= Depth-based Template-free Capture

- ot 7 EE= O] 7H 2| depth sensorg AFESHO 20Tl 3D dataE O[&3F0] Human object Off CHSH
reconstruction

- Slow motion & #H2t7F 3X| QF2 motion Of CHSH A T AL 7S
= Monocular Template-free Capture
- 2D image input 0| A voxel TH2| 2 CNNZ &5} reconstruction

- FrameZt 2| correspondence & 1124 SHX| RO} application level O £ X ot

.
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Related Work

» Template-based capture

- Template mesh& AFE St capture

- Multi-view monocular camera setting = & Sl template mesh &
'+ multi-view setup 00| &S| =&t

'+ input image =7} 45 B0} computational cost’| & 9| ==
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DeepCap
« Weak supervision 2 2 3t5 5t Single Monocular camera & O| & %t inference 7Hs

« Input image2| skeleton 1f surface deformation parameter = estimation S+
performance capture T4
« Real-time &2 7}S(50ms/frame)
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Skeletal Pose Parameters

Segmented Input -
Image Q
Human Performance Capture Results

Surtace Deformation Parameters
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DeepCap
* Weak Supervision

= Direct Supervision?

f\ W « Ground truth 3D pose
4

Skeletal Pose Parameters

Difficult to obtain

Segmented input
Imoge I::>

« Ground truth 3D surface

Surtace Deformation Porameters
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DeepCap

* Weak Supervision
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5 "] Differentiable
Skeletal Pose Parameters 3D to 2D
- - 9\ B modules

Segmented Input
Imoge

Multi-view 2D
k detections
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Multi-view foreground

k masks
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DeepCap
 Training Data
st5 Al Of| 2 2D multi-view images AE:

- Openpose= O| &9} GT Skeleton =

- A2047| 7|82 O| 8351 GT Foreground mask = --

Openpose
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DeepCap

 Model Architecture
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DeepCap

 Model Architecture

» PoseNet
P S *
2N\
Pose
- Net s 4
Rotation a

Segmented .
Input Image Joint 2ngles

PoseNet
Root rotation a € R3

Joint angles @ € R*
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DeepCap

 Model Architecture

= PoseNet
) .,\ i~ Poi:eofs’:or I
) . s NG
Pose . =
- Net ' o
Input Image Joint Angles Roqt
[V} Relative
Landmarks

Kinematics Layer

Function f,,,(a, 8): R3° — R3 per landmark m

Camera and root relative 3D landmark
Skeletal pose

positions P .,
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DeepCap

 Model Architecture

Joint Detections

- PoseNet
: |
= L Pose Prior I =
’ \ Loss - *’. = = :
- T g =
. Net ' o
Segmented Rotation & -
Input Image Joint Angles Roo,t Global
0 Relative
Landmarks P
Landmarks

Rigid transform for landmark P/ .,

pc,m

Camera and root relative ‘ Global
3D space 3D space

Pn,=RLP., +t

RZI : Inverse extrinsic rotation of the input camera c’ t : Global translation
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DeepCap

 Model Architecture

» PoseNet
|
Y .l Pose Prior & == z Multi-
B\ N Loss =" *;'_ = = = view _— — -‘?
Pose .- f:-; =1 Sparse
= Net .- .
| Rotion o >R ket | =

Segmented Toint Aneles Root Loss

Input Image o g Relative Global Joint Detections

Landmarks P
Landmarks Pem

Multi-view Sparse Keypoint Loss

LipP) = D > ||meP) = Peml;

Projecting (7r) 3D landmark P,,, into camera view ¢

Comparing to 2D joint detection p
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DeepCap

 Model Architecture

» DefNet

SN

Segmented
Input Image

Pose ,’

Net

ROR@“

Joint Angles 6
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SN

> Def [

Net

L~
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Rotation 4
Translation T

4
ARAP Loss qg

Pose

Deformation
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Deformation Layer

Embedded deformation

Dual Quaternion Skinning

(Kavan et al. 2007)

Posed and deformed

Landmarks M/ ,,,
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DeepCap

 Model Architecture

= DefNet
\ ._-** . = =
Pose .’ }" & ‘:,.:.. Y?’

Global Landmarks M '|

.

Global Vertices V

5 Net
P \ Rotdtion a Root Relative
' / Joint Angles 8 - Landmarks

Segmented =
Input Im: Def [ Lpeal .
DU_age Net iy =1 ARAP Loss

Rotation 4

/ Translation T Root Relative

Vertices

Rigid transform for landmark m and vertex i

Camera and root relative ‘ Global
3D landmark M ' m and vertex Vi

3D landmark M,,, and vertex V;
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DeepCap
* Model Architecture
» DefNet
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Segmented =
Input I Def bt ¢ 7 :
DAL Net i | ARAP Loss

bk
Rotation 4

/ Translation T Root Relative

Vertices
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Global Vertices V

Multi-view Sparse Keypoint Graph Loss

Lkpg(P) = Z znnc(Mm) — pc,m”i

M, : Global 3D landmark

R AW Chd-n

2
6 SOGANG UNIVERSITY 0

|
\ 3 Multi- ‘
ot e 2 -
Posc |y .. D = Spars'e §
& e
y \ Rotdtion a Root Relative d Graph |
' / Joint Angles 0 - Landmarks Global Landmarks M [ Loss Joint Detections p. ,

»

VIS



DeepCap
* Model Architecture
» DefNet
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DeepCap

» Experimental result

Ay

Input Image Our Result (overlayed) Input Image Our Result (overlayed) 3D View
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DeepCap

» Experimental result

IDPCK and AMVielU {in %) on 54 sequence
Method JDPCKT AMVIoUT
| camera view 62.11 65.11
2 camera views 93.52 T8.44
3 camera views 94.70 79.75
7 camera views 05.95 81.73
6500 frames 85.19 73.41
13000 frames 02.25 78.97
PoseNet-only 96.74 78.51
Oursi 14 views, 26000 frames) 96.74 82.53
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Thank you
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