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Activity Understanding meets 3D Understanding




About Me A N

® Professor

B Computer Science Department & Al Department

Shanghai Jiao Tong University

® Elected to MIT technology review

INNOVATORS

35 innovators under 35 (MIT TR35) Technology UNDER 35

Publish o accept f about 50 CCFA Class papers




About Me gl L

Fei-Fel Li Leo Glbas Jiaya Jia

Stanford Al lat» Postdoc CUHK PhD




All materials are here Ana=s1uNl

B http ://mvig .sjtu .edu .cn/research/PRCV 2019 .html
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1. 3D Representation
A PoOINtSIFT
A Pointwise Rotation -Invariant Network
A DBNet

2. Behavior
A AlphaPose and Beyond COCO
A Deep RNN

A Interactiveness Prior

3. Summary




PointNet Sg=zsomul L

B PointNet : global max pooling Iinspired by invariance to point order

|

mlp(64,64) mlp(64,128,1024) max mip
M S “pool (512,256,k)
(2 \
g - < 3 \ 1024 ‘
3 % STN = shared X - STN < shared nx1024 ) )
= / global feature K
c \J
= - |

output scores

® Fail to encode relationship between points

e.g., relation between points of chair legs
serve as evidence of chair occurence

Qi, Charles R., et al. "Pointnet: Deep learning on point sets for 3d classification and segmentation.”




Modeling Neighborhoods As=rsmul)

PointNet++ : recursively group nearest

neighbors and encode with pointnet

—_ s — —

sampling &~ pointnet ~ sampling & pointnet
grouping grouping

|MLPs(p11— ) f1,1]

0 A
~ Pz fuil \i / PointCNN: transform neighbors
Into learned canonical ordering

"_f)z‘,z_‘s" and apply convolution

Qi, Charles Ruizhongtali, et al. "Pointnet++: Deep hierarchical feature learning on point sets in a metric space."

Li, Yangyan, et al. "PointCNN: Convolution On X  -Transformed Points"



Desirable features of representation Ana=rs N

® Revisit representations for 2d image
B 2d representation :organize and structure pixels

® Desirable features of good representation (e.g. SIFT)

co-

t

— .
AR e "v 1
» A Al e Z | =3
Gy [RPe
‘\/"
Image gradients Keypoint descriptor
(scale-aware) feature detection (orientation encoding) feature description

Brown, Matthew, and David G. Lowe. "Automatic panoramic image stitching using invariant features."




PointSIFT - orientation encoding(OE) unit

=l

B Use convolution

B Spatial partition

B Nearest neighbor

_______

_________

_________

Instead of max pooling

IS Induced by ordering of spatial coordinates

search in eight octants

.........

_________

Successive convolution along axes

Ve = Q(CUH’U(WI: V)) € Rixoxaxd
Viy = Q(Oﬂnv(wyr Vz)) € Rixixoxd
V:ryz — Q(ODHE(WZ: me)) S R]_Xl}(l}(d

Wn: € RQxlxlxd Wy € Rlxlexd Wz S Rlxlx?xd
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PointSIFT - multi -scale representation Ae=rs Ul

B PointSIFT module concat output of multiple stacked OE units for
multi -scale representation

Y
o == re)
o
o o 1
o O
[ f'”Ft’“t JE OE unit - OEunit |— OE unit OE unit o
cature | | _ pointwise conv [ output
> OE unit g
feature
> OE unit

PointSIFT module




PointSIFT - overall architecture A== UM

® PointSIFT module is interleaved with SA/FP modules

Input point clouds

nxd »

PointSIFT SA PointSIFT| SA PointSIFT SA
» (64,64) | module |(128,128) module [ 256, 256. 512. 512 module
b ¥

Output shape: 8192 x 64 1024 x 128 256 x 512 64 x 512 .
Output point clouds .

POINtSIFT| fp [PointSIFT | gp | PontSIFT | 2 /

fc
<“—|(128,¢)[ | (128) |module|(256, 256)|module|(512.512.512)| module

Output shape: 8192 x ¢ 8192 x 128 1024 x 256 256 x 512

SHANGHAI JIAO TONG UNIVERSITY



Ablation Study

A=l

®» OE grouping vs PointNet++ grouping

global nearest neighbor search can
0821 result iIn homogeneous neighbors
. and thus less informative features
E 0.78 ZA
<
o I e _ bl """""" :..=° R , Yy
— ba" query searching ............... '..-..;...... ; . ...... ;.: ............. )
0.74 1 m—=_ 58N searching ". :
(IJ 2I0 4I0 ﬁlﬂ EID 1(IJU léU 1210 -E... %
Epoch ’ .

segmentation acc for different grouping




PointSIFT - results Ana=rs L

Accuracy (%)

ScanNet S3DIS ScanNet S3DIS

3DCNN 73.0 - - -
PointNet 73.9 78.62 : 47.71

PointNet++ 84.5 - 38.28 :
PointCNN 85.1 : : 62.74
SegCloud - : : 48.92
SPGraph - 85.5 : 62.1
Ours 86.2 88.72 41.5 70.23

PointSIFT: A SIFT-like Network Module for 3D Point Cloud Semantic Segmentation

Mingyang Jiang, Yiran Wu, Cewu Lu. arXiv: 1807.00652
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Background

=l

B Part segmentation

PointNet++
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Background

If we rotate?

» \What

rotated

PointNet+




Background aas—cui AN

B PointNet/PointNet++ fail to generalize to unseen orientations

SHANGHAI JIAO TONG UNIVERSITY



Background aas—cui AN

® 3D points' orientation Is often unknown beforehand

B Current methods try to solve it with augmented point feature or
learned transformation ---- no theoretical guarantees

» PointNet wuses T-network : finding Yf dgr ql| foabe girectly from input points
Is hard (too many poses, though discretized) ; gradients are non -stationary .

» Data augmentation on rotations : works up to a limit ; hundreds of rotations per
model required ; brute -force way, much more parameters than needed




Spherical Convolution HOW? _5=rs Tl

B
[ % fI(R) = Y Ur(RT'Q) fi(Q)dQ
50(3) 1. 1
1

N conv O

I
4

€ 0

RotatiorEquivarianceany rotation on inputransfergo output




Pipeline Ss=essmull L

|SO(3)-FFT i ORI

SO(3)-Conv
(®

£ i E B L @ > Interpolatio\n\
] Class Scores 4F_f/ : Max;ﬁ )001 i k, E% ] kF_C’ E kF_C’ u Mappiﬂg' » _ /\
: Global Feature .a@ ' — "3 LU " ] ou )
'. v B 'SO(3)-Signal ! ] — T 5
CIasszf cation . T R ] - 7 g N
5 S
b Part Segmentation

(k)

ANGHAI JIAO TONG UNIVERSITY



Challenges aas—cui AN

B Spherical Y| p d] h ares not easy to obtain _ _
®» Continuous signals VS discrete signals Bias exists!

Spherical VS Ours
CNN[1] I
project mesh on sphere with distance project discrete point clouds on sphere

» Object -level classification VS point -Iga|, PR PBHNEAELIER) ok /468 operation (close, dil:

doesnodot wor k!
Special treatment needed! (see papers for more details)

[1]Cohen, T. S., Geiger, M., Kdhler, J., & Welling, M. (2018). Spherical CNNs.




Theorectical Analysis Ara=ratu

A Rotation Operator : rotate spherical signals
[Lrf](z) = f(R'2)
A Spherical Convolution

¥ * f](R) = (Lry, f) = [ Ypq ¥(R'z) f(z)dz

d Unitary Property
¢1LRf ISQ f(R il’,')dCL'
= [ 9Y( R 1Rz)dzx
— <LR_1 wa f>
d Rotation -Equivariance : any rotation on input transfers to output
Y Lo fl|(R) = (LrY, Lo f)
= (Lo1g¥, f) = Y fI(Q'R) = [LQW*f]]( )

[1]Cohen, T. S., Geiger, M. Kohler, J., & Welling, M. (2018). Spherical CNNs.




Relations with PointNet[1] and Spherical CNN[2] <o 1|

B Take both advantages
» PointNet : point -to -point correspondence (but not rotation -invariant)

. L LT
s .
R T .

® Spherical CNN: rotation -invariant (but no point -to -point correspondence)

Input

ray casting
from the ephesa to the ongin

[1]Qi, C. R., Su, H., Mo, K., & Guibas, L. J. (2017). Pointnet: Deep learning on point sets for 3d classification andategment
[2]Cohen, T. S., Geiger, M., Kbhler, J., & Welling, M. (2018). Spherical CNNs.




Applications aas—cui AN

® 3D rotation -invarient feature matching

unseen plane,
unseen orientation

y. iy N point descriptors in database

Query Point Matching Result




Applications aas—cui AN

B Specify orientation by partial label priors in space

| One only specifies that chair back be in/ _
| the upper space! |

4— Label: Chair Back —

Large KL—divergence Small KL-divergence




Quantitative Results s L

® trained on unrotated shapes, tested on randomly rotated shapes

» Dataset : ShapeNet part data set contains 16,881 shapes from 16 categories
® Test accuracy : 78.12 (relative improvement 31%)

» Test mloU : 57.41 (relative improvement 55%)

® PointNet++ results for comparison

» Test accuracy : 60.15%
» Test mloU : 38.13%




Results Visualization A= 1ulNl

B Part segmentation on rotated shapes
Ground Truth (unrotated) PointNet-+
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Results Visualization A= 1ulNl

B Part segmentation on rotated shapes
Ground Truth (unrotated) PointNet-+ Ours
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Results Visualization A= UL

B Part segmentation on rotated shapes
Ground Truth (unrotated) PointNet-+ Ours

Guitar

Chair
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3. Summary




DBNet : A Large -scale Driving Behavior Dataset /\T\ﬁ%zgﬂﬁ

Background: End-to-end Learning for Auto -Driving

2/ nVIDIA.

Predict

A Pioneer to apply end-to-end learning techniques T - ﬁ>
to solve autonomous driving problems [1]. P AR
A Learning from 8.5h driving videos.

Problems:

A Limited scale of data
A Lack of high-quality 3D LiDAR point clouds

[1] Bojarski et al. End to end learning for self-driving cars. CoRR, abs/1604.07316, 2016.
[2] Chen et al. Lidar-video driving dataset: learning driving policies effectively. CVPR, 2018.




DBNet : A Large -scale Driving Behavior Dataset /\V\Jﬁﬁgﬂﬁ

Background: End-to-end Learning for Auto -Driving

@2 NVIDIA. sowion: DBNET

Datasets Video/Image | LiDAR | Behaviors
A Pioneer to apply end-to-end learning techniques KITTI v v X
to solve autonomous driving problems [1]. Cityscape v X X
A Learning from 8.5h driving videos. » Oxford v v X
Comma.ai v X v
Problems: BDDV v X v

. DB

A Limited scale of data Net (ours) v v v

A Lack of high-quality 3D LiDAR point clouds

[1] Bojarski et al. End to end learning for self-driving cars. CoRR, abs/1604.07316, 2016.
[2] Chen et al. Lidar-video driving dataset: learning driving policies effectively. CVPR, 2018.




DBNet : A Large -scale Driving Behavior Dataset VARN — & JTUJF

FOCUS: Driving Behavior (2D + 3D)

DBNet-2018 data

02r
. are released! ” '
Illl UD- 2| |U[HHH _

Proportion

DBNet : First driving behavior
dataset that incorporates 2D and 3D.

A Large-Scale:

A 10 times larger than KITTI (> 1 TB)
A Diversity:

A Different types of roads/weathers . SoeeT
A Quality: 34

A High -precision LiDAR point clouds B T = = ‘

(> 10 million points / 100m) | yr
A 1920x1080 videos

A Sensokcollected driving behaviors

Open-source:

p Angle (degree) ébéed (km/h)
http://www.dbehavior.net ( official website ) 28

https://github.com/driving  -behavior/DBNet ( code) . e o cavovowrn] 0.3



DBNet : A Large -scale Driving Behavior Dataset

2017/12/19-16:21:05 PAPAGO!P1X
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1. 3D Representation
A PoOINtSIFT
A Pointwise Rotation -Invariant Network
A DBNet

2. Behavior
A AlphaPose and Beyond COCO
A Interactiveness Prior
A Deep RNN

3. Summary




AlphaPose : Background Are=rsull]

B Multi Person Pose Estimation : Top-down method first detect each
human then do single person pose estimation




AlphaPose : method Areg=rsorull 1L

®» RMPE: General framework  for the task of multi -person pose
estimation

» Symmetric spatial transform network (SSTN)

» Pose-guided proposals generator

» Parametric pose NMS

I:> STN SPPE SDTN ':>

C>  generator _ .
During training

Human Proposals
Our proposed RMPE framework




Alphapose aas—cui AN

2 MVIG-SJTU / AlphaPose ® Watch 27 W Star 1,854 | YFork || 452

<> Code Issues 10 Pull requests ] Proiects 0 Insights

1854 Star, 453 Fork

s:~/git/AlphaPos
model. .

model from .

sﬁie the --vis_fast 7

essing/semaphore_trac
% clean up at shutdown

= 1 line of code to run

s; ‘l

/
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HANGHAI JIAO TONG UNIVERSITY



AlphaPose : Results s L

®» Comparison with other open -sourced method

» 17% relative improvement over OpenPose on COCO dataset

» 8.2% relative improvement over Mask R-CNN on COCO dataset

System Accuracy |Speed (1080Ti)
OpenPose (CMU) 60 mAP 10 FPS
Mask R-CNN (FAIR) 67 mAP 5 FPS
AlphaPose (Ours) 71 mAP 20 FPS

RMPE: Regional Multi -person Pose Estimation, Hac-Shu

Fang, Shugin Xie, Yu-Wing Tai, Cewu Lu. arXiv:1612.00137



AlphaPose : Impact Sg=zsomul L

® License bought by many industrial companies : Huawei, Omron,

® A general keypoint detector In many areas: MIT mice tracking, Object
keypoint detection, etc.




PoseFlow : Efficient Online Pose Tracking -

B Insight o

» Produce robust pose trajectories by leveraging
temporal and spatial human pose information

®» Contributions o
» Pipeline : PF-Builder + PF-NMS
» SOTA estimation and tracking accuracy
» Track at Real-Time speed (24FPS, ORB)
#» Code is released in Github (100 +star)

Method ___mAP___ | MOTA | MOTP

PoseTrackv1.0) PoseTrackMPII) 38.2 28.2 55.7
PoseFlow(ours) 51.7 53.6 56.4
PoseTrackChallenge Detect-and-Track(FAIR) 60.6 55.2 61.5

PoseFlow(ours) 66.5 58.3 67.8




Human Parsing: Background A=l

M head
I torso
Il upper
[ lower
M hand
Il upper
B lower
B foot

® What is human body part parsing?

» Human body -part level semantic segmentation

® Problems

» Labeling the pixel -level human semantic body part is
commercially expensive

» Small data

B Insight

» There are already a large amount of available human keypoints
annotations since they are much easier to be annotated

®» we can leverage the large amount of human keypoints to facilitate the
task of body -part parsing .




Human Parsing: Key idea Asmrsru

B Transferring body part segmentation labels from existing
dataset to an unlabeled person based on human keypoints
similarity

human body part
pdramg ddtdblit

eighbors Searching based
on Keypoints Similarity
I

constraints

image with
keypoints

Pose-Guided
Knowledge Transfer
part-level prior




Human Parsing: Result Visualization

fully supervised semi-supervised

with existing dataset only with extra data generated using
our method

Weakly and Semi Supervised Human Body Part Parsing via PoseGuided Knowledge Transfer, Hao -Shu Fang, sz
Guansong Lu, Xiaolin Fang, Jianwen Xie, Yu-Wing Tai, Cewu Lu. arXiv:1805.04310 N



https://github.com/MVIG-SJTU/WSHP

AlphaPose : Result Visualization



https://github.com/MVIG-SJTU/AlphaPose

CrowdPose As=rsmd L

Jitter

A State-of-the-art methods have achieved
significantly great performance in MSCOCO !._

datasedt.
A MmAP@0.5:0.95 > 75%
A Good + Jitter > 86%

I
,,,,,

A But the metric(mAP@0.5:0.95) is toastrict .
A Human Accuracy < 75% (mAP@0.88)

A It is unnecessary.
A OKS@0.85 is enough to represent human
pose.

! 4 oy v Saa 4\
LA T = S R SR ] C f . ~
Y At T INE [y o~ | 4 sy
: .
. ) Mg - W4 - (
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CrowdPose ra=rarul 1L

A Crowded scenes is
Inevitable in our dalily life.

SHANGHAI JIAO TONG UNIVERSITY



CrowdPose

A Batformanoatedt staees-the-
damedheds M&itanedn
crowded scenes.

0.9

0.8

0.74]

MAP

T "t"‘ X ‘
0.6 ,‘ /‘W

—— OpenPose h‘% ‘
0.5 Mask R-cnn

—— AlphaPose
0.4

0.0 0.2 0.4 0.6 0.8 1.0
Crowd Index

51 ¢ 008 ’Q‘ng o

5P

Ars=rsorul )

Target Joint

Interference Joints




CrowdPose

A Our CrowdPose dataset has a uniform distribution of
CrowdIndex . | - '




CrowdPose - Challenges =5 1uN

Input Human Proposals

A One Bounding Box contains multi person .

A Human Detection fails in crowded scenes.
VRN A TR s [F AR




CrowdPose FE Challenges A= Ul

Input Human Proposals

A It is hard to identify which person this
bounding box belongs to.

Person 1?

Person 27?



CrowdPose FE Challenges =5 1uN

A Therefore, it is impossible to fully -suppress the interference joints.

Right knee Rightleg




CrowdPose [E JC SPPE U o

A Un-tight bounding boxes result in interference joints, which is challenging
to conventional SPPE.

A Therefore, we proposed aJoint-Candidate SPPEto handle interference joints.

Joint
¢ !;A(L$
, I O Og [‘) “Y'OE Fﬁ N } ”:l:‘::':.:::::“‘“:\““\ ,;
A JC SPPEgenerates multi-peak hez .

and make use of them.




