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PointNet

PointNet : global max pooling inspired by invariance to point order

Fail to encode relationship between points
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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

PointNet++ : recursively group nearest

neighbors and encode with pointnet

PointCNN: transform neighbors
into learned canonical ordering
and apply convolution

Qi, Charles Ruizhongtai, 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

Revisit representations for 2d image

2d representation : organize and structure pixels

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

(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

Use convolution instead of max pooling

Spatial partition is induced by ordering of spatial coordinates

Nearest neighbor search in eight octants

Successive convolution along axes
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PointSIFT - multi -scale representation

PointSIFT module concat output of multiple stacked OE units for

multi -scale representation

OE unit
Input

feature
OE unit OE unit

OE unit

OE unit

OE unit
Output
feature

pointwise conv

PointSIFT module



PointSIFT - overall architecture

PointSIFT module is interleaved with SA/FP modules

piontSIFTnxd nxdõ



Ablation Study

OE grouping vs PointNet++ grouping

segmentation acc for different grouping

global nearest neighbor search can
result in homogeneous neighbors
and thus less informative features



PointSIFT - results

PointSIFT: A SIFT-like Network Module for 3D Point Cloud Semantic Segmentation
Mingyang Jiang, Yiran Wu, Cewu Lu. arXiv: 1807.00652

Method Accuracy (%) mean IoU

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
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Background

Part segmentation

PointNet++



Background

What if we rotate?

PointNet++

rotated Oops...



Background

PointNet/PointNet++ fail to generalize to unseen orientations



Background

3D points' orientation is often unknown beforehand

Current methods try to solve it with augmented point feature or

learned transformation ---- no theoretical guarantees

PointNet uses T-network : finding Ɏfdqrqlfdoɏpose directly 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

Rotation-Equivariance: any rotation on inputtransfersto output
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Pipeline



Challenges

Spherical Ɏlpdjhvɏare not easy to obtain

Continuous signals VS discrete signals

Object - level classification VS point - level part segmentation (harder)

VS

project discrete point clouds on sphere

Ours

Bias exists!

Naïve interpolation (kNN) or image operation (close, dilate) 

doesnôt work! 

Special treatment needed! (see papers for more details)

project mesh on sphere with distance

Spherical 
CNN[1 ]

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

mesh input

ray casting



Theorectical Analysis

Å Rotation Operator : rotate spherical signals

Å Spherical Convolution

ɗ Unitary Property

ɗ Rotation -Equivariance : any rotation on input transfers to output

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



Relations with PointNet[1] and Spherical CNN[2]

Take both advantages

PointNet : point - to -point correspondence (but not rotation - invariant)

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

[1]Qi, C. R., Su, H., Mo, K., & Guibas, L. J. (2017). Pointnet: Deep learning on point sets for 3d classification and segmentation.

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

mesh input



Applications

3D rotation - invarient feature matching

unseen plane,

unseen orientation

point descriptors in database



Applications

Specify orientation by partial label priors in space

Large KL-divergence Small KL-divergence

One only specifies that chair back be in 

the upper space!



Quantitative Results

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 mIoU : 57 .41 (relative improvement 55%)

PointNet++ results for comparison

Test accuracy : 60 .15%

Test mIoU : 38 .13%



Results Visualization

Part segmentation on rotated shapes

Airplane

Ground Truth (unrotated) PointNet++ Ours

Laptop



Results Visualization

Part segmentation on rotated shapes

Mug

Ground Truth (unrotated) PointNet++ Ours

Pistol



Results Visualization

Part segmentation on rotated shapes

Chair

Guitar

Ground Truth (unrotated) PointNet++ Ours
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DBNet : A Large -scale Driving Behavior Dataset

[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.

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

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

Å Pioneer to apply end-to-end learning techniques 
to solve autonomous driving problems [1].

Å Learning from 8.5h driving videos.

Problems:
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Solution:



Open-source: 
http://www.dbehavior.net   ( official website )
https://github.com/driving -behavior/DBNet  ( code)

DBNet : A Large -scale Driving Behavior Dataset

Focus: Driving Behavior (2D + 3D)  
DBNet -2018 data 

are released!

Å Large-Scale:
Å 10 times larger than KITTI (> 1 TB)

Å Diversity: 
Å Different types of roads/weathers 

Å Quality: 
Å High -precision LiDAR point clouds 

(> 10 million points / 100m)
Å 1920x1080 videos
Å Sensor-collected driving behaviors

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



DBNet : A Large -scale Driving Behavior Dataset
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AlphaPose : Background

Multi Person Pose Estimation : Top -down method first detect each

human then do single person pose estimation



AlphaPose : method

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

estimation

Symmetric spatial transform network (SSTN)

Pose-guided proposals generator

Parametric pose NMS



Alphapose

1854 Star, 453 Fork

1 line of code to run



AlphaPose : Results

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

RMPE: Regional Multi -person Pose Estimation, Hao-Shu 
Fang, Shuqin Xie, Yu-Wing Tai, Cewu Lu. arXiv:1612.00137



AlphaPose : Impact

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
Insight σ

Produce robust pose trajectories by leveraging

temporal and spatial human pose information

Contributions σ

Pipeline : PF-Builder + PF-NMS

SOTA estimation and tracking accuracy

Track at Real-Time speed (24FPS, ORB)

Code is released in Github (100 +star)

Dataset Method mAP MOTA MOTP

PoseTrack(v1.0) PoseTrack(MPII) 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

What is human body part parsing?

Human body -part level semantic segmentation

Problems

Labeling the pixel - level human semantic body part is time -consuming is

commercially expensive

Small data

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



Human Parsing: Result Visualization

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

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

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


AlphaPose : Result Visualization

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

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


CrowdPose

74%

12%

4%
8%2%

Good Jitter Inversion Miss Swap

ÅState-of-the-art methods have achieved 
significantly great performance in MSCOCO 
dataset. 
Å mAP@0.5:0.95 > 75%
Å Good + Jitter > 86%

ÅBut the metric(mAP@0.5:0.95) is too strict .
Å Human Accuracy < 75% (mAP@0.88)

Å It is unnecessary.
ÅOKS@0.85 is enough to represent human 

pose.

Jitter



CrowdPose

Å Crowded scenes is 
inevitable in our daily life.



CrowdPose

ÅBut un-crowded scenes 
dominate in MSCOCO.
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Interference Joints

ÅPerformances of state-of-the-
art methods degrade in 
crowded scenes.



CrowdPose
ÅOur CrowdPose dataset has a uniform distribution of 

CrowdIndex .



CrowdPose - Challenges

ÅHuman Detection fails in crowded scenes. 

Input Human Proposals

ÅOne Bounding Box contains multi person .



CrowdPose ɆChallenges

Input Human Proposals

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

Person 1?

Person 2?



CrowdPose ɆChallenges

ÅTherefore, it is impossible to fully -suppress the interference joints.
Right Knee

RightlegRight knee



CrowdPose ɆJC SPPE

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

ÅTherefore, we proposed a Joint -Candidate SPPE to handle interference joints.
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ÅJC SPPE generates multi-peak heatmaps, and thus predict candidate joints
and make use of them.


