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Affordance

Affordance 란?

행동 유도성. 대상의 어떤 속성이 유기체로 하여금 특정한 행동을 하게끔 유도하거나 특

정 행동을 쉽게 하게 하는 성질. 예컨대, 사과의 빨간색은 따 먹고자 하는 행동을 유도하

며, 적당한 높이의 받침대는 앉는 행동을 잘 지원한다.

http://terms.naver.com/entry.nhn?docId=272893&ref=y
http://terms.naver.com/entry.nhn?docId=273555&ref=y
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Affordance

Affordance 란?
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Affordance

Affordance 란?

컵이라고 인식 못하는 컵을 위해 Affordance라는 개념을 도입
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AffordanceNet

AffordanceNet

주요 특징

1. ROI Align

2. Deconvolution for High Affordance 

Mask

3. A Multi-task Loss Function

4. Use only RGB data

[1] AffordanceNet : Thanh-Toan Do, Anh Nguyen, Ian Reid, ICRA 2018
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AffordanceNet
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AffordanceNet

Faster R-CNN
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AffordanceNet

ROI Pooling - ROI Align
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AffordanceNet

ROI Pooling

Feature Map 상에서 ROI ( Region of 

Interest ) 의 좌표를 소수점으로 표시
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AffordanceNet

ROI Pooling

ROI의 좌표를 정수로 맞춤
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AffordanceNet

ROI Pooling

2x2 cell 에 맞추기 위해 임의로 ROI 를
2x2로 나눠서 Max Pooling
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AffordanceNet

ROI Align

Feature Map 상에서 ROI ( Region of 

Interest ) 의 좌표를 소수점으로 표시
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AffordanceNet

ROI Align

ROI 를 2x2 로 나눔 ( 소수 값 그대로 사용 )
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AffordanceNet

ROI Align

정확성을 위해 2x2 sub-cell을 만듦
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AffordanceNet

ROI Align

Bilinear interpolation을 통해

1개의 cell 값을 결정
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AffordanceNet

ROI Align

2x2 sub-cell 을 max pooling 하여 2x2 의

matrix를 만듦
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AffordanceNet

A Sequence of Deconv layers

- Instance Segmentation 방법인 Mask R-CNN는 Deconv를 사용 X

- 경험적으로 affordance detection 에는 Deconv를 사용해야 함
( part segmentation 개념이므로 High resolution이 필요 ) 

- Deconv 앞에 Conv는 Deconv에 사용될 feature를 learning
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AffordanceNet

A Multi-task Loss Function

u : GT class

v : GT bbox

s : aff mask

𝑝𝑢 : softmax class

𝑡𝑢: regressed box offset

𝑚𝑠𝑖
𝑖 : softmax aff label at pixel i

N : nPixel in the ROI

I[u≥1] : u ≥ 1 이면 1, otherwise 0
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AffordanceNet

Experiments

Affordance 종류 Affordance 설명

Contain ( 빨강 ) 담을 수 있는 부분

Hit ( 맑은 파랑 ) 때리는 부분 ( ex. 테니스 넷 )

Cut ( 맑은 초록 ) 자르는 부분

Display ( 하늘색 ) 정보를 보여주는 부분

Engine ( 남색 ) 도구의 엔진 부분

Support ( 노란색 ) 물체를 받쳐주는 평평한 부분

Pound ( 진한 하늘색 ) 두드리는 부분 ( ex. 망치 머리 )

grasp ( 진한 노란색 ) 잡을 수 있는 부분

w-grasp ( 보라색 ) 손바닥으로 감싸서 잡는 부분
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AffordanceNet
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PointNet
1. Introduction

- 기존 3D classification : 3D voxel 을주로사용 ( conv를사용하기위해 )

- 이논문에서는 input을 point cloud로받고, output으로 cls, seg, part seg를보냄

- Symmetric function 인 max pooling사용 : 더정보가많은 point들의최적화된영역을
배움

- Global feature 추출 : classification 에사용

- Point feature 추출 : global feature 와함께 segmentation 에사용

- Rigid or affine transformation 적용 : data를정규화시도를하는 data에의존적인 STN

을적용

[2] PointNet : Charles R. Qi, Hao Su, Kaichun Mo, Leonidas J. Guibas, CVPR 2017
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PointNet
2. Related Work

- Point Cloud Features

• 대부분의 point cloud feature 사용하는논문들은 handcraft 가많음

• Point feature 를종종통계적특성으로 encode 하기도함

- Deep Learning on 3D Data

• Volumetric CNNs : voxel로변환

• Multiview CNNs : 2D 영상을여러장찍어 3D 로 rendering

• Spectral CNNs : mesh에 spectral CNN 사용. Manifold mesh 에제한

• Feature-based DNNs : 3D data를 vector로변환. feature 추출에제한

- Deep Learning on Unordered Sets

• Attention 을사용한연구가있으나 NLP 분야라서 geometry 역할이없음
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PointNet
3. Problem Statement

- Input으로 (x,y,z) 좌표만사용

- Classification 에는 k 개의 class에 k개의 score가있음

- Segmentation 에는 n x m score가있음 ( n : point cloud 개수, m : sub-category )
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PointNet
4. Deep Learning on Point Sets

4.1. Properties of Point Sets in 𝑅𝑛

- Unordered : input 에 N! 의치환에도 invariant

- Interaction among Points : point 간의거리가존재. 즉, isolated 는아님.

Local structure 를 capture 해야함

- Invariance under transformations : point set의 learned representation은반드시어떠한
transformation에도 invariant 해야함
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PointNet
4. Deep Learning on Point Sets

4.2. PointNet Architecture

- 3가지 key module

1. The max pooling 

2. Local and global information

3. Two joint alignment networks

- Symmetry Function for Unordered Input ( 1. for the max pooling ) 

• Input의 permutation에 invariant 하게만들기위해 3가지전략

① sort input into a canonical

② Treat the input as a sequence to train an RNN

③ Use a simple symmetric function to aggregate the information from each 

point
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PointNet
4. Deep Learning on Point Sets

4.2. PointNet Architecture

① sort input into a canonical

• High dimensional space there does not exist an ordering that is stable w.r.t. point 

perturbations in the general sense.

② Treat the input as a sequence to train an RNN

• It’s hard to scale to thousands of input elements.

③ Use a simple symmetric function to aggregate the information from each point

• ℎ by a mlp

• 𝑔 by a composition of a single variable function and a max pooling function

• 써보니잘됨ㅋ
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PointNet
4. Deep Learning on Point Sets

4.2. PointNet Architecture

- 3가지 key module

1. The max pooling 

2. Local and global information

3. Two joint alignment networks

- Local and Global Information Aggregation ( for 2. ) 

• Global feature 와 local feature 를 concat해서새로운 per point feature 를추출
( 이는 global 과 local information 을갖고있음 )

- Joint Alignment Network

• Point cloud 가어떠한 geometric transformation을겪더라도 invariant 해야함

• 그래서 feature extraction 하기전에 canonical space로 align 해줌

• STN 보다쉬운 T-Net이라는 걸만듬. T-Net은이 PointNet과비슷하게생김

• Feature space의 transformation matrix는더 higher dimension 이기때문에최적
화하기어려움 Loss 에 regularization term 추가

• A : feature alignment matrix.
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PointNet
5. Experiments
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PointFusion

[3] PointFusion : Danfei Xu, Dragomir Anguelov, Ashesh Jain, CVPR 2018
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Aff Detection with 2D and 3D data

Proposal Network ( RoI - Flatten )
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Aff Detection with 2D and 3D data

Proposal Network ( Feature Map - GAP )
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Aff Detection with 2D and 3D data

Proposal Network ( RoI - GAP )
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Aff Detection with 2D and 3D data

Conclusion

1. Object Affordance 의정의

2. Aff Detection using RGB data

3. 3D segmentation using point cloud ( 3d data )

4. Mixing RGB and point cloud features

5. Applied Object Aff Detection
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Q & A


