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Motivation: Mapping Beyond Geometry
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Mapping:
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Agent-Object Affordance Learning

Robot-Object Human-Object Hand-Object
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Redmon, Joseph, and Anelia Angelova. Li, Xueting, Sifei Liu, Kihwan Kim, Xiaolong Mandikal, Priyanka, and Kristen Grauman.
"Real-time grasp detection using convolutional Wang, Ming-Hsuan Yang, and Jan Kautz. "Putting  "Learning Dexterous Grasping with
neural networks." ICRA 2015 humans in a scene: Learning affordance in 3d Object-Centric Visual Affordances.", ICRA 2021

indoor environments." CVPR 2019
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Object-Object Affordance Learning

Small-scale & Require Human Annotation or Demonstration

Sun, Yu, Shaogang Ren, and Yun Lin. Zhu, Yixin, Yibiao Zhao, and Song Chun Zhu.
"Object—object interaction affordance learning." "Understanding tools: Task-oriented object
Robotics and Autonomous Systems, 2014 modeling, learning and recognition." CVPR 2015
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0O20-Afford: Annotation-Free Large-Scale Object-Object
Affordance Learning (Mo et al., 2021)

Input: Task (Acting object, Scene) Output: Object-Object interaction priors (020 priors)
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Method

A Unified Framework for Diverse Object-object Interaction Tasks
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Kaichun Mo, Yuzhe Qin, Fanbo Xiang, Hao Su, and Leonidas Guibas. O20-Afford: Annotation-free large-scale object-object affordance learning. CoRL 2021.
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Kaichun Mo, Yuzhe Qin, Fanbo Xiang, Hao Su, and Leonidas Guibas. O20-Afford: Annotation-free large-scale object-object affordance learning. CoRL 2021.
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Method
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Kaichun Mo, Yuzhe Qin, Fanbo Xiang, Hao Su, and Leonidas Guibas. O20-Afford: Annotation-free large-scale object-object affordance learning. CoRL 2021.
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Method

“Object Kernel Point Convolution”
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Kaichun Mo, Yuzhe Qin, Fanbo Xiang, Hao Su, and Leonidas Guibas. O20-Afford: Annotation-free large-scale object-object affordance learning. CoRL 2021.
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Method

“Object Kernel Point Convolution”
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Kaichun Mo, Yuzhe Qin, Fanbo Xiang, Hao Su, and Leonidas Guibas. O20-Afford: Annotation-free large-scale object-object affordance learning. CoRL 2021.
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Method
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Experiments
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* Large-scale object data
* 4 Tasks
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Results

Test Shapes from Training Categories Shapes from Test Categories
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Kaichun Mo, Yuzhe Qin, Fanbo Xiang, Hao Su, and Leonidas Guibas. O20-Afford: Annotation-free large-scale object-object affordance learning. CoRL 2021.
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Results
e ( AP (%) e ( AP (%)

B-PosNor 81.7 60.5/78.2 ) B-PosNor 9/349 37.0/35.5

placement B-Bbox 90.6 90.5/94.5 pushing B-Bbox /35.0 392/37.6
B-3Branch 711 69.8/82.3 B-3Branch /36.6 42.2/36.4

Ours 90.0 91.1/95.2 Ours /40.3 46.9/43.1

) B-PosNor 59.3 46.8/66.7 . B-PosNor /779 799/76.5
fitting B-Bbox 79.5 80.1/80.6 stacking B-Bbox /832 87.7/87.2
B-3Branch 56.9 47.1760.7 B-3Branch / 84.8 90.8 / 88.2

Ours 80.3 80.1/86.3 Ours /87.5 91.7/90.8
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Conclusion
Strengths & Limitations: Future Works:
+ Self-supervised -> Annotation-free « Joint training across tasks

+ Simulation-based -> Large-Scale
+ Generalizes

* Extend to more O20 interactions
* Extract more semantic-rich point features

- Task specific
- Only 4 Object-Object interaction included
- Assumes uniform density for all objects
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Detour: implicit mapping

Neural Radiance Field (NeRF) (Ben et al., 2021)

5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss
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Ben et al., Nerf: Representing scenes as neural radiance fields for view synthesis. Communications of the ACM, 2021.
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Detour: implicit mapping

Semantic-NeRF (Zhi et al,. 2021)

Volume Density (o)
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Zhi et al., Inplace scene labelling and understanding with implicit scene representation. CVPR 2021.
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Real-time Mapping of Physical Scene Properties with an

Autonomous Robot Experimenter (Haughton et al., 2022)

Rigidity classification Material classification Force distribution

Haughton et al., Real-time mapping of physical scene properties with an autonomous robot experimenter, 2022.
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Method

* Scene Exploration
* Entropy-Guided Interaction Selection.

Spectrometer

* Autonomous Robot Experimentation.

RGB-D sensor

* Semantic Map Optimization.

Force from joint torques

Initial keyframe and uncertainty map Final segmentation and uncertainty map

Haughton et al., Real-time mapping of physical scene properties with an autonomous robot experimenter, 2022.
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Experiments & Results

Segmentation  Example Ours Mask R-CNN  UCN + RICE

Material Scenel 0.91+0.02 0.92 £ 0.02 0.90 = 0.02
Material Scene2 0.89+0.03 0.56 £0.11 0.56 +0.10
Rigidity Scene3 0.91+0.04 0.92+0.02 0.91 +0.02

Scene 1 — material Scene 2 — material Scene 3 - rigidity

Haughton et al., Real-time mapping of physical scene properties with an autonomous robot experimenter, 2022.
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Experiments & Results
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Haughton et al., Real-time mapping of physical scene properties with an autonomous robot experimenter, 2022.
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Conclusion

Strengths & Limitations:
+  Fully autonomous
+ Learning from scratch
+ Novel scene properties

Future Works:
* Higher-resolution sensors
* Extend to more physical properties

- Still suffer from catastrophic forgetting.
- Sensor quality matters
- Range limited by robot’s kinematics

Jie Hu | Robot Perception and Intelligence Seminar | Mapping Beyond Geometry | Physical Property Mapping
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Comments:

020-Afford: Annotation-Free Large-Scale
Object-Object Affordance Learning
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OpenScene: 3D Scene Understanding with Open Vocabularies
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OpenScene: 3D Scene Understanding with Open
Vocabularies (Peng et al. 2023)
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“soft” - Property

Peng et al., Openscene: 3d scene understanding with open vocabularies. CVPR 2023
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Peng et al., Openscene: 3d scene understanding with open vocabularies. CVPR 2023
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Radford et al., Learning transferable visual models from natural language supervision, PMLR 2021
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lnpt 3D Point Cloud
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Zero-shotSemntic Segmentation “soft” - Property “sit” - Affordance “work” - Activity ¢ Slt”

Peng et al., Openscene: 3d scene understanding with open vocabularies. CVPR 2023 From my ADL4CV project, 2024
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Discussion

Comment: Do you think LLM will eliminate the need for the direct mappings discussed before?
My personal take: No.

Instead, we can integrate them.

Jie Hu | Robot Perception and Intelligence Seminar | Mapping Beyond Geometry | Discussion
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Summary

020-Afford:

Affordance

Real-Time Mapping:

Physical Properties

Large-scale simulation

Sparse interactions

supervised by simulated
interaction results

supervised by experiment
results
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Summary

Mapping beyond geometry is essential for robotic perception and intelligence.

It enables capabilities such as:
* |dentifying physical properties such as rigidity and material.

* Predicting how objects will react to actions like pushing, lifting, or stacking.

It helps to bridge the gap between perception (seeing the world) and action
(interacting with it)
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Thank you for listening!
Questions?
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020-Afford
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020-Afford
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Real-Time Mapping
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