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e |Integrate visual appearance and
visual affordance information

e Object + Affordance Classification

Hit Using Hammer



Affordances: “the types of actions that humans typically perform

when interacting with an object.”

Sit Throw Workout

https://www.youtube.com/watch?v=1xS864zY108 https://www.youtube.com/watch?v=7Qxu5cvW-ds https://www.youtube.com/watch?v=VAXW74W9tdo


http://www.youtube.com/watch?v=1xS864zYIo8&t=5
http://www.youtube.com/watch?v=7Qxu5cvW-ds&t=80
http://www.youtube.com/watch?v=V4XW74W9t4o&t=240

Related Work

Smaller Data

e Few objects [1, 2, 3]
e Small number of affordances [1, 2, 3]

e EX: 6 objects and 3 affordances [1]

BRE

Simpler Methods

Factorial Conditional
Random Fields and Binary
SVMs [1]

Gaussian Processes [2]
SVMs + Clustering [3]


https://pdfs.semanticscholar.org/4790/47e27de77158db259d86e0a36800705ea955.pdf?_ga=2.118614153.1849968356.1508209868-811826183.1504801852
https://pdfs.semanticscholar.org/e999/0fc7df390b2eeaedd71b662edd384ddf1624.pdf?_ga=2.92389533.1849968356.1508209868-811826183.1504801852
https://pdfs.semanticscholar.org/a47f/78fe957cf09d112a734eebe524c5df7cca9b.pdf?_ga=2.113355015.1849968356.1508209868-811826183.1504801852

RGB-D Sensorimotor Dataset




RGB-D Sensorimotor Dataset

Information
Technologles
mctitute

. CERTH
3 J CENTRE FOR
m/ RESEARCH & TECHNOLOGY
HELLAS

UNIVERSITY OF
THESSALY

http://sor3d.vcl.iti.gr/wp-content/uploads/2017/03/sor3d.mp4? =1
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RGB-D Sensorimotor Dataset
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RGB-D Sensorimotor Dataset
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RGB-D Sensorimotor Dataset
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Architectures
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e Generalized Template-Matching (GTM)
e Model spatial correlations

e Appearance CNN for object detection



Architectures

ST architecture
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e Generalized Spatio-Temporal (GST)
e Encode time-evolving procedures
e CNN+LSTM for affordance modeling



Long Short Term Memory Networks (LSTMs)

LSTMs: recurrent architecture capable of learning
long-term dependencies
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Image Source: http://colah.github.io/posts/2015-08-Understanding-LSTMs/



http://colah.github.io/posts/2015-08-Understanding-LSTMs/

LSTMs

Core Idea: cell state updated and
then passed on at each time step

Image Source: http://colah.github.io/posts/2015-08-Understanding-LSTMs/



http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Image Source: http://colah.github.io/posts/2015-08-Understanding-LSTMs/


http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Image Source: http://colah.github.io/posts/2015-08-Understanding-LSTMs/


http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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e Given multiple sources of information

e At what point do we combine their features?

Image Source: http://cs.stanford.edu/people/karpathy/deepvideo/



http://cs.stanford.edu/people/karpathy/deepvideo/
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Architecture
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Method Task Accuracy (%)

Appearance CNN object recognition 85.12
SgtptEan Affordance CNN affordance recognition 81.92

Affordance CNN-LSTM | affordance recognition 69.27

GTM-based fusion architecture [after fusion] | Accuracy (%)
(Best) . app aff
Template Matching GTMg ML(RLﬁi , RLS;H, RL6) 88.23
GTMg s (RL55PP, RL5577, RL6) 89.43

GST-based fusion architecture [after fusion] | Accuracy (%)
(Best)

Spatio-Temporal GST [ s(last-frame) 86.28
GST s(all-frames) [1 CONYV, 2 FC] 86.50




Open Problems

e Authors’ Thoughts
o NN-Autoencoders for human-object interactions
o ‘“In-the-wild” object-affordance detection

e Others
o Affordance identification for control tasks

o Better temporal sampling schemes



