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Previous classes



This Class

• 2-Stream Networks for Action Recognition

• Temporal Convolution and 3D Convolution

• Video Prediction and Interaction Network



2-Stream Networks for Action Recognition



Task: Action Recognition

Drinking Kicking



Task: Action Recognition
• UCF-101 dataset



2-Stream CNNs

Simonyan et al., 2014



2-Stream CNNs



2-Stream CNNs

How to sample frames in test time

• Given a video, sample 10 frames with equal distance between 
every two frames

• For example, given a video with 200 frames, we sample frame 
1, 21, 41, … , 200 frame as inputs and forward 10 times



2-Stream CNNs



Temporal Segment Networks (TSN)

• In the previous work, we train each frame individually

• Can we train multiple frames at the same time?



Temporal Segment Networks (TSN)

Wang et al., 2016



Temporal Segment Networks (TSN)



Temporal Relation Network (TRN)

Zhou et al., 2018



Something-Something Dataset



The problem of Action Recognition



Temporal Relation Network (TRN)



Short summary

• Basic 2-Stream, train on each frame individually à temporal 
order does not matter

• TSN, use average pooling to aggregate video frames during 
training à temporal order does not matter

• TRN, use concatenation and FC to aggregate video frames 
during training à temporal order matters



Temporal Convolution and 3D Convolution



Temporal Convolution

Van den Oord et al., 2016



Temporal Convolution



3D Convolution

Train et al., 2015



3D Convolution



3D Convolution



3D Convolution



3D Convolution



Inflated 3D ConvNets (I3D)

Carreira et al., 2018



Inflated 3D ConvNets (I3D)



Kinetics Dataset



Kinetics Dataset



Inflated 3D ConvNets (I3D)



Separable 3D CNN (S3D)



Separable 3D CNN (S3D)



R(2+1)D

Tran et al., 2018



R(2+1)D

Tran et al., 2018



How about using a 3D Network with only 
2D Conv?

Wang et al., 2018



How much does temporal convolution 
matters?

Wang et al., 2018

Same network, 
remove all temporal 
conv



The Problem is the Dataset



Something-Something Dataset



Video Prediction and Interaction Network



Visual Prediction in Time

Srivastava et al., 2015



Visual Prediction in Time

Srivastava et al., 2015



Visual Prediction in Time

Mathieu et al., 2015



Visual Prediction in Time

Mathieu et al., 2015



Visual Prediction in Time

• Not a well-defined problem

• Pixel output space is too large

• Future has a large uncertainty



Object Centric Prediction in a Physical 
World



Current Status of object dynamics 
prediction
• Prediction from pixels:

• Not effectively encode object and context features
• Not aim to do long term prediction (MPC approach)

• We hypothesis the bottleneck is the features of objects.

GT

Prediction
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[1] Y. Ye, M. Singh, A. Gupta, S. Tulsiani. “Compositional Video Prediction”. ICCV 2019
[2] Jiajun Wu, Erika Lu, Pushmeet Kohli, William T. Freeman, Joshua B. Tenenbaum. Learning to See Physics via Visual De-animation. In NIPS 2017



Interaction Network

• Visual Interaction Network [1]: Use ConvNet to extract (#obj x 
128) feature channels from multiple images.

• Not very intuitive and cannot generalize to multiple objects
• Input order is fixed so cannot generalize to multiple appearance

[1] N. Watters, D. Zoran, T. Weber, P. Battaglia, R. Pascanu, A. Tacchetti. “Visual Interaction Networks”. NIPS 2017

ConvNet



Interaction Network

• Visual Interaction Network [1]: Use ConvNet to extract (#obj x 
128) features from multiple images. 

• Compositional Video Prediction [2,3]: Crop image by RoI and 
then pass through a ConvNet to get features.

[1] N. Watters, D. Zoran, T. Weber, P. Battaglia, R. Pascanu, A. Tacchetti. “Visual Interaction Networks”. NIPS 2017
[2] Y. Ye, M. Singh, A. Gupta, S. Tulsiani. “Compositional Video Prediction”. ICCV 2019
[3] Y. Ye, D. Gandhi, A.Gupta, S. Tulsiani. “Object-centric Forward Modeling for Model Predictive Control”. CoRL 2019

ConvNet

Crop ConvNet

ConvNet



Interaction Network

• Visual Interaction Network [1]: Use ConvNet to extract (#obj x 
128) features from multiple images. 

• Compositional Video Prediction [2,3]: Crop image by RoI and 
then pass through a ConvNet to get features.

• Masking Based Approach [4,5]

[1] N. Watters, D. Zoran, T. Weber, P. Battaglia, R. Pascanu, A. Tacchetti. “Visual Interaction Networks”. NIPS 2017
[2] Y. Ye, M. Singh, A. Gupta, S. Tulsiani. “Compositional Video Prediction”. ICCV 2019
[3] Y. Ye, D. Gandhi, A.Gupta, S. Tulsiani. “Object-centric Forward Modeling for Model Predictive Control”. CoRL 2019
[4] Jiajun Wu, Erika Lu, Pushmeet Kohli, William T. Freeman, Joshua B. Tenenbaum. Learning to See Physics via Visual De-animation. In NIPS 2017
[5] M. Janner, S. Levine, W. Freeman, J. Tenenbaum, C. Finn, J. Wu. “Reasoning About Physical Interactions with object-oriented prediction and planning”, ICLR 2019

Masking
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ConvNet
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Region Proposal Interaction Networks
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Visual Encoder
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Visual Encoder

• Object Centric Representation for Prediction

• We extract the state feature representations of 𝑛 objects in time 
𝑡, and predict their representations in time 𝑡 + 1.

{𝑥!", 𝑥#" , … , 𝑥$" } ⟶ {𝑥!"%!, 𝑥#"%! , … , 𝑥$"%!}



Visual Encoder

• Use hourglass network to extract image features
• Use aligned RoI Pooling to extract region features 

ConvNet

RoIPool

Temporal Aggregation
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Interaction Module in feature space
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Interaction Module in feature space
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Interaction Module

If we want to predict the future movement 
of the blue billiard

• self-dynamics: (Newton’s first law) 
𝑔(𝑥%&)

• relation-dynamics: (Newton’s second law) 
∑'(% ℎ(𝑥%&, 𝑥'&)

• Aggregate the above:
𝐹(𝑥%&) = 𝑓 𝑔 𝑥%& , ∑'(% ℎ 𝑥%&, 𝑥'&

fc layer 𝑔

fc layer ℎ

fc layer ℎ



Prediction
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Prediction
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Simulation Billiards

prediction ground-truth prediction ground-truth



Real Billiards

prediction ground-truth



PHYRE

prediction ground-truth prediction ground-truth



Summary

• 2-Stream Networks for Action Recognition

• Temporal Convolution and 3D Convolution

• Video Prediction and Interaction Network



Next Class

Attention and transformer


