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Introduction
• Look for a location where current 

actions appear in the future.

• I.e., By understanding the exact 
location of future activities, the robot 
agent can provide more comfortable 
cooperation form the end application.



Spatial Action Localization in the Future

• We introduce a new task that aims to localize action in both 
observation and unseen frames.

Observation Unseen



Initial Value Problem and Nueral ODE

• IVP: Ordinary differential equation with an initial condition.

• Neural ODE (NeurIPS18) : it models 𝑓 𝑡, 𝑧 	with a neural 
network.



Single-step VS Multi-Step
• Single-Step

• i.e. Euler method

• Multi-Step
• i.e. Adams method

N=2

N=3



AdamsFormer - Overview
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Encoder

• Combination of 2D-CNN 
and 3D-CNN to fully utilize 
temporal information.
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Future Feature Predictor
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Decoder

• Decoder regresses the 
tensor to action location 
and category.
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Experiments
• Setup

• Replace future feature 
predictors with long-range 
temporal modeling 
methods.

• Baselines
• RNN
• ODE-RNN
• PhyDNet
• Anticipative Transformer
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Comparison with baselines



Advantage of the multi-step method

• The multi-step method outperforms the single-step method.



Effect of order of the multi-step method



Qualitative Results
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Thank you for listening!


