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iE A : Attention Mechanism(1)
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iE A : Attention Mechanism(2)
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IRZ=Fi% : RNN
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%= E%1 : Bounding ball
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%= E%1 : Bounding ball
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EE&2 3 : MNIST digits
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SEER2 : MNIST digits (13X 5F)
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S2B%3 : MNIST digits(2X F)
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number of prediction steps

Experiment Average IoU (over # frames)

Bouncing Balls (training penalty only on last frame) 69.15 (1, only last frame)
Bouncing Balls (training penalty only on last frame) 54.65 (32)

Bouncing Balls (training penalty on all frames) 66.86 (32)
MNIST (single-digit) 63.53 (30)
MNIST (multi-digit) 51.62 (30)
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