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Limitations of CNN
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“Coordinate Frame” in Human Vision
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[ Geoffery Hinton (2017). What’s wrong with convolutional neural nets. Youtube: https://www.youtube.com/watch?v=Mqt8fs6ZbHk&t=562s



https://www.youtube.com/watch?v=Mqt8fs6ZbHk&t=562s

What is a Capsule?

e “A capsule is a group of neurons whose activity vector represents the instantiation
parameters of a specific type of entity such as an object or an object part.”
e General ideas: L
o Each dimension of v represents the characteristic of pattern; 1.0
o The norm of v represents the existence (confidence). !!!
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[ Sabour, S., Frosst, N., & Hinton, G. E. (2017). Dynamic Routing Between Capsules. arXiv preprint arXiv:1710.09829. ]
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Traditional v.s. Capsule Neuron
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[ Sabour, S., Frosst, N., & Hinton, G. E. (2017). Dynamic Routing Between Capsules. arXiv preprint arXiv:1710.09829. ]



Routing

Initialize b11,b21 = 0 Algorithm
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[ Sabour, S., Frosst, N., & Hinton, G. E. (2017). Dynamic Routing Between Capsules. arXiv preprint arXiv:1710.09829. ]



A Capsule Network (CapsNet) for MNIST

> Layer 1. ReLU Conv: [28x28x1] — [20x20x256]
> Layer 2. PrimaryCaps: [20x20x256] — [6x6(x8)x32] — [1152x8]
> Layer 3. DigitCaps: [1152x8] — [16x10] — [10x1]
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[ Sabour, S., Frosst, N., & Hinton, G. E. (2017). Dynamic Routing Between Capsules. arXiv preprint arXiv:1710.09829. ]



Interpretable Activity Vector

Reconstruction
Network

> Each dimension contains a specific information (pattern)
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[ Sabour, S., Frosst, N., & Hinton, G. E. (2017). Dynamic Routing Between Capsules. arXiv preprint arXiv:1710.09829. ]
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Interpretable Activity Vector: Fasion MNIST

[ Image Copyright 2017 Ou Changkun]
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Routing v.s. Backpropagation (on Fashion MNIST)
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Why ROUti ng? Memory Network (Hopping Machanism)
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[ Sukhbaatar, S., Weston, J., & Fergus, R. (2015). End-to-end memory networks. In Advances in neural information processing systems (pp. 2440-24438).]



Summary of CapsNet

e Key Points of Capsule:
o Vector — Vector (Tensor — Tensor)
o Encapsulate entity or its pattern
o Routing by agreement
o Invariance v.s. Equivariance
e Uncovered Topics:
o Margin Loss
o Reconstruction Network
o  Overlapping Handling
o ..
e Future works:
o  Other squashing
o Improving routing process
@)

[ Sabour, S., Frosst, N., & Hinton, G. E. (2017). Dynamic Routing Between Capsules. arXiv preprint arXiv:1710.09829. ]
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