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Introduction
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“The pooling operation used in convolutional neural
networks is a big mistake, and the fact that it works so

well is a disaster.”

- Geoffrey Hinton

Credit: Pechyonkin, M. (2017)
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Credit: Lee, H. Y. (2017)



What are capsules?

5Credit: Géron, A. (2017)



What are capsules?

6Credit: Pechyonkin, M. (2017)



What are capsules?

7Credit: Pechyonkin, M. (2017)

If ||s|| ↑, squashing part ≌ 1

If ||s|| ↓, squashing part ≌ 0
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Credit: Lee, H. Y. (2017)



Dynamic routing
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Credit: Sabour et al., 2017 

Credit: Pechyonkin, M. (2017)

(Suggesting r as 3) 



Architecture of capsule network
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Credit: Sabour et al., 2017 

• Conv.: 256 kernels with sizes of 9x9x1 and stride 1, followed by ReLU activation, so 
the outputs with sizes of 20x20x256

• PrimaryCaps: 9x9x256 convolutional kernels (with stride 2), so the outputs with 
sizes of 6x6x8x32 (32 capsules), then reshape as ui with sizes of (6x6x32)x8

• DigitCaps: vj with sizes of 10x16, then the norm of each vj is the possibility of 

prediction
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Reconstruction network (Optional)
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Credit: Sabour et al., 2017 

• Fully Connected: mask with the target from DigitCaps, then FC layer with sizes of 
512, followed by ReLU activation

• Fully Connected: with sizes of 1024, followed by ReLU activation
• Fully Connected: with sizes of 784, followed by Sigmoid activation, then compared 

with the input (reshaped as 784x1)



Loss function
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Credit: Sabour et al., 2017 

• Reconstruction loss (Optional): MSE

• Total loss = Margin loss + λ*reconstruction loss  (suggesting λ as 0.0005) 

• Margin loss



Performance comparison
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Credit: Sabour et al., 2017 



Example of codes
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Example of codes
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256 32 8 9 2

N=batch_size, C=256, H=6, W=6

32*8

1152



Example of codes
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81152 16 10

1152 8 16*10



Example of codes
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Pytorch scatter function
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Example of codes
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1152 10 16

Initial b=0



Example of codes
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Result of codes
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Validation acc.=0.996 Validation loss=0.010



Result of codes
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• Perturb the DigitCaps to manipulate the reconstruction by intervals of 0.05 in the range of 

[-0.25, 0.25] perturb
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Capsule Graph Neural Network
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Credit:Xinyi & Chen, 2018
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Capsule Graph Neural Network
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Credit:Xinyi & Chen, 2018

�: set of node capsules, 

��: number of channels at the layer l, 

�: dimension

ℎ�: graph capsules



Capsule Graph Neural Network
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Credit:Xinyi & Chen, 2018

������ � �,� �
!"##$%&̃$()

∑ !"##$%&̃$()$
� �,�

�̃�: obtained by concatenating all capsules of the node n,

� �,� : represents the i th capsule of the node n, 

*+,,�%�̃�(: the generated attention value
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