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Capsule Networks: Architecture
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Capsule Networks: Architecture
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“Active capsules at one level (red) make predictions, via transformation matrices,
; ) . for the instantiation parameters of higher-level capsules (blue).
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Capsule Networks: Number of Param
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0.5 constant
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(1 —T¢) |max(0, ||ve|| — m_)

zero loss when incorrect
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prediction with probability numerical prediction with probability
greater than 0.9, non-zero stability less than 0.1, non-zero
otherwise otherwise

mt =09and m™ = 0.1.

A = 0.5.



Capsule Networks: Algorithm

Data-specific dynamic routes
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“c;; are determined by an iterative dynamic routing process”




Capsule vs Traditional Neuron
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https:/github.com/naturomics/CapsNet-Tensorflow




Squashing Function

Squash the capsules
sum to have length at
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change its direction.
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Capsule Networks: Intuition
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Capsule Networks: Intuition
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Capsule Networks: Intuition
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Figure 1. Image acquisition. Figure 2. Model creation.



Capsule Networks: Intuition
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(a) Teacher image. (b) Initial polyhedron model.

c) Flat shaded representation result. (d) Smooth shaded representation result.



Capsules

4 capsule network
vector
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Capsule activations Inverse rendering Image

Length = estimated probability of presence

Activation vector:

Orientation = object’s estimated pose parameters



Capsules
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Capsule activations Inverse rendering Image

Activation vector:

Length = estimated probability of presence

Orientation = object’s estimated pose parameters



Capsules

convolution +
nonlinearity

Data-specific dynamic routes
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“c;; are determined by an iterative dynamic routing process”
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Hierarchical model of the visual system
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Primary Capsules

4 capsule network
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Predict Next Layer’s Output ﬁ@
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Handling Crowded Scenes
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Thanks to routing by agreement,
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Classification
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Regularization by Reconstruction
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4 The reconstruction loss is the squared difference

K4 between the reconstructed image and the input image.
In the paper, a = 0.0005.

Loss = margin loss + a reconstruction loss
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(Figure 4 from the paper)




Encodes Poses

4 capsule network
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Capsules can represent objects w/ different poses (3D orientations)

gy & X

Example images from the SmalINORB dataset. The second row consists of photos taken from a different
elevation from the first set. Source.

Latest results (matrix capsules, below) improve best accuracy on SmalINORB by %45
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Multiple-subjects Action Recognition

A) Multi Subject Scene 1

C) Multi Subject Scene 3 D) A Two Subject Scene



Actions Categories in the Dataset.

1) No Cheat

4) Exchange Papers 5) Face Codes 6) Hand Codes



Distribution of the cheating action
recognition data.

DATA NO POCKET PANTS EXCH. FACE HaND

CHEAT CHEAT CHEAT Pa-  Cobpg CODE
SHEET SHEET PER

GROUP | 186 150 06 104 66 136

|

GRrROUP | 170 174 220 58 122 146

2

GrOUP | 174 118 214 66 182 216

3

GrROUP | 176 134 168 120 104 82

4

GROUP | 188 98 68 66 70 76

5

GRrROUP | 190 72 100 40 130 130

6

GRrROUP | 198 78 62 56 138 096

E

GroOuP | 178 60 56 712 52 64

8

ToTaL | 1460 884 084 582 864 856




Division of involved actors into groups for leave
one group out cross validation evaluation.

Group 7 Group 8



Overview of our proposed system.
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Faster RCNN for people video chunk
detection.

Extract Chunks of
All Detected subjects

Use Faster R-CNN to
>detect Bbox containing
a subject

Every 32 Frames
Input Video Stream



Two parallel path multiresolution 3DCNN

scheme.
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3D capsule network scheme.




Decoder structure used for reconstruction.
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Results for the multi-resolution 3DCNN.

INPUT RES. AVE ACC. AVE KAPPA

3020 0.566 = 0.084 0.473 = 0.094
6040 0.614 =£0.109 0.528 =0.129
90«60 0.655 = 0.096 0.579 £ 0.111
13590 0.671 £0.103 0.596 £0.126
30x20 & 90x60 0.627 £0.139 0.547 £0.163
60x40 & 135x90 0712 £0.106 0.647 +£0.126



Results for the 3D capsule network.

INPUT PARAMS. AVE ACC. AVE KAPPA
RES. (Np, Dy,
Da)
48.8 0.598 +0.117 0.504 +0.141
6440 8.8.8 0.639 4+ 0.096 0.558 +0.113
16.8.8 0.659 + 0.063 0.581 +0.072
16.8.4 0.664 + 0.086 0.587 £ 0.100
4.8.8 0.672 +0.071 0.594 + 0.084
96 x 64 8.8.8 0.724 + 0.074 0.658 + 0.089
16.8.8 0.729 + 0.074 0.665 + 0.087
16.8.4 0.737 £ 0.071 0.674 + 0.085



Head to head comparison of the best multi-
resolution 3DCNN and 3D capsule network model.

TEST MULTI- 3D CAP- IMPROVE CAPSNET

GROUP RES SNET BET-
3DCNN TER?

1 0.579 0.646  0.068 i

2 0.682 0.658 0.024  x

3 0.765 0.773 0.008 v

4 0.585 0.676  0.091 by

5 0.758 0.786  0.028 Vv

6 0.639 0.719  0.080 .

7 0.847 0.822 0.025  x

8 0.838 0.813 0.025  x



Training losses of the 3D Capsule Network
per Epoch.

Training Profile - Train Data
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Validation losses of the 3D Capsule Network
per Epoch.

Train Profile - Test Data
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Reconstructed Videos of 3D Capsule Network

Decoder.

No Cheat

Pocket Cheatsheet

Pants Cheatsheet

Exchange Paper

Face Codes

Hénd Codes



Combined system usage for multiple subjects
cheating action recognition.

Two Subjects Scene Multiple Subjects Scene
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. 3D Capsule Networks can be realized for video analytics.
. For video data, we can replace the 2D convolutional primary layer

with the 3D CNN without need to modify the Digit Capsules.

. Due to the inherent capability in representing various video

features and equivariances inside capsules vector, the developed
3D Capsule Network shows promising results.

Further experiments using Matrix Capsules EM algorithms for video
analytics still need to be study.



