Y| THE UNIVERSITY OF DeepCaps: Going Deeper with Capsule Networks

¥ BE * SYDNEY Jathushan Rajasegaran, Vinoj Jayasundara, Sandaru Jayasekara, Hirunima Jayasekara, Suranga Seneviratne and Ranga Rodrigo
_ The University of Moratuwa, Sri Lanka

MOTIVATION » Stacking capsule layers is not efficient, also stacking > Instead of masking the vectorized instantiation parameter,
| | g P
Convolutional Neural Networks convolutional layers causes degradation. | | we only pass the !nstaptlatlon vector to .th_e decoder.
> Deep capsule network architecture is 54 x 64 x 3| Tnput image » Not only able to identify the same variations across all the
Lon 1908 e e @54 > Hence, to overcome these issues, we Iintroduce the build with modular building blocks of | classes, high variance parameters cause global variations
eNet-5 ( ) | novel CapsCell architecture. CapsCells . RRRERESY) oo volutional layer suc_h as rotation, elongation, while the rest is localized
L) x (53, 92, ) ConCaps oy variations.
CONVOLUTIONS SUBSAMPLING  CONVOLUTIONS SUBSAMPLING CONNECTION 3D CONVO LUTION BAS E D ROUTI N G > A CapSCeIIS haS 4 ConVCapS i3 5 3, 32, 4\ . Localized Skj::;m - ——leelongation
Going deeper in the network helps to . Layers with a skip connection with | - [Bx3,32,4 S I N [ Vit i
J e P > We use 3D convolution kernels to transform low-level Y . p 3 x 3, 32, 4 /. I A L 0l sl N
understand rich features . element wise addition. 5 i B e
ResNet (2015) . . R capsules to higher-level capsules. k ErEen ) I alA N AN AlfS
o | - | | | > At the early stages of the network (———"""7 il
> Keeping strides equal to the number of atoms in each we keep routing iterations to one, |  F— ‘ il
capsule allows to separately transform capsules to higher and we increase it at the end of the | 2**®% N o as a0 s
level, with sharing the weights. network. (3x3,32,8) 1
-+ £ Rotation 2 » - . -~ - ~
. N eperer ) o | 717l 71719lalalslsls
T > Multlplhefsuch_ kernels ghenerate nlext set of capsulzs andha > PeepCaps is followed by a class — Ve i
| pee -] squas unction squashes capsule tensors to produce the independent decoder network, to | 2% = | I K I A I I I I A
N rimaryCaps final CapSUIGS. better regu|arize the training_ :3><3, 32, 8 S Vertialsxpanson -ﬂﬂ---
1 X 9, 94,
20 | . | = a; X b vector r3><3’ 32, 8 Localized6skewness nnﬂ
MNIST dataset: b4 7 Wi =[8x16] CIFAR-10 dataset: / x r=1 (6)
. masked with zeros CapsCell 3 |
I P ‘ PERFORMANCE OF DEEPCAPS
0000008600806 0000 aviane it [ O 7 - [ O — . w
/ \ ' 1/ 4 | / / 1) / ) /lo LOW Ievel features automobile EHE?HE‘ ’é \3><3, 32,8100nvCapsla.yer
202223223122229  |ike edges and wo Sl NED ¥ N vectorize Model CIFAR10  SVHN F-MNIST  MNIST
3333%3333233333 , «  EFEUHSEEEs P o > | — [ Decoder | o s
UMy sqyasyyy944¢  Dblobs to hlgh level dee D] fod BN L=l RN — [3><3 32 8] 0 0
S£FSr(SsssESsSS : wr  AESHSBK R dicted , 2% 96.40% 98.41% - -
666L606606066666606 eatures o B ENE SRS @ WE v P Class 3x3,328 b =3
772317727777777)7 ) - EESOPEEERE s o ° : - - - 99.79%
F£83985 g g8 g ; gz ;} a;r E%;;ES?%EE& Capeute tensor ! CapsCell 4 | -
1997993979 | = P _ § 0 _ 0
1 . . . . . . . 1 X b vector collect capsules[® 96.92 /0 9635 /0
Achieve state-of-the art 0 CIFAR10, it achieves only Algorithm 1 Dynamic Routing using 3D convolution | J — T 89 40% 95.70% _ 99.75%
reSU|tS on MNIST (9975 /0) 894% W|th 7'ensemb|e 1 procedure ROUTING a_ VGCtﬂ) I —_ [Decoder] \Flat Caps Layer) 6753% 91 06% 8980% 9950%
. . A AN |
Hence, we need to go deeper in capsule networks. 2: Require: &' ¢ R(W v <) rand /1, n!t! S dieted . . 15 \otace Copsutos 73.30% 94.50% 92.30% 99.68%
~ l I 1 l 1 - J
| . . . 33 @' « Reshape(®;) € RW whexn,1) b 91.01% 97.16% 94.46% 99.72%
» When going deeper, dynamic routing Is a ) V « Conv3D(®!) e R w1 el i+
: - : < Conv ! "
computationally expensive procedure. - (WL Tl G+ gy CLASS INDEPENDENT DECODER 92.74% 97.56% 94.73% _
5 V < Reshape(V) €R W R e
Lo —— . (w' T w! Tt et e > With the class independent decoder we can learn all the
6: B+~0eR > bldss . | _
0.9 N e Letp € w't!, g € wtl r € c*tland s € ¢ latent distributions in a constrained space. This allows us CONCLUSION
e <4 R A 9 9
0.1 . - - to jointly learn instantiation parameters that cause visual
I for r licrations do chJan 3 e}; P > Our DeepCaps model surpass state-of-the art accuracy on
8: forall p,q, 7, kpgrs < softmax_3D(bpgrs) e o e ot ear oy ety i CIFAR10, SVHN and F-MNIST and achieve state-of-the
$os- 9: forall s, Spgr <= 2 kpgrs = Vigrs HUue 10 the join earnln% we Canh uniquely II enrl]y- el results on MNIST, with 52% reduction in inference time
s 10: forall s, S, < squash_3D(Sp,) mhstantlatlon parameter that causes a particular physica and 61% less parameters.
---- Convlayers-val 1 ~ - change.
04- —gonvtaiers-tlram 11: for all s, bpgrs < bpgrs + Spgr * Vpgrs Th J | t t ot " P > Although our results surpass the state-of-the-art
---- ConvCaps-va A = . . .
031 | | | —— ConvCaps-train. 12 return !t = S IS allows 10 generate new data, with specllic styles performance in the domain of capsule networks, we still

0 20 oo 50 100 across all the classes. behind, the STOA CNNs.



