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Deep Capsule Network Based on Pruning Optimization
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Abstract Convolutional neural network (CNN) has developed rapidly in computer vision tasks, especially in
image classification, retrieval, target detection and other fields. CNN can directly preprocess the original pixels,
get its effective feature representation and recognize the rules of computer vision. However, CNN adopts pool
strategy, which has a deep understanding of the local characteristics of the object, but ignores the overall spatial
structure of the object. Capsule network is a new neural network architecture, which attaches importance to the
spatial structure of objects. Capsule network can represent various information of objects by superimposing
features into vectors, and has good ability of fitting features. The network architecture can not only recognize the
local features of objects, but also retain the hierarchical relationship of the overall spatial features. However,
capsule network is not good at complex data. In order to improve the accuracy of image data recognition in
capsule network, this paper proposes a deep capsule network based on pruning optimization, which effectively
deals with the connection between the capsule network layers, not only reduces the redundant capsule layer, but
also improves the generalization ability of the network. The pruning strategy of the new capsule network is to
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select the low-level capsule strictly, so that only the important and active low-level capsules are reformed into the
new capsule layer, and the high-rise capsules are predicted by weighted connection. For image data, the acquired
features are insufficient, which makes it difficult to further process in capsule. Therefore, a novel capsule block
layer is designed in this paper. The local capsule subset is transformed into a more abstract capsule by 3D
convolution core, and the feature representation of more comprehensive data is obtained to construct a more
level high-level network. At the same time, the jump connection between the low-level capsule and the
high-level capsule can reduce the gradient disappearance problem in the training of the deep model. In addition,
the performance test on multiple data sets has achieved good experimental results.
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0: procedure: ROUTING( U jji,r, L)
1: Require:

2 for X 1E L EH A IKEE i, MAE L+1
3 FRIFTHIE : b, o0

4: for r in iterations do

5 for X T1E L EHHrAIKE,

6

7

¢; < softmax(b;)

for Xt L+1 JZ PRI I # |,

N
8: S; ZZiCijUj\i

9: for X T4E L+1 2 HI A IEE |,
10: V; «squash(s;)

11 for X T1E L ZHHI A IREE i, FIFE
12: L+1 EH A IR E |-

13: Qﬁ—%+aww

14: return Vv,
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0: Procedure: Pruning
1+1

1: Require: @ =(c',m',m',n'),r,and c'*, n

2 @' « Reshape(®')

3 21t 3D REHREE

4 V, < Conv3D(®')

5: V, < Conv3D(V,)

6 V, < Conv3D(V,)

7 V, < Conv3D(V,)

8 V, <V, +V,

9: #:3d Pruning capsule JZ

10: bij =0

11: for r in iterations do

12: for X} F7E L B HIREZE i,
Kj «—softmax(b;)

13: for X T7E L+1 2 IR EE,
5; < D KV,

1

14: for X F-7E L+1 2P (0038,
V; «<=squash(s;)

15: IEPEAL top K JREE:
pro = selection(v;, K)

16: @' = capsule(pro)

17: return @'
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BRI . TR RN, RIER (%)
FoRIEE . TR NE 1R,

® 1 AR K EWIRERL

K 10% 15% 20% 25%

MNIST (%) 0.91 0.84 0.48 0.72

30% 35% 40% 45%
0.64 0.66 0.71 0.75

MR LRI UE SR, BRI O
A . 2 K=10001 i, HY LA IR ZZ A LA
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R FEAS 2 LAFRIE 2 i 1 B (RFALE, 3
RBATHAR SR e a5 ] B i iR, [
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A FTRSSE » VLA BT SR — R RRUE « A7 R SR
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PR, [ARELEAR e 2 A e B Bl BRI K AN IR FE
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o 25 RVE WK 2 i

R 2 AE KEWRERLER

K 10% 15% 20% 25%

CIFAR-10(%) 21.80 20.15 17.19 18.16

Fashion-MNIST(%)  10.09  8.41 7.20 9.32

30% 35% 40% 45%
20.79 19.15 22.13 23.22
8.54 8.28 8.18 9.42
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0 0.5345 0.5322
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BiEE R=2 R=2 R=3 R=4
MNIST 0.781 0.842 0.995 0.855
CIFAR-10 0.550 0.682 0.828 0.722

Fashion-MNIST  0.781 0.850 0.928 0.899
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TM7E R=2 I, MRy 2 5 I S 14 e 4
R=3 I, BUA B 25 1R 2 e i 1), Ik 2
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MS-CapsNet [27] 75.10% 92.20% -
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Mlcn2[28] 75.18% 92.63% -
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In recent years, Convolutional Neural Network (CNN)
has achieved breakthrough results in many computer vision
tasks. But in essence, it only understands the characteristics
of objects too deeply, and ignores the overall spatial
structure. This is due to the adoption of pooling strategies.
The capsule network has a good ability to fit features, which
is a new neural network architecture in deep learning. The
pruned capsule network proposed in this paper utilizes two
key ideas: pruned network and deep network. By
superimposing features into vectors to represent information
such as direction, position, etc., the most useful and active
low-level capsules can be effectively selected during the
training process to build high-level capsules, and those that
have less impact or low activity Pruning off allows the
network to build a more level high-level network.

Since the introduction of the capsule neural network,
domestic and foreign scholars have carried out in-depth
research on it. They changed the structure of the capsule
network to increase its robustness. Our work explores the
possibility of a deeper network composed of multiple capsule
layers. The pruned network can effectively achieve the

pruning of low-level unrelated capsules, making the network
more simplified; and deep networks process more complex
data and obtain more data features. The performance of the
pruned capsule network was evaluated on several benchmark
data sets. Our pruned capsule network has improved the
performance of the network to a certain extent.
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