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Experimental study on the vector-based compression of
Capsule Networks
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Abstract: In this study, we discuss the compression of the capsule networks (CapsNets), which is
one of extensions of the convolutional neural networks (CNNs). Focusing on the fact that the basic
unit of CapsNets is a vector, we propose a vector-based quantization and Huffman coding for the
compression by extending typical weight reduction methods for CNN. Experimental evaluations
using MNIST and CIFAR-10 with various vector sizes and quantization granularities show that
the proposed method can compression the networks with a slight loss of prediction accuracy.
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MNIST : & Y §if 50.78, FA] 0 1% 44.63
32 | 40.81 41.37 41.55 | 14.47 11.11
64 | 40.90 41.55 41.60 | 14.55 11.20
128 | 40.89 41.63 41.92 | 14.82 11.22

11.10
11.20
11.21

CIFAR-10 : X §if 99.89, #X] D % 99.20
3219020 92.14 92.22 | 88.45 87.46
64 | 90.50 92.40 92.45 | 88.56 87.50
128 | 90.75 92.88 92.93 | 88.90 87.58

87.45
87.45
87.49
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MNIST : A D A 99.65, KA D £ 99.62
32 | 82.25 81.25 70.58 | 99.53 89.45
64 | 88.54 89.78 87.86 | 99.54 97.37

128 | 88.45 85.54 84.41 | 99.53 98.78

78.81
90.31
96.13

CIFAR-10 : BN D # 63.26, XD 64.36
32 | 53.54 53.21 49.54 | 64.33 55.57
64 | 45.54 50.05 42.58 | 64.41 53.34
128 | 56.87 53.85 45.89 | 64.38 56.61

44.71
49.27
53.88
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#* 3 AERHIR &REERRR (BALIX%)

k| MMR ARR  FI | Rank
MNIST
32 | 7150  99.88 83.34 6
Wre 64| 7135 99.89 83.24 7
128 | 70.82  99.88 82.87 8
32 | 7812 89.76 83.54 5
Wi 64| TT.94 9771 86.72 2
128 | 77.90 9913 87.24 1
32| 7814 79.09 T78.61 9
Wee 64| T7.94 9063 83.81 4
128 | 77.92 9647 86.21 3
CIFAR-10
32 | 1145 101.69 20.59 7
wre 64| 1134 101.82 2041 8
128 | 11.00 10177 19.86 9
32 | 1244  87.84 21.80 1
Wi 64| 1240 8432 21.63 4
128 | 1232 89.49 21.66 3
32 | 1245 70.68 21.18 6
Wre 64| 1245 T7.88 2147 5
128 | 1241 8517 21.67 2
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