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Multi-Branches CapsNet Method with Enhanced Representation Capability

XIE Hai-Wen, YE Dong-Yi, CHEN Zhao-Jiong
(College of Mathematics and Computer Science, Fuzhou University, Fuzhou 350108, China)

Abstract: A novel neural network for object recognition, CapsNet, uses dynamic routing and capsules to recognize novel
state of a known object, while the input layer of CapsNet decoder increases when the number of categories increases,
which means a relatively limited scalability. To overcome this weakness, we propose the Multi-branches Auto-Encoder
(MAE) which gives coding vectors of every class to the decoder respectively letting the scale of decoder independent
from the number of categories enhancing the representation capability of the proposed model. The experiment on MNIST
shows that MAE is competitive in recognition and more powerful in reconstruction which means a more complete
capability on representation.
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JEIK /2, CapsNet FIUIZRI FE H, A ¥ BR ) 2 it 171 5 W A SRS IR 77 1 AN SRR ) ) B A PR A B - 40 v
2 J5U 0 BRI ZR Bt X, sk A i BR ) 2 B 7] o ] aFEE, D RPAFERK RS AR LA
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