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Research on polar code partition
decoding algorithm based on FCNN

LUO Ying, LI Xiaoji’, WANG Jiaming
(Key Laboratory of Cognitive Radio and Information Processing,

Ministry of Education, Guilin University of Electronic Technology, Guilin Guangxi 541004, China)

Abstract: To reduce the dimensionality constraints of neural network decoders for polar codes during the training phase, a parti-
tioned successive cancellation(SC) decoder based on fully connected neural networks (FCNN) is designed. By dividing the polar
code decoding tree into two regions and processing each with differently parameterized FCNNs, the need for large-scale training
data is reduced. The simulation results show that in an additive white Gaussian noise( AWGN) channel, when the signal-to-noise
ratio(SNR) is between 1 to 5 dB, the performance of the FCNN-SC decoder approaches that of the SC decoding algorithm. When
the SNR is between 1.5 to 3 dB, the FCNN-SC decoder achieves approximately 0.5 dB coding gain compared to the FCNN de-
coder, and requires a smaller dataset during the training phase, being roughly half the size needed for the FCNN decoder.

Key words: polar code, successive cancellation decoding algorithm, fully connected neural network, neural network decoder,

deep learning
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