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» Neural network channel denoiser
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Commun., Control, Comput, Sep. 2016, pp. 341-346.
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Hyper-Graph-Network (HGN) decoder

= HGN decoder [3]
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[6] Zhu, H., Cao, Z., Zhao, Y., and Li, D, "A novel neural network denoiser for BCH codes,” in Proc. IEEE/CIC Int. Conf. on Commun. in
China (ICCC), Aug. 2020, pp. 272-276.
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Denoising autoencoder channel denoiser
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 Polar SCL decoding2te| &= H|w (HAHEF H| W)
» SCL decoder [3]
L-N-log,N+(N—M)-L-log,2L
— O(LNlog;,N)

Our model
O(EB(l,,,, - N3d,> + 4NC,C,))

/ \

HGN Decoder AE Denoiser

N: Code length (ex. 64)

M: Number of parity bits (ex.16)
L: List size (ex. 4)

B: Batch size (ex. 500)

E: Number of epoch (ex. 5)

[3] Sybis, Michal, et al. "Channel coding for ultra—reliable low—latency communication in 5G systems.”, 2076 /EEE 84th vehicular
technology conference (VTC—Fall). |EEE, 2016.
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