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Neural BP decoding [1]

Neural-offset min-sum decoding [2]
Hyper-Graph-Network (HGN) decoder [3] - H|QF B0 AL

[1] Nachmani, E., Be'ery, Y., and Burshtein, D, "Learning to decode linear codes using deep learning,” in Proc. Annu. Allerton Conf.
Commun., Control, Comput, Sep. 2016, pp. 341-346.

[2] Lugosch, L., and Gross, W. J. "Neural offset min-sum decoding,” in Proc. IEEE Int. Symp. Inf. Theory (ISIT), Jun. 2017, pp. 1361-1365.
[3] Nachmani, E., and Wolf, L. "Hyper-graph-network decoders for block codes,” in Proc. Advances in Neural Inform. Proces. Systems
(NIPS), 2019, pp. 2329-2339.
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Hyper-Graph-Network (HGN) decoder

= HGN decoder [3]
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« Trellis graph
(two iteration)

[3] Nachmani, E., and Wolf, L. "Hyper-graph-network decoders for block codes,” in Proc. Advances in Neural Inform. Proces. Systems
_’(_NJRIS), 2019, PP. 2329-2339. title of the talk !
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System model of NN denoiser for BCH codes [7]

[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.

[7] Zhu, H., Cao, Z., Zhao, Y., and Li, D, "Learning to denoise and decode: A novel residual neural network decoder for polar codes,” IEEE
Trans. Veh. Technol., vol. 69, no. 8, pp. 8725-8738, Aug. 2020.
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[3] Nachmani, E., and Wolf, L. "Hyper-graph-network decoders for block codes,” in Proc. Advances in Neural Inform. Proces. Systems
(NIPS), 2019, pp. 2329-2339.
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Denoising autoencoder channel denoiser

# of channels = 15
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tanh |

tanh

N x1
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Layer 1
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Layer 2
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