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@ Can we invent new state-of-the-art codes using deep-learning?
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KO neural networks

e Encoding of Reed-Muller/Polar codes
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KO neural networks

@ Plotkin block
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@ KO block
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Bit error rate(BER)

10t

1072

1073

1074

107>

1076

Performance of KO codes

Code-dimension=46, Block length = 512.
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