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Abstract: Aiming at the problem of poor confidence propagation decoding performance of polarization codes
caused by atmospheric turbulence in wireless optical communication, a Deep Neural Networks-Normalized and
Offset Min-Sum (DNN-NOMS) decoding method under wireless optical communication was proposed. First, the
factor graph of the traditional belief propagation decoding algorithm for polarized codes had been transformed
into Tanner graphs which similar to Low-density Parity Check (LDPC) codes. The Tanner graphs were expanded
and transformed into Deep Neural Network (DNN) graphical representations. The Min-Sum (MS) decoding
method added the normalization factor and the offset factor, at the same time to the edge weights of the Tanner
graph were given, which simplified the calculation method of the log likelihood ratio of the polarization code. By
limiting the number of training parameters, the factor parameters were selected under the condition of the
minimum loss function, and trained to obtain the optimal normalization factor and offset factor of the decoding
model . The simulation results show that under different atmospheric turbulence intensities, the decoding method
can select better normalization factor and offset factor parameters under the premise of sacrificing smaller storage

space, so as to obtain better error codes. The DNN-NOMS decoding method can produce a performance gain of
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0.21-3.56 dB and reduce the number of iterations by 87.5% when the error rate is 107,
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Fig.1 DNN neural network model assisted system model for polarization code decoding
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Fig.2 (8, 4) factor diagram of polarization code BP decoding method
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Fig.5 (8, 4) sparse neural network decoding structure of polarization

codes
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Tab.1 Symbol meaning of NOMS decoding method

Symbol Meaning

Tji Check the information passed from node j to variable node i

4ij  Information passed from variable node i to verification node j
C(  Variable node i is the collection of adjacent verification nodes

V()i The combination of variable nodes adjacent to the check matrix

J» in which the variable node 7 is removed

40] Set of check nodes adjacent to variable node i

, .,  Variable node i’and check node j’ represent the next value
transformed after iteration

u:(0) The reception is a posteriori probability of Y; corresponding to
codeword bit x;=0

The reception is a posteriori probability of Y; corresponding to
codeword bit x;=1

Log likelihood ratio refers to the logarithm of the ratio of the
L(x)  probability of judging that the node is 0 to the probability of
judging that the node is 1

[ Represents the L-th hidden layer
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Fig.6 Structure diagram of DNN-NOMS neural network decoder
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Tab.2 Simulation parameters

Parameter Value
Length of polar code 1024/4096
Code rate 0.25/0.5/0.75

Turbulence intensity 0.09/1.193/49.725

Modulation PPM
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Fig.7 Comparison of the decoding performance of the neural network
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Fig.9 Performance comparison of different BP decoding methods
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Fig.10 Performance comparison of decoding methods under different

code rates
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Compare Twms (2N1log, N)819200 Towms (2Nlog,N)819200 TN (2Nlog,N)102400
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