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Deep learning is a promising solution to a number of complex problems based on its
inherent capability to approximate almost all types of functions without the demand
for handcrafted feature extraction. New wireless transmission and access schemes
based on deep learning are being increasingly proposed as substitutes for existing
approaches, providing a lower complexity and better performance gain. Among such
schemes, a communications system is viewed as an end-to-end autoencoder. The
learning process applied in autoencoders can automatically deal with some nonlinear
or unknown properties in communications systems. Deep learning can also be used to
optimize each processing block for required tasks such as channel decoding, signal
detection, and multiple access. On top of recent related research trends, we suggest

appropriate research approaches for communications systems to adopt deep learning.

* DOI: 10,22648/ETRI.2018.J.330502
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BLER Block Error Rate
BP Belief Propagation
CNN Convolutional Neural Network
CP Cyclic Prefix
CSI Channel State Information
DF Decode-and-Forward
DFN Deep Feedforward Network
DNN Deep Neural Networks
ELM Extreme Learning Machine
HDPC High Density Parity Check
LLR Log-Likelihood Ratio
LSTM Long-Short-Term Memory
MIMO Multiple-Input and Multiple-Output
MLP Multi-Layer Perceptron
MRRD modified Random Redundant iterative algorithm
MSE Mean Squared Error
NND Neural Network Decoder
NOMA Non-Orthogonal Multiple Access
OFDM Orthogonal Frequency-Division Multiplexing
RNN Recurrent Neural Network
SCMA Sparse Code Multiple Access
SDR Semidefinite Relaxation
SINR Signal-to-Interference-Plus—Noise Ratio
SNR Signal-to—Noise Ratio
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