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The fundamental problem of communication is that of transmitting a message from a
source to a destination over a channel through the use of a transmitter and receiver.
To derive a theoretically optimal solution, the transmitter and receiver can be divided
into several processing blocks, with each component analyzed and optimized. The idea
of machine learning (or deep learning) communications systems goes back to the
original definition of the communi-cation problem, and optimizes the transmitter and
receiver jointly. Although today’s systems have been optimized over the last decades,
and it seems difficult to compete with their performance, deep learning based
communication is attractive owing to its simplicity and the fact that it can learn to
communicate over any type of channel without the need for mathematical modeling

or analysis.

* DOI: 10,22648/ETRI. 2018.J.330205
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NLP Natural Language Processing
NN Neural Network

NND Neural Network Decoder
RelLU Rectified Linear Units

RNN Recurrent Neural Network
SGD Stochastic Gradient Descent
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UDN Ultra-Densification Network
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