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A survey on deep learning based joint source-channel coding
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Abstract: Classical information theory shows that separate source-channel coding is asymptotically optimal over a
point-to-point channel. As modern communication systems are becoming more sensitive to delays and bandwidth, it
becomes difficult to adopt the assumption that such separate designs have unlimited computing power for encoding
and decoding. Compared to joint source-channel coding, separate coding has proven to be sub-optimal when the
bandwidth is limited. However, conventional joint source-channel coding schemes require complicated design. In
contrast, data-driven deep learning brings new designing ideas into the paradigm. A summary of relevant research re-
sults was provided, which will help to clarify the way in which deep learning methods solve the joint source-channel
coding problem and to provide an overviewof new research directions. Source compression schemes and end-to-end
communication system models were firstly introduced, both based on deep learning, then two kinds of joint coding
designs under different types of source, and potential problems of joint source-channel coding based on deep learning
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T RO RIEAE RO A SAG I AR E A 2 A1
B, 11 22 FH P i R0 B AT I AR TE RS B 15 A
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FiE e NREIRMHRIF AR, X0 JSCC #Hig
USRI &=

{5 PR HR 4 1) ] T 2 A 3 e ) 2 3 A5 058 1 358
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JARERS . ARSCE RN TR TR
(¥ {5 50 s 24 2 it 7 92 DA % i 38 g P8 WG B A LA
B, IR SRR AT R YRR R AN R B
PRGN i B CRAS LIRS  E N TR T
TR PE A 2 BOR M5 IR B I A AL T S BLR . e
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