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Long Short-Term Memory Hochreiter et al. 1997
Learning to forget continual prediction with LSTM Gers et al.2000

Sequence to Sequence Learning with Neural Networks, Sutskever et al 2014
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The Evolution History of NLP Technology Hotspots (CS2916@SJTU)
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y=F(x,w)+x

Residual Network
(He et al.2016)

y=aF(x,w)+(1—a)x

a=cWx+b)
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