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Convolutional Neural Networks for Sentence Classification, Kim et al.2014
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(c) Loosely coupled-LSTMs

(b) Attention LSTMs
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(d) Tightly coupled-LLSTMs

2d LSTM Liu et al. 2016

Tree-structure LSTM Tai et al.2015



1000+ LSTMs



N e

O M EAVE AR
B IRFRELARRYERES R B S
B ZFOEBERNMNEREES
B EEEE: nn bp.py

O ARSI (RNN)

B IEHEEIERNN, LSTMBYGRS
B IBESEIRBUANEREL L

T HERNN &R SEFIE WM A
O EFRHEMEE(CNN)
B ERSEHEITER
B TEFRCNNENLP RN AL

T



https://gair-nlp.github.io/cs2916/assets/files/nn_bp-bee2999c27c7ab32e0788f422816a8b6.py

AL



