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Bidirectional recurrent neural networks(BRNN)

(1997, 43872| 21 &)
IEEE Transactlons on Slgnal Processing, SCIEH, IF 5.230
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Long-short term memory(LSTM)

(1997, 409393| 21 &)
Neural Computatlon SCIEE, IF 2.207

« RNNQ| EX|H2 Gradient vanishing problem2| 2r44.
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Gated Recurrent Units(GRU)

(2014, 57602| 2I&)
Conference on Neural Information Processing Systems(NIPS), Qualis Al, 1987-94 x|
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Minimal gated unit for recurrent neural networks
(2016, 1512| 218)
International Journal of Automation and Computing, ESCI&, IF 2.29

» 7|Z9] RNNsO| A B2 gateo| 4= &5t X

- gate=7t BECHD SiA £E2 207 ENEX] &S

[ l=10

. 8 10| 7|Z 0] RNNsO| B3 2.

CAU AutoML LAB 5



Hitnet: Hybrid ternary recurrent neural network

(2018, 213| 2ol &)
Conference on Neural Information Processing Systems, Qualis Al, 1987-94 x|
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unitary evolution recurrent neural networks

(2015, 4243| Q21 &)
International Conference on Machine Learning, Qualis A1, 1980-21 X
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Gated Orthogonal Recurrent Units: On Learning to Forget

(2019, 622| 21 &)
Neural Computatlon SCIEZ, IF 2.207
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Complex gated recurrent neural networks

(2018, 183| 21 &)
Conference on Neural Information Processing Systems, Qualis A1, 1987-34 X}
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Bayesian recurrent neural networks

(2017, 1233| 21 &)
Conference on Neural Information Processing Systems, Qualis A1, 1987—%4 X}
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Independently Recurrent Neural Network(IndRNN)

(2018, 2533| 21g)
Conference on Computer Vision and Pattern Recognition (CVPR), Qualis A1, 1987-21 X}
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The Statistical Recurrent Unit(SRU)

(2017, 30| 21&)
International Conference on Machine Learning, Qualis A1, 1980-21 X
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LSTM Fully
(2017, 3003] 918)
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Convolutional Networks for Time Series Classification
International Jomt Conference on Artificial Intelligence, Qualis A1, 1969~34 X
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Recurrent neural network and a hybrid model for prediction of

stock returns

(2015, 2593| 21 &)

Expert Systems with Applications, SCIEZ, IF 5.89
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Convolutional LSTM network: A machine learning approach for

precipitation nowcasting (ConvLSTM)

(2015, 26702| QI8)
IEEE Conference on Computer Vision and Pattern Recognition, Qualis A1, 1985~%1 x|
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« Inputgti} prediction targetg}tO| spatiotemporal(A| &7 sequences
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Appendix




Appendix

Qualis

B1
B2

This conference ranking has been published by the
Brazilian ministry of education and uses the H-index as
performance measure for conferences. Based on the H-
index percentiles, the conferences are grouped into

performance classes that range from Al (=best), A2,
B1, .., B5 (=worst).
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