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Research on Bidirectional LSTM Based on Improved Activation Function and Learning Rate

LI Jun', LI Ming', ZENG Zheng®, LI Li’
(1. College of Computer and Information Science, Chongqing Normal University, Chongqing 401331
2. College of Journalism and Media, Chongqing Normal University, Chongqing 401331

3. College of Computer and Information Science, Southwest University, Chongqing 400715, China)
Abstract: [ Purposes | With the wide application of bidirectional LSTM recurrent neural networks in speech recognition, image
recognition and sentiment classification, it has become especially important to improve the accuracy of bidirectional LSTM recurrent
neural networks. [ Methods | An improved bidirectional LSTM recurrent neural network is proposed, which greatly improves the
convergence speed and accuracy of neural network by improving the input gate and output gate activation functions in LSTM and
combining with the improved learning rate. [ Findings ]Experiments were conducted on different domain data sets MNIST and IMDB,
and the accuracy reached 99. 61% on the MNIST data set, which is 1. 172% higher than that of the benchmark bidirectional LSTM,
and 88. 08% on the IMDB data set, which is 1. 6% higher than that of the benchmark bidirectional LSTM, and on both data sets,
higher accuracy and lower loss rate are achieved with smaller number of iterations compared to the benchmark bidirectional LSTM.
[ Conclusions ] This proves that the improved bidirectional LSTM recurrent neural network outperforms the benchmark bidirectional
LSTM recurrent neural network.
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