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Research on Speech Recognition Based on Improved LSTM Deep Neural Network

ZHAO Shufang, DONG Xiaoyu

(Institute of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract: The language model based on neural network LSTM structure, the LSTM structure used in the hid-
den layer unit, the structure unit comprises a storage unit to store information for a long time, which has a
good memory for historical information. But the LSTM in the current input information state does not affect the
final output information of the output gate, get less historical information. To solve the above problems, this
paper puts forward based on improved LSTM (long short-term memory) modeling method of network model.
The model increases the connection from the current input gate to the output gate, and simultaneously com-
bines the oblivious gate and the input gate into a single update gate. The door keeper input and forgotten past
and present memory consolidation, can choose to forget before the accumulation of information, the improved
LSTM model can learn the long history of information, solve the drawback of the LSTM method is more robust.
This paper uses the neural network language LSTM model based on the improved model on TIMIT data sets
show that the accuracy of test. The results illustrate that the improved LSTM identification error rate is 5%
lower than the standard LSTM identification error rate.

Key words: long-short term memory ( LSTM) ; deep neural network; speech recognition



