F9% 21 g2 g it E M 5§ K A
Vol.9 No.2

2019 %53 A

Intelligent Computer and Applications Mar. 2019

X EHE . 2095-2163(2019)02-0135-08 FE4 %S TN912.34 XkERER: A

ETREFIMNEFTRINTEAR

BB e, Z=meig', x| Z, BRATAEC, MEk=ER, B &
(1 2R IEAMEERAFERELERS T/EL, BR/RIE 150090;
2 ERTIASEEETIREEARFAR GO (BETERRBERAT), KBRIE 150090)

B O ASCEENG TR I AE T REOR B A s AR B, B R H Y, 3l e R A ) BOR ST R
B TS AT SRR o HOR R 5, AR S B e o e TR B2~ ] T 5 IR B D7 i S, 3 3 U B R T
b MR A B g IR E TR OB EOR 1 R

KA U RIESE ST IR 4

Research on speech recognition based on depth learning
SHAO Na'?| LI Xiaokun'?, LIU Lei'*, CHEN Hongxu'**, ZHENG Yongliang'*, YANG Lei'">
(1 Heilongjiang Hengxun Technology Co.,Ltd. Postdoctoral Programme, Harbin 150090, China; 2 Engineering Research Center Of
Smart Media, Heilongjiang Province( Heilongjiang Hengxun Technology Co.,Ltd.) , Harbin 150090, China)

[ Abstract] The paper mainly introduces the history and development of deep learning and speech recognition technology, and
elaborates significance and purpose of the study. The acoustic model is established by deep learning technology to introduce the
development prospect of the speech recognition technology. In this paper, based on deep learning, the research could improve the
efficiency and the accuracy of speech recognition, so as to promote the development of speech recognition technology.
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Fig. 2 Convolutional Neural Network Model
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Tab. 1 Test results of the sentence correct rate of the main algorithms
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Fig. 4 Iteration number change graph of LSTM correct rate
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Fig. 5 Iteration number change graph of CNN average penalty value
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