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A study of Chinese speech recognition based on bidirectional recurrent

neural network

LI Peng YANG Yuanwei GAO Xianjun DU Lihui ZHOU Yi
JANG Mengyue ZHANG Jingbo

(College of Geosciences, Yangtze University, Wuhan 430100, China)

Abstract: Within deep neural network (DNN) models, the hidden layer can be set up multi-level, adaptable
to complicated problem, but the node connected between each layer is independent of each other, the structure
characteristics make it impossible to use contextual information in the speech sequence to improve the effect
of recognition, and while a traditional recurrent neural network (RNN) has made the improvement, but only
to use the above information. To solve the above problems, the bidirectional RNN (Bi-RNN) model and DNN
model were combined in this paper, which can simultaneously utilize the context-related information in speech
sequences, and apply them to speech recognition. A model with five hidden layers was constructed, in which
the third layer was Bi-RNN structure and the other layers were DNN structure. The experimental results show
that: compared with other models, the model with Bi-RNN structure improves the recognition accuracy. Noise
plays an important role in Bi-RNN Chinese language recognition. In particular, the training set and test set
have different types of additional noise. After adjusting the number of neurons in the hidden layer in the neural
network model, the recognition accuracy does not always increase with the increase of the number of neurons
in the hidden layer, but decreases after the number of neurons increases to a certain extent.

Keywords: Speech recognition; Deep learning; Deep neural network; Recurrent neural network

2019-03-19 Wkd; 2019-11-28 Ef

LA BOE T RFEATE R R R B (Q20181317), KIT K2R AE QI AL EE 4T H (2018012), b3 Bl M i [E 8 il 2 th 35 2 )5
H AU R EEETH (2017NGCMO7)

YER I 2505 (1997- ), 55, PGS, ARMES:, BFF 7 & .

TiB{E/E# E-mail: yyw_08@whu.edu.cn



$39% W3 2L

BT WA AN 22 I 255 (1 1T T 1R A 465

il

0 35l

HE AR EVL RSN PIE S, Ba
WS B OUARE B BEE BB B ARFIN T
REFEAR B KUK R, 18 B R 0l B 328 v FH 1) %> 40
A, PRI AR O R RIE F B R B2 B AR . Ry
5, Googles Microsoft~ BF R K B EEA A, &
FrARAETE B R A BN BRI, 41 HAH S 1Y
S AR SN o T RO B AR g — 2P A
HEEE BRI E

T TR A SR 9T d B AT DLIE ) &2 20 2
50 AR AT&T VURBE LR %M L E 1) Audry &
G T 1] B AL AR, B A% 6 10 A 525 757 5 4] g
TR A 1E 60 A ARHE th () Z) 2 I (8] B4 (Dynamic
time warping, DTW) J7 i U, 5 %k 7 AR
[F) < B2 5 400 B 5 Il @ B S O R
E— MR R, BTN 53 BT R (Linear predictive
coding, LPC) #4 JE N 2, DTW A g2, 5
BEIE B, Be 5 /R B R B8 (Hidden Markov model,
HMM) Bt 42 th o B3 HMM SR AN 58
3, TH TR AN JER R (R ASEAR TG TC 14 7 925 A R
B 1) 5 3% 31, 3 HL LA HMM A 6 R Oy 3 R 7T
JriE WL g, N TAE M4 (Artificial neural net,
ANN) 3% #i4 FH 38 2 R (70 e B, DR
I . Mt RS (61 SR ANN HEAT 45 35 1R 51 ) SR
T, 45 T SR AR TR 5 R AIE 2 ORT BRI 22 I 2% 1Y)
SRR, e BAAR R Sl g s T ANN R 1) sk H
o (EAE G ZE N 25 A B th A7 A2 75 SR B AR U
A7) 8. 2006 4F, Hinton 45 71 42 H 7 ¥R B 2 T (M
oo UbJE, WREESE 21 DM RG34 B 3195
H AU, FTE 7 HMM B3 S R, foC i
Ft 7R TG A M S SR R ARG, R
B 7 SRR R 1 S P R A 81

TEIR L% 2] R INEE S, e ) N A2 1 &
W0 B A A2 R B B S W 4% (Deep belief network,
DBN) ), e % % ft 28 ) 4 338 4T T I 25 LAk 21 4
BEARNRR T [ 20 R TS IR BE #4228 (Deep neu-
ral network, DNN). & ## £ % 2% (Convolution
neural network, CNN) FIfE#H22 [% 2% (Recurrent
neural network, RNN) Z&AH 4k ] tH, iX 5] & T AAlT
Xt 35 A 2 WA FEATIR AT TE o AT R 100 4 H 3
+ DNN 9 Il 2518 B2 A 8¢ T CNN B RNN ) 5 R,
SRT A FH DNN #EAT 15 5 TR0l 20 K g R i o Ho

85 B B 1] . DNN R CNN X 46 A\ ) 35
ARAE 5 1 S S A BT AE O ] e, B LA T 5 0 A
I ) A B A B AL B R 7). RNN ERS & =
TEAE IR 4, & Rl 8 SR AZ 38 7 41 B
IR B, £ — @2 E 50 Ik DNN A CNN [k
po U B FTEVA 20 7 51 A R SR SAE B . B
J&i » Schuster 2 V2] 45 H XA fiF A4 22 9 4% (Bidirec-
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Fig. 3 The structure of RNN
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Fig. 4 The structure of Bi-RNN
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Fig. 5 Flow chart of experiment
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Fig. 6 Schematic diagram of model structure
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Fig. 7 Loss function of two different models
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Fig. 8 Recognition accuracy of two different models
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Table 1  Experimental results of two
models
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Table 2 Based on the experimental results

of different audio training
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Fig. 9 Audio spectrum with white noise
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