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Mongolian acoustic modeling based on deep neural network

MA Zhiqiang, LI Tuya, YANG Shuangtao, ZHANG Li
(School of Data Science &Application, Inner Mongolia University of Technology, Hohhot 010080, China)

Abstract: Considering the difficulty of using the Gaussian mixture model (GMM) to adequately describe the correla-
tion and independence hypothesis of the Mongolian acoustic features in the acoustic modeling of Mongolian speech re-
cognition, this study investigates an acoustic model based on deep neural network (DNN). Firstly, using DNN, the in-
ternal structure of phonetic features were classified and learned to extract the Mongolian acoustic features, and a DNN-
HMM Mongolian acoustic model was constructed. Secondly, a training algorithm was designed by combining unsuper-
vised pre-training and supervised training tuning. In addition, dropout technology was added into the DNN-HMM Mon-
golian acoustic model training to avoid the over-fitting phenomenon. Finally, a comparative experiment was conducted
for the GMM-HMM and DNN-HMM Mongolian acoustic models on basis of the small-scale corpus and Kaldi experi-
mental platform. Experimental results show that the word recognition error rate of DNN-HMM Mongolian model was
reduced by 7.5% and sentence recognition error rate was reduced by 13.63%. In addition, the over-fitting of DNN-HMM

Mongolian acoustic model can be effectively avoided by adopting the dropout technique during training.
Keywords: speech recognition; acoustic model; GMM-HMM; DNN-HMM; supervised learning; pre-training; over-fit-
ting; dropout
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Fig.1 The Mongolian acoustic model based on DNN-
HMM.
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Fig.2 The pre-training DNN-HMM process for Mongoli-
an acoustic model.
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WA R o, BOREAREL T, T2 20
B L; F R Z NI BRI N = (0,72, -+, nt);
YN ZREHEH% mini-batch %505 175 xo, H j =
(1,2,--- ,Max), JFFIKIE Max.

MWt EEEEAEW, =12, L) AR G
b,i=(0,1,---,L),

1) Ihs Ak A Z R e & ;

2)Foriin 1 to L do;

3) WIhHfk wi=0, b' =0;

4)Fortin 1 to T do;

5) For j in 1 to Max do;

6) mini-batch = X/ ;

7) DNNUpdate (mini-batch, o, W/, b, b'™");

8) End For;

9) End For;

10) End For;

H:r DNNUpdate 59 5% FH 248 ML X6 H iR B3
7 (contrastive divergence, CD-K), EL {4 UL CHk[ 7]

3 3 72 T W B PRI R332 P LAAS B e g A
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W UIZREE set, HiL & K/ batch_size; 22>
o, THIRKEL epoch,
i MBEAEIBEL weight,
1) weight«<—initWeight();
2) Forj in 0 to epoch do;
3) batch«—randomSelect(set, batch_size);
4) weight«—getWeightFromMaster();
5) AW «—miniGradient(batch, weight);
6) weight«—weight- @ * AW;
7) End for;
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Table 1 Experimental environment

S| SR
BAERSE Ubuntul4.04
R IRER 15. 4x3.2 GHz
GPU & GTX 660ti 2 GB .17
fifi SAT fifi#% 500 GB
Kaldi 0.9 fiAs
CUDA 6.5 hA
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Table 2 The experimental data of Mongolian acoustic
mode from GMM-HMM and DNN-HMM
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g ML

TR IRR /%

Pl SERlE S

=

PR

HET GMM-HMM 1432 4734 4171 753
BT DNN-HMM 548 362 928  57.42
=% T GMM-HMM 586 332 3074 60.39
=% T DNN-HMM 453 257 1144 46.76
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Fig. 3 The experimental results are compared with the GMM-HMM acoustic model
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£ 3 =FF DNN-HMM EZF#E3! F dropout L&
Table3 Dropout experiment on Triphone DNN-HMM
acoustic model

REE EREY% FVFERAE %
PR N o ; o
B UIgaE kg JIgE e
4 4.53 25.7 11.44 46.76
=5T 5 4.49 26.4 12.19 49.02
DNN-HMM 6 3.23 45.7 9.81 66.23
7 2.11 56.92 7.2 87.92
e 4 4.67 26.1 12.27 4498
SHT
5 4.49 26.4 12.19 47.02
dropout-
6 5.27 29.34 15.33 48.21
DNN-HMM 7 8.32 33.8 19.1 51.08

N T FRS A R, A SCE LT —A
PR A A R, 7RIS R, A TR R
A IR A AR b Bl R PEAT FIWT Y, 24

54.81

P [m DNN-HMM
1m dropout DNN-HMM,
s 4238

21.43 21.91
.17
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4 5 6 7
FERERZ
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BARAEVNZRAE RO R AR 5, i AE A L iR
FPRARACHS, AR A, w2 s iz A 25 7™ 5 11 40
EIE, TV AE R EE AT 18 b AR
FEYNRAE AN FE AR A 22 (B A0 4 XHE SR 6 o 48
BIGINERRE, B, B e it e SR
BRI LA B = BRI B PP FeAs—
FERIZE MR AE LI VPAN FR AR o)
M 4 T4y ha] DLk B, 7E AR dro-
pout FEARYNZ1S ) DNN-HMM 5 1l 15 75 2 4 1
o MEREE M EEh 4 ZR0nE 7 )28, XA
TSRS BE B 21.17% B KB T 54.81%; X}
AJRI G LA BB M 35.32% MK F T 80.72%.
AL ] LA, BEE B J2 48 2 B0 14 i, A5 Y
B A L I R OR R R, 3 48 BE S 1) R R A
DNN [ 4544 8 () 5 1y 1 2R AR B 2 P e UL
JB2,, DNN-HMM HY 32 gl 23 o ik 22

—_
(=
S

B DNN-HMM

dropout DNN-HMM 80.72

Xof AU A FEL B FE RS %

4 5 6 7
BREENERZ
(b) XFAIP A i 5 R

El 4 dropout L AFEEEEEXT DNN-HMM #8534l & BB B 2200
Fig. 4 Influence of dropout technique and hidden layers on the over - fitting distance of DNN-HMM model
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