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Attention mechanism based TDNN-LSTM model and
its application

JIN Hao, ZHU Wenbo, DUAN Zhikui, CHEN Jianwen, LI Aiyuan
(Foshan University, Foshan 528000, Guangdong, China)

Abstract: With the development of big data, speech recognition technology based on deep learning has been quite
mature, but under small sample resources, due to the limited relevance of feature information, the modeling ability of
contextual information of the model is insufficient, which leads to low recognition rate. To solve this problem, a timing
prediction acoustic model (named TLSTM-Attention), which consists of a time delay neural network (TDNN) em-
bedded by attention mechanism layer (Attention) and a long and short time memory (LSTM) recurrent neural network,
is proposed in this paper. This model can effectively fuse the coarse and fine particle features with important information
to improve the modeling ability of context information. By using the velocity perturbation technique to amplify the data
and combining the speaker's channel information features and the lattice-free maximum mutual information training
criteria, and by selecting different input features, model structures and numbers of nodes, a series of comparative ex-
periments are conducted. The experimental results show that compared with the baseline model, the word error rate of
the model is reduced by 3.77 percentage points.

Key words: small sample; attention mechanism; time delay neural network (TDNN); long and short time memory re-
current network
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S, B GHAERLEERAE, 7850 5Em LSTM #if2
I PR KT B 77, T 45 & To itk i K EAS Bl
x| (Lattice Free Maximum Mutual Information,
LEMMD X B AL AT I 25, DABG RIS bR SO gt
HifE
1.1 {RBIEERGe4

TLSTM-Attention I ILH 8 JZ&5MH K, F
B I GE M A AR . KR R CAZ R 4 A DL K
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Fig.1 Structural diagram of TLSTM-Attention model
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Fig.2 The structure of time delay neural network
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Fig.3 Internal structure of LSTM recurrent network
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Fig.5 Improved lattice-free MMI modeling unit
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JEERECN tanhe [ 15 ML R SCE O, RWIEEE
40 % MFCC $HE, FLit 600 ZEHFAE A AE N MZ%
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ANEZ, =M. B RBZEES 256 N1 A,

WORRECN tanh, Z7RAL0}, (-1, 1}, {-1,
1}, {-3, 3}, {3, 3}, {-3, 3}ECEHITHFH
e, HA {0V RRABATI PPHEE, (-1, 13RS
R ZI RIS A — W [ e 5 Wi R SCE
FEMIHRAL 40 4E MFCC Rk, it 200 4E5FIE ) =
EAMGEIN . (3) LSTM 7 SRR A5 /5 it
2, —MNMaNE, — MR B RERE S 256
AN, A S WU SRE R S WAKRGR, =
ANBREUZE A BRSSP EON tanh. [E5E 3
MR SCE 1, 3t 120 4ERFAE B AR N 2 HN
(4) TDNN-LSTM A& AN E)ZE, — MaANZE, —
M Z . B ABREBZ RS 256 M AT
TDNN, [z 5 Wi L F3Cir, Sifei 40 4k
MFCC $#E, it 200 4ERFER=. 265 2. 4 fil 6
a2 A LS 256 N1 A LSTM, BB 5 i
I E R 5 WiRKER. HE=EMELER
TDNN (22, EEGFEN{-3, 3},

e 1 N SRV J5 5 TEAS [F] 40 28 W 265 1) 7 2 A
iR R, N a Rl E W,
TDNN-LSTM-Attention 73 2] 1735 5 14 & B &AL T
HL2E DNN 7Y, R, M 18.20% T &3] 15.06%,
SL6F W, 3T TDNN-LSTM-Attention [ 75 245 7
RES A A MR R SO IR

%1 FEHMEMEHITERENLER

Table 1 Comparison of word error rates between different
neural networks

L Ry /%

DNN 18.20

TDNN 17.16

LSTM 17.36
TDNN-LSTM 17.01
TDNN-LSTM-Attention 15.06

3.2 ETFFEH#H80 TDNN-LSTM 1EBIEAR[E]
EMEL TSRS
321 ASFEBREAS ORI A LR s
FEASLG S, Z351%F TDNN A1 LSTM #4 / 28 A
I Bk 2 AN B S B A T ke, HREER
WK 2 Fomo SEXGH 4y A B R Z 0N 3. 4.5
M6, FAEEBUEME 256 NS . 4R E A5
N3, 52 2N LSTM Bl Z: L2 40N
4 BF, 55 3 y LSTM Bk )2 MBREE N 08 5 B,
3 ZME 5 2N LSTM R0 2 . 40 2N B0
6 1F, 232, 6 ZNLSTM BZ, HREY
& TDNN [&kJZ2 . i, f$H TDNN-LSTM-6-2 %
7~ TDNN-LSTM % 6 NBREZ, X 24107 B ZI 5T
S PR AT B RAE
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Table 2 Comparative of word error rates for different
numbers of hidden layers and nodes

K24 R R AT R L Ry /%
3 -1, 1} 17.16
4 -1, 1} 17.27
4 (-3, 3} 17.15
5 (-3, 3} 17.12
5 (-2, 2} 17.05
6 (-2, 2} 17.11
6 (-3, 3} 17.29

SEERZE Rk 2 fron, Hid TDNN-LSTM f& )2
#0495 I, TDNN FERFET RECE A {2, 2} B
SERAR BRI SEIR 45 R i, B IRE N 17.05%,
EjRE2% DNN BAME LUPEAIG 1.15 DN E Al SEEER
BH, i B2 AN B0 N B2 A, B
AR R R K. X AR R & 2 HOR 1 2S5 1
I, #A48 TDNN-LSTM 7E I Zrid 72 nl DR TS BE £
[ K BE (A ) B R SCoRBRAR R
322 AFENEREIZEE RS

A% S5 06 P L TH 92 36 o 3R B 8 45 () TDNN-
LSTM-5-2 HRANFEUE, BIRIEMEE AR, XE
B2 E AT B 5T L sE6 . SEie R
SRR ETESEECN 1. 2 3. YEEJIEAN
NLE, FERIBEAEWAMIELSW, 1-3 Fonnl
B 1 ANEBRNZEEN, BT ZB8E 3 25 16
TR 1 ANEE 2450, B TR 6 2.
MYERSZNECN 2 W, TR JIE S AL TR
%382, F2-3-8 Bam. HIERHENEN 3T,
HERESZ 0 TR 3. 64 8 2, F 3-3-6-8
FRo

SIS EE R 3 B, MEEJIENECN 2 B,
Bl Attention2-3-8 [ 4% 45 ¥4 15 21| A S2 U6 45 TR 5 b,
FAES R RN 14.83%, 5L DNN ARALH EAH X
BEA 3.37 ANE AT . KGR, & SIRAERZ 8
A AR E R RCR . X AR R 2
REMS ST AFIE I 22 S0, 7 204 B ML AR BE RFAIE,
EYFEE NN S 2 RFEEEER
P, 38 RCEE 0 JE P B AR I S BUR B R AE

%3 EBEHENEKILERRMNTBIREN SR

Table 3 Comparison of word error rates for different layer
numbers and positions of attention layers

ERER | R RE Ron /%
1 Attention1-3 14.92
1 Attention1-6 14.95
2 Attention2-3-8 14.83
3 Attention3-3-6-8 15.07

3.3 £TF TLSTM-Attention 7~ [EJ4FH{ERY EL B SLIe

ASZEG UL 13 4 MFCC 1R N A4 N IR L Aty
fE, WRERBFIEEAT B 2 0 03815 3] 26 4E% 0
BRAEAT 1 4Ef5 MR 4L & 19 31 40 48 MFCC, |H]
P IN 100 ZEHT i-vector FF1EAE NI4T, FREL
B AE J5 X AR T S48 i 21 A0 R AL I 2 B 2
HEATH— AL, I8/ i REAEAS B R AL
Zr) e o I 2k B A 4L 5 TDNN-LSTM-5-2-
Attention2-3-8 1R, SZIG Lk ANk 4 Por.,

F 4 ATREIFZF4HIH TLSTM-Attention HEER)$E IR 2

g R

Table 4 Comparison of word error rates for TLSTM-Attention
model with different acoustic features

P ERHIE Ry /%
13 4 MFCC 15.73
40 4k MFCC 14.83
40 4k MFCCHi-vector 14.52

X 4 s BB R, T IEREFERG, &
YEff) MFCC REfS 5 47 bl & 5 TR & S MLl i
TDNN-LSTM #8781, Jf HEET 40 4Ef) MFCC $54iE
H i-vector FFELLE (1) ZHINFFE, fHA M4 M %%
A PASRECA [F] 5638 A HF A S 1S BT, T
FA NRFIEAE MR S BB AP R R . BERSAE
BEAKE P ES AR, R T R E
B I s i i a gk .

4 5 B

ARSCEFRIFEARTIRT, B T XA R
()] R, DA B ML ) TDNN-LSTM FIAR Y
RGO T — N ERIET EMES RN RS, F
I IS N 55 BARHIE, 456 LFFMI I 25k
M, AR BREIE N 78 i & 2 AT AR . SK
GLE LR, AL T DNN REEHA, FET SN
HL#I ) TDNN-LSTM AT DL 2 i - 0
HEREJT, FFHBFEm T s NS IEE BRHE, 78
R 2 T v AR T P U6 N TG SR (A8 & R A AT
LRGN Ao, R TEEATEZ MR
e R SCEEARL AR ) AR R R B R T i R
B, KT ] BB AR AR R IR RN
RIS RAT) T Bk VRN TR T

2 £ X W
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