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Abstract: In order to solve the problems of high prediction error rate and poor generalization performance with
traditional convolutional neural network in Chinese speech recognition, different convolutional layers, pooling
layers and fully connected layers on DCNN-CTC are analyzed in this paper. Based on the above model, two
kinds of acoustic models referred as MCNN-CTC and SE-MCNN-CTC are proposed, respectively. With the
combination of the advantages of MCNN and SENet in the latter model, the deep information transmission
is reinforced, and the gradient problems can be effectively avoided simultaneously, the extracted feature maps
can be adaptively recalibrated. Compared with DCNN-CTC, the research results show that SE-MCNN-CTC
not only yields a 13.51% relative PER reduction, and the final PER is 22.21%, but also the generalization
performance of the improved acoustic model can be improved effectively.
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H 2015 & 155 (Automatic speech recognition,
ASR) £ AR 72 AWLAC B — TG FER, 485K,
B TR 2 BE RN BRI T s R
U2, SR AN NS B R R R R
gi Bl M. 25 Rk, B EAD B
P T UM R AR R R ) T, R U7k
RECTHEFE J 238 (1) BREEM A I 25 -Fa B /R RHR
#52 (Deep neural networks-hidden Markov model,
DNN-HMM) & 224571 (4] (2) 35 335 (End-to-end)
B R 7R AR AL BT

DNN-HMM J& X e i i G 570 - e B ZR R KA
4 (Gaussian mixture model-hidden Markov model,
GMM-HMM) K4, B DNN AR E GMM K4 iE
B SR R ZE 20 AT, TRAN T GMM GG & REE
HEBLAE A AL B (6], Li 25 7 45 Ff DNN-HMM
B GMM-HMM 5 #5113 TR P RE 15 51 2 2%
LT s Peddinti 45 (B 42 Hy 7 —Fh 45 & I 2 41 45 )
%% (Time delay neural network, TDNN) 5 K %7 f
e 12 M 4% (Long short-term memory, LSTM) & 2%
B, Hon] 25 4 v A R R A U AR R

SR, W2 —A> DNN-HMM R Giid f It A &
24, I HAAY P4 95 AR R B AR A 456 11,
M T LR RS, I3 im il & R0 R
gridFEAEw R, Har, amRimiE S R RaE
BA 3P E R T 7328 (Connectionist temporal
classification, CTC) #5751 101 i IR foft £ [ 2% %% 461
ML (Recurrent neural network transducer, RNN
Transducer) M) BL & K& F 7 & /1 Bl 1 (Attention-
based) #5112, CTC p F 2 45 ok 72 ) 2 gl )
W2 ik, T #4518 3 T BLSTM(Bidirectional
long short-term memory)-CTC X #i f& 15 & 1R 7 14
ITHEAL, METIREG REWAS 7RISR 4
R ks 14 2 F BLSTM-CTC-WFST(Weighted
finite-state transducer) ¥ H SCiE & IR A R4, B
B T N R H FR 7S S 2 4 RNN
WK S50, 2 E S E 2 HE 5 BB R, &
FRFH M 4% (Convolutional neural network, CNN)
Y F RO 3L R 0 B2 DA R b Ak S 4 4 1191, A

Rt R Ah 7 RNN 8 L, A X 5] T DNNL RNN
S5 2 BE R ORI 4 — AN BBy S, OF
1E B AR 31 116181 300051 20 1 1 S0 (290 S8 A g i 15
B2 AR Abdel 5 29 ¥k 45 CNN 5 HMM,
¥ % CNN-HMM W& & R G U 1 700 % 1 2k
Sainath 25 (21 5% F 7% B 45 B 4 48 X 4% (Deep con-
volutional neural networks, DCNN) i ] - 7 %45
79 U452 3 18 3h: Zhang % 22) 454 DONN-CTC
R 1 i 3 S 1 AR, BRUAS 1RO AT R A 2R
Hu %% 231 32 1 SENet (Squeeze-and-excitation net-
works) WX £ £5 44, X DCNN 25 4 $2 B R REE B 3F
T AR E , HET 2 i W9 2% 12 B

gx BRIk, ARSCE AR AN 5T DONN W 2%
At b, 4545 CTCHIK AL, ## DCNN-CTC
FREERERL . IR, A _EIRAE ARG B X DONN 2
FE 50 FE B AT HG N, M4 Hh 22 2% 5 B ph 0 I 2%
(Multipath convolutional neural network, MCNN)-
CTC 258 . e Jm » L5575 € SENet 5 MCNN 4
ZRAR M B IR FE SE-MCNN-CTC 15 35 51 75 245
AL, Fem i S bR B AR bl 7R S B A AT
B, B f 40 R B PR 22 22.21%

1 REERMEMEERERF 73

1.1 EFMEMLL

CNN FZEAFEEHE. L ZE R EREE,
5 22 (A e e e U = AR (15 CNN
ZHOM BT DNN LS RNN ¥ 4% 4844 75 31 8% K (1)
WA, FEAE— e R AT LA G B ) i 161,

B 125 T AR 2 W 2% P 118 25 R 1) A 2
R, HHE S EMSWE, KRB 2
IS A B REAE R 5B AT A5, 9 B Wi A%
B4 R 143 BN [F) A7 B RHAE s WAL E XS ar— )2
SR RFAE AT B KA, 5 — MR AR B S5 AH 4B R —
JZ A FZRRAE e — X . WAL 2 B R PR
FEEEAE 1T BIRFAE B 25 (R A AR AR AE , [7 B B G DX 45
2 55 18, MM RS R (1) fn=t (2)
Fr7s:

h) = O'(W(l) « hU=D 4 b(l)), (1)
R = fooo (D). (2)
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Fig. 1 The structure of convolutional neural networks

1.2 EERFSSE

CTC #& H Graves 25 [10—11] g7y (g —Fh i ¢ 2y
KHiF. CTC 545 T DNN-HMM 75 2 151 A
AN, HAS 75 BEAE T [ 4E RS b i) % R AR %8, N
T REAE R AT TR0 25 5, S Y ZRFEAK CTC B A
HET AR TG 5 AR 25 2 5, & FE AR Hb ]
T AR SRR AR . R RIS, CTCH
AR5 “blank” br2X] i - [0 B & S @ 15, &1L
B R Bk CTC LG & 7 41 gfe, HAR AL 45

Fatn & 2 Fis

K2 DCNN-CTC 2R £ g 1
Fig. 2 The structure of DCNN-CTC
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WHREFI X = (v1,29,- -+, 27) RANFAT
W IE B R AE, 28 I P 4 I 46 i H 1) A i 1 0
ANY = (y1,y2, - ,yr), H T CNN Hith {4 b8 2
AEAE, (E13 720 K Bt AT = nT”,
n A& A TE S R AE BN 1A B, ok
yi = Wiy, yb ey, mIO IR T B
Yl N MU kAN BT E . W E RN T
F X, ¢ 25 kAN BB TG B A 42 N 2% softmax B
i e MR A

exp (yF)

Pkt X) = ——2 )
> e (o)

3)

H1 20 (3), ARURAS B T it o 508 B 14 S A B T )
=R A -

.
P (x|X) =[] P (melt, X), (4)

38 (4) 5, R U T Fr B 1 B 42, 3k 2 A
S REBE 2 HOMEs tTFm 5y MM KR,
NE 5 BN R R 8, e (5) 48 B B A X B
FRELF 51 R

Pylx)= Y  P(xX). (5)
TeY~1(y)

= (6) IS 45 E H AR v+, 13 B 5|4 CTC 7
2 PR I Y ZRA BT PR CTC 53 A 15 Pl &5

FIE A H SR I
CTC(X) = g (PIX).  (6)
H AT CTC fhs £ 2H = i KBRS . /T
AR LA R R D01, i K BB AR S B E 3R
AR BRI 2(2 < mom NEBLR AL %%
PR N IAR RS, To e T 18 S B SRR IR AR,
fife b ik AR R L 5, 3K (7) s 2N (8) R HAT Lt 72,
Y AR 25 R

n* = Argmax (P (x]X)), z<m,  (7)
y (). (®)

2 BHEWINENLE
S, AT K % T VR 77 I 2

BEATORAL, «HR IR R P R SR ECE e 4
il BRI LAIE 2158 A 4 2 Pk g 16181 KT, %
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TR E CNN B FLEAE A B = o R, ASCHE BB
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speech recognition based on multipaths convolu-

Acoustic model structure diagram of

tional neural network

1 G2 1R B 2 R 22 P 2% AN AE B 5% 70 32 B R
BB 5 51 T AR AR AE 24, l T 7 AU 2 4%
P, 3& A DCONN £E 52 URF AR IR 38 s 5 ZERF i, AT
Ber AR A R U AE R 2 . D9 ok Bk ) R, AR SCHE
T Z BRI %, BIR A 3 KA R4 35
I PREHUTE 5 3 SIRFAL R Ah 182K 70 SCHR HURFAE (14

AL, BRAR T TR AR R 0 L R ARl 2 R RS

&, K = A% % (Back propagation, BP) 5k
SR AT GRS B0t AT 1 B (9]
MCNN S5 BUE & 8L, 45 50 T8 22 501 (1)
N F 3 2 AN F 4 S DCNN H, BEBELE IR B[]
& B 2% (1) L BLRFAE, SOR]AE B8 B 7 ] I8 A [F)

26 B St R AT AR M R 38 5 RFAE , IS 2R
FRLE R FE R, AT A 15 W9 2% B A AL B A9 & 1
fig 119 24), B Jr 0 R IR e R RE AT D, 19 51 4
P HIRIE PP 51 -

H' = Concat (i, hl, hl) 9)

17 J)

2 (9) s kb 73 RIARER 3 AN FISCEE SR g
k ik HFE K, Concat(-) BER /R PHERHIE RIS 2155 1
EHREHER HE
2.1 SE#&EHR

Bad, X, RpRxM BN RERE R, X,
TN 3L SENet £ B4 5y tH R AERERE. H WL C
I RN FFE R BRI =45 B Fag ()~ Fox (W)~
Fscale(', ) %%U’fﬁi@ SENet W%BNET@, i‘l‘ﬁ’&ﬁﬁﬂ?-

1 H W
e SN i), (10)

Ze = qu (uc) =

i=1 j=1
5= Fey (Z, W) =0 (W2f (le)) ) (11)
Xo = L'scale (uca Sc) = S¢ * U, (12)

Hodr, u, ARG BRI IEHE c MRHIE; 2. Bon g
T4 JR S 3 AR AR e S B ¢ N FRIERLSS; o () R
71 sigmoid WUE R s, RANE I R IEHZ 5 M M
FRAE BT B AU s W« W 20 IR R T 2 i 12
B HBUE R, Hd Wy e R W, € Rexe/7,
Hrpy N — BN SRR, il Bk
TR, f0 2K 1 38 A9 SRR AE Pt I (A 2B 1251

2.2 SE-MCNN &%

255 F ] SENet 5 MCNN & H e, fzd 7
SE-MCNN-CTC #&4¢, fifi A SENet #4714 X} MCNN
PRI RRAE AT ME 2 E AR, TR A& M S H0E
18/> MCNN BBYRFE TU RIS - SE-MCNN #5284 41
Bl 5 Fiom o

B4 SENet f845#E
Fig. 4 The structure of SENet
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Fig. 5 Structure diagram of acoustic model for
SE-MCNN-CTC

{1348 L 952, SENet B 5 MCNN B 45 &
FEEA =R (1) AR M2 R A B s AR LML,
A CLSE G AL KAl (2) T @ v B 4
JEER Y AR R, SR THE Y KU BE T 1 )
I, BRI 7 SENet £ 70 vh 4 i 4 Jo b 22 T 4L
H s (3) 381X 4L B AW A AR E , foe KR L A
JHRFAE B 45 B, /N5 TU AR () 40 6t (261

3 ZWERESH

3.1 IR
RSSO SR N TE R K IR Z0 30 h
4 £E (Thehs30) 1AL 5T iR B 2 & 1 U5 1 £
150 h 71 321 5 $ i 45 (ST-CMDS) . FH Thehs30
A ISRy 50 UE 4R DA K 4R 43 Sl D 10000
A, 893 F) LA K 2495 f); ST-CMDS i & H 5 £ 3%
102600 £, FEYIZRBT Bk FH SCHk [27) %5 #1447 %)
435 WIRR AR SR VI ZR A L SRR 4R UL R R 2 TH] 2
TS
3.2 ZLKFEE
S BT RE ARG & O 17-8700K Ab#E 25, 32 GB
1247 WAE, GPU & K N NVIDIA GTX-1080Ti; #

32 47 3455 64 7 Ubuntul6.04 £ 1F R 4 T 45
H) Keras+Tensorflow VR JHEZE

3.3 HHETRALIE

ZC LA 25 ms. WiFE 04 10 ms $2 BT 7 5
1615 B o Hr, Thehs30 HiE S 4L HUE L E] (spectro-
gram) NN FFAE, 3200 4E; ST-CMDS 47 42 LA
FBank(Filter Bank) /£ 5 & f4 A RFAE, b3
—Br. B ES G E, B PHE 28, 3L 360
Yk 72U ZR B Bk BUSE M 3 8 A4 5 (Adap-
tive moment estimation, Adam){E {1 IL fb
s LR BN X AN [ S Hh SdE B 5
B, T EL B 05 00 25 U S5 29 7E 4 )2 5 A
JZ 2 JE s Itk 3 —1k (Batch normalization, BN)
Xof I 28 v (KR R AT O R R, DL i D 45 1)
YIGRE EERIZ AL RE 7y B0 FE AL 2 2 A8 T 25 7 1k
(Dropout) B LA A5 225 Hh B A 9 26 (1 3 400 25 JRU G
WG5S 212 BN 1 x 1073 TERORBY B, DARE LA
& B 592 (Stochastic gradient descent, SGD) 1
RSN A, I 50 B B /N ) 2 ST AR A A X 4%
FE IR SARAL S R e, Ol ST R E N1 x 1077,

XS 2. B 4 s A S AR R S RO AT I
B, Hd [3x3 x 32k] x m B R 3x3 BFIZY)
REH R 324, A — MR, BRZECE
s X TEEZEERZ, Wm = 2, G50
m = 3; 512-1422 RKon i Ja EEEE AT A K
N 512.1422.

MOCNN % i T 596 BE I G S M E £, N
I, # MCNN %2 9 48 BUZ 80 H A BT DCNN i
N RASRIR R FIRSEOR B RIS AME K
EEpCie S e A AVNIIEAR TR SRTTHER T ESSEA W=Ai]
W2 AE Z RO E LT, MCNN AL 72 A 1 1)
TCRCM, Pt B AR RN SR 1 B .

Fz1 ENHMENERESHER
Table 1

configuration parameter information

Convolutional neural network

BiRLE)  DCNN-CTC ~ MCNN-CTC SE-MCNN-CTC
HBRZE [3x3%x32k] xm [3x3 x 16k]xm [3x3 X 16k]xm
SENet #7114 — — SE(16k/~, 16k)
bR 2% 2 HORMAL
R 512-1422 512-1024-1422
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3.4 WS

R 56 IE $2 HY ) MCNN-CTC LA K SE-MCNN-
CTC 75 21 R (1) PEBE, 7E Thehs30 LA & ST-CMDS
EAE 7T I b B B Y R M
3.4.1 Thchs30 SLIEER DR

T S A 1Y 9 B AR R 0 7E Thehs30 34 42 i
A7 7E AR T SRNG, 2398 SCHR [32) F A48 IR 45 A5 A
RIERHTIEEIZ, HBCE CTC k%, Mg
T DCNN(7)-CTC 54, (£ FIk A 22 AR AL LAl
b MG RS H 28 EF 9 2, AN FEEZE
H H X 2R R . B2, DONN-CTC j5 244
RS 2 Fros, FsLie g Rk 2 fros.

2, %f b GMM-HMM LA & DNN-HMM [
SER AR, b @R TN E R, &SRR AET
BRSBTS, AR R
#; DONN(7)-CTC FKon i A B HUEHH N
72, £ 2 AR T DCNN-CTC T 75 2 A )
AR, T H AT 15 HBEE CNN ERFERIN, R RAE
AN AR, 528 DCNN-CTC 4% % % 5 25.42% .

#*2 DCNN-CTC EZEERLHLER
Table 2 The experimental results of
DCNN-CTC acoustic model

PR BRI SRR WIAERRE /%
GMM-HMM[27] HE — 30.53
DNN-HMM[27] HER — 25.16
CNN-HMM/33] H® — 24.10
BLSTM-CTCBY  ##& — 25.35
DCNN(7)-CTC B 1.95 M 26.65
DCNN(8)-CTC Rt 2.10 M 25.66
DCNN(9)-CTC B 2.25 M 25.42

%3 MCNN-CTC 5SE-MCNN-CTCE*¥
RBISLIG LR

Table 3 The experimental results of

MCNN-CTC and SE-MCNN-CTC acous-

tic model

AR BIERIL R WRERIRE /%

MCNN(7)-CTC B 4.77T M 23.43

MCNN(8)-CTC =ail 3.61 M 24.85

MCNN(9)-CTC B 3.72 M 25.18
SE-MCNN(7)-CTC & 4.82 M 23.05

3G T A SCHR 3 o 7 2 A S B 25
F, Hf MCNN(7)-CTC &7~ MCNN Z #8725
SENet 1 % 75 7 J2 MCNN # 8 _E 347 o ik, JLrp
SE-MCNN(7)-CTC Il Zi 0 Il 25 ith 2 1 5] 6(a)
5K 6(b) Fior.

180
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Fani
< 100
K
= 80
60[
40+
20t
0 1 1 1 1
0 10 20 30 40
e/ W
(a) Thchs30 kAR LML
19.5
19.0
18.5
= 18.0
K 17.5
55
17.0
16.5
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15.5

0 1 2 3 4 5 6
INZRER /W
(b) Thchs30 fiEIA L Hh
K6 Thchs30 L4545 AR 26 P
Fig. 6 The loss curve of Thchs30 dataset

Zi L Arik: (1) MCNN(7)-CTC. MCNN(8)-
CTC LA K MCNN(9)-CTC #H#;F DCNN(7)-CTC.
DCNN(8)-CTC. DCNN(9)-CTC 35 7 4 % 5 4 5]
AR FEAK 12.08%+ 3.16% LA S 1.89%, HI b 7] LAFS H
MCNN-CTC 5 % B8 FH% T DONN-CTC j 2 4
TR R B 442 (2) SE-MCNN(7)-CTC 75 24 R 7 22 8
PR XT38 N 1.04% , e 24180 45 FAHEL T DCNN(7)-
CTC 4% AN P 13.51%, fl A\ SENet 5 7 )
FE AR R RO T
3.4.2 ST-CMDS SR DR

N 56 IE MCNN-CTC LA & SE-MCNN-CTC 7
BB 2 A Re ), & HUThchs30 £ 48
£ F DCNN(7)-CTC. MCNN(7)-CTC LA X SE-
MCNN(7)-CTC =AY 7 54 B AE ST-CMDS
B Lk — i, W 7(a) ME 7(b) 45k R
PR S oA MR E AR L. nT LR
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i, BEE ISR S 3G, 75 S AR I s U

SH, e A RARL I/ B ] YE EE Y . DCNN-CTC

B YN E 19 A4, MCNN-CTC A B# % 16 it

T, &t 5 ) SE-MCNN-CTC /] L /N & 14
PLR, iEB SE-MCNN-CTC % 4£ 4i i) DCNN-CTC

S MCNN-CTC fig 5 b Hh Il 2R JZ AR DL R b IR A
YREME I S 75 AR R I 1

210
180 —— DCNN-CTC
MCNN-CTC
_ 150 —— SE-MCNN-CTC
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Fig. 7 The loss curve of ST-CMDS dataset

H %4715, MCNN-CTC # % T DCNN-
CTCZH B2 T WM AWM, il
A B AR 13.60%, 7 56 10F 45 A0t 4R 48 R R 4y
S AH X PR 3.94% 3.49%; SE-MCNN-CTC #H %
T DCNN-CTC 7£ 55 uF £ A1 I i 4R i 1= 22 05
4.11%+6.68% FIAHXS BFAR, £ R R A K

#*4 ST-CMDS HEEMIILER
Table 4 The experimental results of ST-
CMDS dataset

EralleS Wik

R PUARE i i
DCNN(7)-CTC 7800110 23.86 23.80
MCNN(7)-CTC 6738014  22.92 22.97

SE-MCNN(7)-CTC 6767342 22.88 22.21

A S HE T MCNN-CTC #1 SE-MCNN-CTC
9 oty 1 o 7S 2E A, OF Hom o oK & R SRR 50
UE T 7E SRR R R DL AR RE, R
/I

(1) PLE 5 A @R T @ 7 DCNN-CTC /A
SRR, BOAIE T T S AR R

(2) $#2H T MCNN-CTC 7= 2548, AN{E7E R
W% R AR T DONN-CTC A S 7ok
(I REAR, T EL B B iz A e

(3) fihA 7 SENet 5 MCNN £ 74, $2H T SE-
MCNN-CTC 75 2= 458 7, Gl i R AE @ 18 & N E b
S8 WEVR/NFFAE TUAR (R RE A, SCSEIRL T s 270 2 R
it — LSt .
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