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#E7F) » NER-clean(1.9 /NI » BB » fmzf:fl) - NER-other(9 /NiF » BB »
AR -

BRI - A F U AR RS - RAHECTE - BRI R (R NE) ~ B ERAEAY ~ o
REEFEE S P B AERS ~ A S s

Abstract

In recent years, neural networks have been widely used in the field of speech
recognition. This paper uses the Recurrent Neural Network to train acoustic models
and establish a Mandarin speech recognition system. Since the recursive neural
networks are cyclic connections, the modeling of temporal signals is more
beneficial than the full connected deep neural networks.

However, the recursive neural networks have the problem of gradient vanishing
and gradient exploding in the backpropagation, which leads to the training being
suspended. And the inability to effectively capture long-term memory associations,
so Long Short-Term Memory (LSTM) is a model proposed to solve this problem.
This study is based on this model architecture and combines convolutional neural
networks and deep neural networks to construct the CLDNN models.

Keywords: RNNs, LSTMs, Gradient Vanishing (Exploding), Acoustic Model,
Mandarin, LVCSR, CNNs, DNNs

1. 4&5% (Introduction)

A NI E (Artificial intelligence, Al{@ZR R Rl e AT EE FLAYRH e Sl st
AR EER =2 M —JORBIHVEGE » EFIEE S PRy s s TR -
FHINEEEPRSEOT 2 R S 22 B R B B DU NG S8 2 RN - SeRERau
—EHAE(Ruled-based) B HEak 247 5 (H2 NV AIGE S 82 —H V&L - 0%
R AR AESE R AL - 1% 58 e gt e5E2E (Machine Learning) iS5 7 i &0 5REE)
(Data-driven)fy 7% » st 25 1 I A\ A B EK (Labe) Y &R o E BhEIHTALAE HP U Al -
A AR A E R AT O -

TE 3T HI A K 6] 4% . 48 5535 W% (Large Vocabulary Continuous Speech Recognition,
LVCSR) £ 4 o » B E2 AR 73 Hi B 47 0 /& )R & 52U (Gaussian Mixture Model,
GMM) (Reynolds, 2009) » {5 F T 7%=/ fE sk 48 k% (Deep Neural Network, DNN) (Zhang,
Trmal, Povey & Khudanpur, 2014) (Mohamed, 2014) Hi{t.~ i L DNN ARy =2 AR
FEFISREVAERE T - DEEEAIREREERL » SRR ER S E A REARENPRREAEE - Bt
FE R ARRIARSE - DIILARBAZE 0 A T A =0T 48 (Recurrent neural network)3l
SRS B HERAE R

FEREE HER 20 > 5B S 15U (Language model) i & B AV A € > ARTFEAL
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REMEFANSCTER - 28/ (EiE - 85+ &5 AY5E 2 (Lexicon) 77 Bl RS H
=%& Tri-gram sES A » 37 H ¥~ TCC300 ~ NER-clean ~ NER-other =i A [ a5
SRR RHES T BT K BRET - Horp TCC300 & A BHEERE 21 H i sl 2 —MEERE - NER-clean
BB H R B S MEEERL « NER-other HIl B bhsE H A LS SN B 85k -

2. EB R BHERIEE N (Experimental Process and Experimental
Environment)

FE 7 Bl 080 o e 28 A e I R ISR o H 4@ (B iz B 25 (Graphics Processing Unit,
GPU)AHI14fi47 DNN ~ CNN (Abdel-Hamid et al., 2014) (Abdel-Hamid, Mohamed, Jiang &
Penn, 2012) & LSTM (Sak, Senior & Beaufays, 2014a) (Sak, Senior & Beaufays, 2014b)
mEEE A 5 (i A Kaldi speech recognition toolkit (Povey et al., 2011) H* nnet3 FrEELHY
PRI AS GRS BORAE » TR BRI ISR - R 1 Ry EERPT iR 2 iR 5 % 2 Al
Ry GPU FA& 3R o 540 Ry T (AR f i B AE iz - AW T8 FHAY Kaldi &8H Intel Brss > 8
SR LU (Math Kernel Library, MKL)#E T 4% ©
7 1. LRSI

[Table 1. Hardware specification:]

CPU Intel® Core™ i7-8700K @ 3.70GHz

RAM 64 GB DDR4-3000

HDD 4 TB SATA-I11 7200RPM

GPU NVIDIA GeForce GTX 1080TI
0S Arch Linux 4.17.5-1 64bit

7 2. GPU Bgf8#AL
[Table 2. GPU specification]

A5k NVIDIA GeForce GTX 1080TlI
CUDA 0 %1 3584
RIS RR 1480 MHz
HOZRR Ak 1582 MHz
ST RS A 11 Gbps
SRS ERE 11264 MB
W= NI GDDR5X
EW[=E NI 484 GB/s
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3. EERESN4E (Databases)

AR B B AT SR T 2 A sEelE » B 2 E (ISR E kYA TCC300 ~ NER
Ko AlIShell SEALEE - 1M Ry 7 MEAE i Z HES A ST ET A FIERETAYERAE 7T - IEEAE M
SEB YRR L - (] TCC300 k2 NER sEfHEE - Hft NER BBkt - T4y ey
SR TR Z NER-clean DUR ar 88 A Ryffai s 4824 Hor 2 NER-other -

3.1 TCC300zE#}E (TCC300 Corpus)
BT A A TCC300 27 5 [l 35 % EOfH B A2t Fh 8 7758 i K 2% (National Chiao Tung
University, NCTU) ~ [ 17 5 Ik £ (National Cheng Kung University, NCKU) ~ [&]17 &8 A
£ (National Taiwan University, NTU)Z:[E] g2 M A6 » 17 H P EREETEE S E2 28 (The
Association for Computational Linguistics and Chinese Language Processing, ACLCLP)Z&{7
BEEBRHE N 2 v [ BHEERE - TR GBI P oGE S W FT i -
sSFHE AR 3 R - BB KRB TEA AR » AT BEE
BB A HER 2 R > S by 100 A Sk 81T i 5 3 iR ER B D K B2 o I Ry R SCRE I
HEBANEE BT 2 500 R RsERE PR - SR X EEEHET
HUIEITK 3 2 4 By - BEREZEE 231 7 IR A& 8% 100 Ak - B ARIEE
f

.
SCE R © AR #5% S AU 5 By 16000 Hz » HUBERr e85 16 fir 7T -

A BB — 5 A TCC300 3BHHE 53 Rl SE R LI E A - FISRELAI L 1%
Ry 91 SpRIEHT ¢

o JISKEERL - €90 24.4 /Ky - £ 284 firshg - 8633 )4t > 304780 {EEEIEL -

o MEEER} - &R 2.4 /NKf - 3519 s > 225 AIRAJEEE - 26357 (EEENE -

F3. TCC300 FZZHEEZA
[Table 3. TCC300 corpus information]

B | XEBE FEEHEE HETAEE UE S
% 50 5 27541 5B 3425
BERE | W 7 50 7 24677 S 3084
L 100 L 52218 L 6590
5 50 5 75059 Cil 622
THRE | &YX 2z 50 7 73555 27 616
HEH 100 Ut 148614 HEH 1238
5 50 5 63127 5 588
ITRE: | & 8 50 7 68749 7 582
2L 100 Hagy 131876 o 1170

! Mandarin Microphone Speech Corpus-TCC300. http://www.aclclp.org.tw/use_mat_c.php#tcc300edu
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3.2 NERzEFRIE (NER Corpus)
NER zBklE » 4445 NER Manual Transcription Voll » A7 ZILRHY KEFB R HE
EHREGOFREENE  FTEANAREERSAFEGZEH - EAEHHZETE
DU KIS GBI 2 SERE » SRS IR 4 R - REREY RaEEEETE - 25
H %5 14:(Spontaneous)sB & - &/ D73 Ko il 4~ BHE((Reading)sE & -
PEEBRHEMREE 1. RSk B =N ek B E LIS S ksd » 2. A T e Ssesg
JE N2 WG AR (59 BB 25+ 82338 EH(Clean » 47 19.4 /Ni§ - 3t 5106 [BHEF)
e H At EERHOther » 49 107.4 /N » £ 15983 {[E[48 Z8) 513147 126.8 /N » 21089 il fE % »
HURAH Fy 16000 Hz » HURRAr o8k 16 firit » B E%fy 1(mono) -
sEcHEE R R AR B T B LR RO B 7 SRR s e i T W P R IR A
%A AN TROIEA R UIE - MAEERA IR SE R 2 S 2B S 1R A A -
RE I LB 7 Ryl | SR EE R RONIEEER - SR &E R T
o SSREERE © €9y 111.5 /N - 4t 18710 AJ35 ¥ » 1715001 ([ S E# -
o SR
B Clean : &Y% 1.9 /\BF » 3£ 549 A)3%3% » 33660 {[EZEiE] -
W Other : 295 9.0 /NI » 3 1322 &84 » 133746 {EZ g -

7 4. NER B/ E &
[Table 4. NER corpus information]

5280 i EEER (i SELES H TR B
RlE i CS 14.4 235052 4028
Clean Esd IR z 1.8 34352 438
PR LaEh4R GJ 3.2 55057 640
%% H O —RiE DA 13.6 212821 2347
T2 SoEasy KX 1.8 23415 208
bR o QG 17.3 260116 3202
AR ITEELE BG 9.5 143138 1586
ot ERAEERE WK 8.4 113202 1102
i LR U YX 5.6 90419 826
e PNES SR 16.5 280074 2670
SRR sy 345 434851 4015
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3.3 AlIShellzERlE (AlShell Corpus)

AlShell FEf4EE(Bu, Du, Na, Wu & Zheng, 2017) > J& 1L 75 HRHSA TR A =R 2
PSS S B sk BN ENR S - B REEER - HARERSE 11 RS > sEEE s
FELZRFE IR -

{56 FH = R RE 2 T LS BT B > HUBEFHAR By 44100 Hz » (&R [Z{RHURAHA 2 16000 Hz -
HUBR Lo Bk 16 T » H 400 42K H A [F] 3 il Ay 2 B3 g BT ple > w8 & &l
6 RTHR  MLEBRIE AN LA - IERERE 95%LL L -

REBRHE— 0 R LB 7 Rodlll SR ROHIEARE A -
o FllkERRE © €K 162.4 /N - FE 129341 3¢ - 1862171 ([ EEE -

o JEEERL : €95 16.6 /NEF - 3k 12250 A3 > 178041 (= 6% -

5. AlShell ZERIBEVAPIZ

[Table 5. AlShell corpus text contents]

T EEaL
HREER 5
HhPEER S 30
FEERRIE 46
e 29
BB EE RIS 10
<Rl 132
RIERERH 85
b= 66
e 27
HriE 66
FHEE 4
7 6. Alshell ZREZZEE A
[Table 6. AlShell corpus speaker information]
S E] EEREE s sHE
16 - 25 316 i} 333
26-40 71 2] 56
> 40 13 HoAth, 11
=t 400 &t 400
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F7. AlShell ZZHIEEZEA
[Table 7. AlShell corpus information]

5 186 5 939132 5 65205
% 214 7 1101080 7 76395
=r18 400 &t 2040212 &t 141600

4. ZEEBSEMAE R AIECE (Deep Neural Network Model Configuration)

CLDNN Eir 3Rk g2 H (Sainath, Vinyals, Senior & Sak, 2015)# & F 2 i 17 B B AR AU 1Y
— RN - H AT ACH Ry GRS 4R (CNN) DB R A BRSO R (LS TM) IR B 3% LR
FHEEHERE(DNN) » L imsl Sy - CNN geS S R g S BUE s EAVELAZE - LSTM HAllfg
el E AR TT > 5% DNN B o RG] 2 5 o] o By 22 i - -

[t SRR A TCC300 1E A dll4REERE » FrE S BryHEL /2 40 4: Fbank » A
e A LSTM A g sl > SRS RE 1 EREEE 7 RHE AL
TERZRAR - HAYER SR PO e S AE A -5 e AR IR B R BRI - MBS e 2 B
HUTETA PR LSTM g i BRI T E - RRERGE S8 E - BE B4 S Ryt
2 > F1 CNN 18 ZEHE 4 2 e A Sl [E T2 1) -

Input -~ > Output >
|

Memory blocks

. RAHGC BB
[Figure 1. Long Short-Term Memory internal structure]
g LSTM 4l EL H & £ 512 B (Projection)fig & 3£ 4E (Recurrent) fg 85 H &
Fy 256  TIFEA ST » B T REGBEIE S A AN - FEME AR AIR P &2 PR AR W (B
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(Clipping-threshold) £ 30 » BJJ%& 1o & A7 LRGBS - AFIsR 352 e By 30 Wb — RSN A5
JEE AT IS ) 2 Y R B 28 R Y TR

540 7E DNN &5y » B T R o % S B N E A S - A7 it 2UE
}H{E(Batch normalization, BN) 75,2 (loffe, & Szegedy, 2015) » 45— DNN 7 i H ¢ B /)N
BUHEZE (mini-batch) 77 TEARAL » 20 E— Rk =T LUK RIS ISR E2 5 2 SRR BI| Sk
DA Jsg 8 T o e 25 1T 2 i ) 248 P55 5 5 (Owver-fitting ) Y T RE

5. (EESHERI 17 (Language Model Establishment)

ARHFZE B UL — PSR SR 548 0 RILE RIS A A Z LS T
Heak ) op SR o W1 2 Fow 0 BEILRIE R - B SRR T A KRR E R
B TR A0E AN 2 B8 b S s TR o RS T TIERE - BRRITARE
¥~ HUR[EFE R 55 (Variant Word, VW) R » #2E RIFEE4H(Term Frequency, TF)
JHE ZEHE (Document Frequency, DF)#E{T#ERE » —f2laR - sB S Wk 4 2 sE S AR
FLTF = f DF I 2 sl g A oe e T /s~ B 5 X+ — & 5a 4y Bl 237 = {1 3-gram
SEETER S MR &R B [E & BT BRI SR B 12 (Z) EHif#
i Bk DA PRR GRS R I RE S A -
L.fst

+ 2
g ¢ 3 AL > TFIDFE i» ;;ﬁ] > VWi > Gt
P op

2. FXaESRAEL T

[Figure 2. Chinese language model establishment flow chart]

5.1 SCFEERERE/ (Introduction to the Text Corpus)
AT R RN SR B A 7 S sk 4 4.4 (BEEE 5 - BELAT ¢
& OEHEESE(Sinorama) ¢ NE By fMERE L SCE > ERME( /MY 1976 2 2000 4 -
¢  NTCIR: B—{EE &R R GRS - KSR EREA R SRR
AL -
¢ e P TEE LR (Sinica) © T EEBedEs - NEE S S EE - DIEES i
5ty 9 RV -
* Chinese Gigaword : Fq Linguistic Data Consortium (LDC)%:&3%77 » AR EFEE
Bt - LSRR SRR -
* HOC R ETREEERHWIKI) - R A RN S Bz - HEESHT » REisE S 1
RIS Ry % 7E > ELB IR -
¢ TCC300 : G&s ~ Jf) ~ &4A) AT 500 B R T EEHL -
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5.2 BEEERTEHEFIEE (Preprocess of Variant Words)
ETHAEZREZR: "B EHF, 0 HRPFEREXIRL TR FEERTEM
FAE » MAECFALEEE > FRFEENA % BN LALLM ER > &2
FEEtEH > SEEENRZEIVETIER T "2~ EE -~ £F ) 00ikn > HILtERRE
FHEHAEERTEA—  FEo8 - BFREENREY: -

GRS HRERREE B R AH > ARG A > 403R 8 Fr - KELETILA
= EPEE - EPEFEEPES  BEREAZEIETFEMAREZ L BY
By TR E P HEEFIESE » DS S s > (HREE S AR R - W
S E A R BEENE R T EAEHE ST sty TR B

TE— > NILEE SRR ER T T 18FE— ) EFFEE > RERMEESEHLEE
Mig—F  TEEHEAEZE S EEETHANER K TH— Bk "#H—, - T2
BA— ) K THEFE— o AWFSEE 2 [E$ B 5EE % (variant word table) £y 4261 5 o

#8. BEZHTEHEA

[Table 8. Example of variant words]

2 st BHAT LT B T
& &
EA
1 151
E T
S
KE FE
s i
LET S \
I -

6. EERGE RS ER (Analysis and Discussion of Experimental Results)

ARG R AT B R4S SR Y o M BLERET » Horh B & (i ] i 500% (Free-grammar) 27 55 S #EB0H
# i fE R (Syllable Error Rate, SER) » PARIAA [E]5E BLK/ N2 56 = ARG $E AR
% (Word Error Rate, WER) B H:F[IH {4%;(Real-Time Factor, RTF) °

BN BN (L) PR » FoR T3 —{E S HE 75 22305 (decode) 2 5[] » SR By AN 9T
SEE EHE [l Ry 10ms » PRI AT DARRRE Sy D RS Za S P AR < RIS ] T 2 2
Fsl[IFf %4t (Real-time System) » HIl RTF ZH/NGY 1.0 3 et ny oA A e Lo By DUR =
fd e R © UL $EE% (Substitution) ~ i AU $E 5% (Insertion) K% fiflf 7Y £ 5% (Deletion) 5 ¥
e G T BT R (QFR

i bl AR e (o 4 Rr PRV R (Viterbi- algorithm) - 325 3 S8 48t i LR RE P41
HFET R R R (2R L B A B RER: - BRI A H4 =08 5 A (Beam
searching algorithm) » 3¢5 £ K f7 E IR AR R (Max-active states) f Ot H{E (Beam) » # & T
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EAEFTA 1] BERS T (Hypotheses) - SR 3 82 Ye R EEFUE » BlE NS EHLE = 4y 72 A7
HHAE > AIMIEREZ SR AR RHREE BRI i R EIRRE BT > AL B A S R ST
PR > (HEE RIGEET RS » AWHITEEE e R EIREESR s 7000 ~ Y5 (E £y 15.0 -
Seconds
Frames

S+1+D

RTF = x100 )

ER = x100% @)

6.1 ZXAFMEHEEBELEEAPFHER (Various Types of Neural
Network Acoustic Model Recognition Results)

Ry T Gt iR A SO A QERS R B B P KB B EET U RS - (AR SREE

1} Ky TCC300 » CDNN Jy— G (2L 48 (CNIN) &5 & 2% e S AL 4 S (DNIN) - g Al

Z R T > WA IR - LDNN B RAHHEC IR (LSTM)4E & 28 @ B At aes - %

TR & B R AR IR PR e o B iR P E SRR - e S A i e 5

ifi CLDNN Hi%h & DA E =f sl 4dpg - SRR AIE 3 Ar -

=) S
8 S =
—_— — = o
| & y Z o £ o Z o 2
2 » < " E S " 3
< = E
» a
X
c
@©
o
L
Q
<
a
-
+ - o~ ™ - ~ =
@ > > = prd pd 3
L 2 » » = > > = > Z » £
F | | | @] & o
N
—
N
% ) %

(& 3. CLDNN fH /20
[Figure 3. CLDNN model architecture diagram]

MEAFERHES 3 JRBE R ] TCC300 » HEIELy 26357  WHHEE R AR 9 Frr > B
THAE AR B L AR AR T S - BN BV E B R HEHY AR R 5% - (i
RAEWECEEAERSERAYEY FRIRIEE Amey - HESEREEL 25% > HiE
{50 FH AR ] SR AR A AR BIBEST AH S FEIF - 18 CDNN Jz CLDNN 2 RTF » {4725 Hi
fEHIHER -
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K. BTG IR EF R

[Table 9. Syllable error rate of various neural network models]

Model SER (%) RTF
DNN 21.17 0.04
CDNN 19.52 0.05
LDNN 15.72 0.10
CLDNN 15.23 0.15

SN ARE NI ##E = 1Y (Chain model) (Povey et al., 2016) 3 fE RS2 » —f%
A BRI o (5 P Y 2 B AR AR (DU (Maximum Likelihood, ML) » A7 i A A LS8 J HL
FrE S8 MHOE 5 s A2 R A B & s H0A R (Maximum Mutual Information,
MMI)EFTEISRA1(3) » H PW) Foréa i 23U (Transcription) i R 7 W 2 GBS 5
MR > A B & ] AR RIEARR, - MM R Re B AR M FRFTE 1TAS
XA » T ARAE Fyy TGRS E SCARMNESHERE P(O, (W) FEFT A RIS i Fy 28
(HiE— el SR B T fE R4 (word) | B GBI SUETERCR AR, > R =AY
TEN S L & e DL 2 (phone) Ry B80T » 72 17— (& 4-gram 2 sES AR (E Ralll SREF S H -
FANEEE 4 8 5 o A PR 3 5 2 FHEZEAR (Sak, Senior, Rao & Beaufays,
2015) » H[l— /’téﬁf—z 30ms 2 HHE > DLURE B RGEEAY HMM $0EE - —{E & Z (phone) &
—{E HMM $gil » R L = A i i bE — A S QR R I = (2 25 > B hess
R0k 10 ﬁﬁT » Chain-CLDNN fE & it e U RTF # 7 F#: CLDNN BRI -

2 p(O, |W,)PW,)
F — I r r r
= 2109 S P(O, [W)P(W) ®
=logP(O|M™™)—log P(O|M*")

frame 2

“IIIII#IIIIIII

frame 1 frame 1 frame 2

B 4. AR E RN EE

[Figure 4. Chain model frame rate diagram]

dy a,; ay, Ay
AL DA A
-»

B #IEEEHZ HMM #75E
[Figure 5. HMM topology used by chain models]
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72 10. Chain/Non-chain A ZA#E 8%

[Table 10. Chain/Non-chain model syllable error rate]

Model SER (%) RTF
CLDNN 15.23 0.15
Chain-CLDNN 13.66 0.05

6.2 MK GRZE R S EAVEZ L (Impact of Increasing Training

Corpus on Recognltlon Rates)

EiéT%F” £ (Deep learning) B2 as 225 b - O o B AL T & (Over-fitting) 2 fif]

A RENEA R - RIRECE A ST 50 Ry g > J37ERR T AW FE AT 8 - HE R R
1bz9l\ FH—EJ7E R BRI SREER - A EERERBE T » sJlEEER
B HA S i R 1 0 31 SR EORE o Bh R S A 52 4 R B (Image  Processing) <H i, . #2 & 3
(Krizhevsky, Sutskever & Hinton, 2012) - [& 5 A] DL & jjEiE (Rotation) ~ ENEE (Flip) ~ 4EAL
(Zoom) ~ “Fi%(Shift) ~ R (Rescale) 5 J7 A E A M EH -

PO E T > JRE EFH*EMEW?/& ELanc# B 1E 2 & i (Pitch) ~ EiZ=(Tempo)
st iR (Speed) % zE A4 it 2 Bk 8 FERERHE » B8R T (£ F TCC300~NER Jkz AlShell
FERHE - INFIF Bl ARE A EE R 1.1 K 0.9 7 #E#EERH(Speed perturbation data) » 3Ifi fifl
NG EREER} -

FBEGERAFE 11 AR > E5est i —M CLDNN 58 - i A AlShell ZEitE - 3l 4kEE
BHHIEAHY 24 /NFFHEINE] 186.4 /N » 82X AlShell FEiRHE AR B HR B & 15 » (HiZ2 %
BRI ISR & 2L 16.5% - 25 DIEEE{E R34 » WiE 6 Fros > RIET LA
HHE > FEFRTEHEREBRORE FATE SRR e 2 5EE - BN R sl
FROR LIS - AIEESR - PEe Z 40 5 2 s (@ (Robustness) o

BEEMAEN &8 2 NER Eéﬂié Hl o SSkEERIE I 297.9 /Ni% > AT
e 2 B EhEE AR T > M hNZE 900.7 /NEE - X34k CLDNN §#=CBAY > FERas a3
12 ~ [& 7 fos e

F 11, (BT ITSERFR CLONN S

[Table 11. Comparison of CLDNN models using different training corpora]

Model Training data SER (%)
TCC300 15.23
CLDNN
TCC300+AlShell 12.87
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—el — - TCC30
2 T Yo AISH 0 — 00+AIShell
. ’ B //.'\
A U ! o ’ /‘
N W
= " 5\ ! C N ., A\

N g [ Y ! = % /’/. \ -
£ ¥ \ v - S~ -l —. — {b"—’ -
= 10 i A I & — P
= N - ~4 7 = -

w " N

0 ) i ) ) 1 2 3 4 5 6
y 1

Male Speaker ID

Female Speaker ID

[B76. TCC300 K/ F MR A2 &R #E
[Figure 6. Syllable error rate of TCC300 female/male testers]

F12. (EFEFE4EZER> Chain-CLDNN gEZH-#t
[Table 12. Comparison of Chain-CLDNN models using different training corpora]

Model Training data SER (%)
TCC300 13.66
TCC300+AlShell 11.97
Chain-CLDNN
TCC300+AlShell_sp 11.49
TCC300+AlIShell+NER _sp 8.92
16
13.66 —@— Chain-CLDNN

14

11.97 11.49
12

SER (%)
(o]

0 100 200 300 400 500 600 700 @800 900 1000
Training data (Hr)

B 7. GRS E L B EPHRE
[Figure 7. The effect of the amount of training corpus on the
syllable recognition rate]
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6.3 MARSEAEVWRTAERBEHPEBREZE (Add Language

Models and Explore the Impact of leferent Environments on
Recognition Rates)
AR EAFAPT BRI 225 48 900.7 {iE/ NIF 3l Sk 55 172 Chain-CLDNN f5 Y/ Ry B EL R »
HEEERHED 284 1. BISERE . TCC300 ~ 2. H#Msha H & =k Z 2 NER-clean
3. HEMEsEE B EAEEH 2~ NER-other » ZEIFFEAAIZR 13 & h1 A =4 Tri-gram sE S
B o3 s Sa SR NGE By /N~ R Rt T o o BRI e R A IR
(Oracle) Rl &g E2 5 MR F 2 F R IPH & 58 2 IEMEE N T sh S A S s sh e
LA K EDO(Error Due to OOVs)» H[l OOV i fl > $E 2 » S —(# OOV §22E 2.103 {3
ARG G R ER R RS T R SRR (WER) - 41%% 14 3% 16 AR » RTF i =
{EPHEEE L3 Bl By 0.27 ~ 0.48 J2 0.59  ZATTANE B s 2 Sttt Jei oK 2 HL B 7 Rl S0
domain FH¥H{FH TCC300 JHIFNEE - if NER JHIEUEEAIZ RikaEtEan H - Rt AEEFIH
NER Z il SRaBihZ a7 58 = HA 2 3578 - W0=0(4) s - EERsS R Ak 17 fr » WER
ERRIEENE -
LM, =0.3LM . +0.7LM . )

adapt

7¢ 13. Chain-CLDNN BZE PO E HIEA B 2 B Ri#t 2R
[Table 13. The syllable error rate of the Chain-CLDNN

model for each test set]

Model Test data SER (%)
TCC300 8.92
Chain-CLDNN
NER-clean 16.89

[ TCCAINER-sp ]

NER-other 22.14

214, /(B FTE = R R
[Table 14. 80K Word LM recognition results]

80K-LM
Model Test data
WER (%) Oracle (%) EDO(%)
TCC300 7.73 6.74 5.85
Chain-CLDNN
NER-clean 24.95 9.39 2.48
[ TCCAINER-sp ]
NER-other 31.92 11.92 3.91
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715, - FTE = PRI R
[Table 15. 100K word LM recognition results]

100K-LM
Model Test data
WER (%) Oracle (%) EDO(%)
TCC300 7.12 6.06 5.19
Chain-CLDNN
NER-clean 24.80 9.27 2.25
[ TCCAINER-sp ]
NER-other 31.69 11.57 3.26
#16. BT
[Table 16. 120K word LM recognition results]
120K-LM
Model Test data
WER (%) Oracle (%) EDO(%)
TCC300 6.56 5.34 4.52
Chain-CLDNN
NER-clean 24.72 9.05 2.02
[ TCCAINER-sp ]
NER-other 31.61 11.42 2.92

R, S ZH T = PR
[Table 17. 120K word adaptation LM recognition results]

120K-LM-Adapt
Model Test data
WER (%) Oracle (%) EDO(%)
TCC300 7.79 5.87 452
Chain-CLDNN
NER-clean 15.12 4.00 2.02
[ TCCAINER-sp ]
NER-other 21.66 4,74 2.92

7. &EsmERAKEE (Conclusion and Future Prospects)

R3S {# P Kaldi speech recognition toolkit A< B 545 & 4 B HHACABES « AT AN R%
AR ARG YA SR (CLDNN) » 43 5 SR I L e BT
R SRR B8 B %5 + HUHE R A R A R B B SR R
AR+ EAIAK R F AR HIGEHIHNER - Alshell) » 35 R 0 S s i -
BERERL Y SRERERRTY » BATELIBIIRE 44 (AR OIS Trigram SR+ 1L
K SOAIRE A  HERETRET R RS S B IR
VISR - thpbi - MBAAER 2 20k 77 (domain dependence) 1 % -

R EEBREE A 2 oSO A B A BT AR R e AR TR T M
(6.56% ~ 15.1296) 5 R $EfT#IR » (ELRAF (5 FL ISR S HOPEBE T - g it
21.66% » [RIILAE SIS R T AN T - T2 —(ETISESRAE » SHONEFSBFEAIA 1-vector
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TE R RS BOE TR SIS (Madikeri, Dey, Motlicek & Ferras, 2016) - HHY /R 17 523E
sEE R WO ARG - BISEE R R R T E WA R A EE
(semi-supervised learning) (Manohar, Hadian, Povey & Khudanpur, 2018) » B £ fiisl 25 <7 A
ZBEL o BEEPERGER 2B O BUARE S IIA Rl SRR ZEREES A - R
AN#IERE OOV Z R - HAF SCAHEST /3 H8 - DUEREHI A domain ZEBE S AL - DU R
RAE T AR M RE S A A T B -

SZ R (References)

Abdel-Hamid, O., Mohamed, A., Jiang, H., Deng, L., Penn, G., & Yu, D. (2014).
Convolutional neural networks for speech recognition. IEEE/ACM Transactions on
Audio, Speech, and Language Processing, 22(10), 1533-1545. doi:
10.1109/TASLP.2014.2339736

Abdel-Hamid, O., Mohamed, A., Jiang, H., & Penn, G. (2012). Applying convolutional neural
networks concepts to hybrid NN-HMM model for speech recognition. In Proceedings of
ICASSP 2012, 4277-4280. doi: 10.1109/ICASSP.2012.6288864

Bu, H., Du, J., Na, X., Wu, B., & Zheng, H. (2017). AlShell-1: An open-source Mandarin
speech corpus and a speech recognition baseline. In Proceedings of 20th Conference of
the Oriental Chapter of the International Coordinating Committee on Speech Databases
and Speech 1/0 Systems and Assessment (O-COCOSDA). doi:
10.1109/ICSDA.2017.8384449

loffe, S., & Szegedy. C. (2015). Batch normalization:Accelerating deep network training by
reducing internal covariate shift. In Proceedings of ICML’ 15, 37, 448-456.

Krizhevsky, A., Sutskever, I., & Hinton, G. E. (2012). ImageNet Classification with Deep
Convolutional Neural Networks. In Proceedings of the 25th International Conference on
Neural Information Processing Systems, 1, 1097-1105.

Madikeri, S., Dey, S., Motlicek, P., & Ferras, M. (2016). Implementation of the standard
i-vector system for the kaldi speech recognition toolkit (Idiap- RR Idiap-RR-26-2016).
Retrieved from IDIAP Research Institute website:
http://publications.idiap.ch/downloads/reports/2016/Madikeri_ldiap-RR-26-2016.pdf

Manohar, V., Hadian, H., Povey, D., & Khudanpur, S. (2018). Semi-supervised training of
acoustic models using lattice-free MMI. In Proceedings of ICASSP 2018. doi:
10.1109/ICASSP.2018.8462331

Mohamed, A. (2014). Deep Neural Network Acoustic Models for ASR (Doctoral dissertation).
Retrieved from
https://tspace.library.utoronto.ca/bitstream/1807/44123/1/Mohamed_Abdel-rahman_201
406_PhD_thesis.pdf

Povey, D., Ghoshal, A., Boulianne, G., Burget, L., Glembek, O., Goel, N., ...Vesely’, K.
(2011). The Kaldi speech recognition toolkit. In Proceedings of IEEE ASRU 2011.



[/ RATH S (G e 1 7 St & Widhan < W17 17

Povey, D., Peddinti, V., Galvez, D., Ghahrmani, P., Manohar, V., Na, X., ...Khudanpur, S.

(2016). Purely sequence-trained neural networks for ASR based on lattice-free MMI. In
Proceedings of Interspeech 2016, 2751-2755. doi: 10.21437/Interspeech.2016-595

Reynolds, D. A. (2009). Gaussian mixture models. In S. Z. Li (Eds.), Encyclopedia of

Biometrics (pp. 659-663) 2009. doi: 10.1007/978-0-387-73003-5_196

Sainath, T. N., Vinyals, O., Senior, A., & Sak, H. (2015). Convolutional Long Short-Term

Memory Fully Connected Deep Neural Networks. In Proceedings of 2015 IEEE
International Conference on Acoustics Speech and Signal Processing. doi:
10.1109/ICASSP.2015.7178838

Sak, H., Senior, A., & Beaufays, F. (2014). Long Short-Term Memory Based Recurrent

Neural Network Architectures for Large Vocabulary Speech Recognition. Retrieved
from arXiv:1402.1128

Sak, H., Senior, A., & Beaufays, F. (2014). Long short-term memory recurrent neural network

architectures for large scale acoustic modeling. In Proceedings of INTERSPEECH 2014,
338-342.

Sak, H., Senior, A., Rao, K., & Beaufays, F. (2015). Fast and accurate recurrent neural

network acoustic models for speech recognition. In Proceedings of Sixteenth Annual
Conference of the International Speech Communication Association.

Zhang, X., Trmal, J., Povey, D., & Khudanpur, S. (2014). Improving deep neural network

acoustic models using generalized maxout networks. In Proceedings of ICASSP 2014.
doi: 10.1109/ICASSP.2014.6853589



18

FRE LT 2]



