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Abstract

In the recent past, deep learning techniques have reached record-breaking performance in a
wild variety of applications like automatic speech recognition (ASR). Even though cutting-

edge ASR systems evaluated on a few benchmark tasks have already reached human-like
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performance, they, in reality, are not robust, in the manner that humans are, to disparate types
of environmental noise such as babble, train, bus station, car driving, restaurant, and among
others. In view of this, this paper embarks on an effort to develop effective enhancement
methods, stemming from the so-called generative adversarial networks (GAN), for use in the
modulation domain of speech feature vector sequences. A series of experiments conducted on

the Aurora-4 database and task seem to demonstrate the practical merits of our methods.
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fEHEhER S T (Automatic Speech Recognition, ASR ) IZEfE 1 Feff 5 I
AR B « NI - By TR R RS B LRI MRS - sRig i e b
s ) 54 JEE (R AR T 26 - I iy o il A B 8 M SRR S T R R Ay Ry R £l Ry 2 W (Feature-
Based) DL K A5 R Sy A B 2 5 7% (Model-Based) Wi f& = Fif & & B2 2 5 fl I B AL (Feature
Normalization) LA K580 i (Feature Enhancement) iy 5T © 178 R £ 2 EEE BES
AU b R T T B0 o PR AR RS SR /A A F o ey s SR

P25 H > B SRR Z SRR ] ARS8 i A 7R3 PR 2
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&ER (1] TSR BRI 552 By SOCR » DRI 25 3R SRR IEAR (B AT FE It
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Representation, LRR) %5 35 575k o

213



br T sEEREOERIL2 A SEE eSS 2574 (Speech Enhancement) /2 — 56 (i 14
J37E o BR o PR LBV AR IE B S S50 5] 2 R TP BIROR, » 55— 8B RIBR R B,
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75 SEGAN(8] - Whispered-to-voiced GAN[9] ~ RSRGAN[10]1 F FSEGAN [11] - 34/
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x(t) = g(® = (s(®© + n(v), (1)

B » AE SO S 1% U5 B DUR 2 B - SR SR DUA
W Ash s MR 734 [14] [15] - BB (Direct Masking) [16] » 1R EBITTRAAL,
i By (P A 2 e S SRERY, - 408 34155 BEaSR I ERER AT A T

EAR:

()
Sep = fi0(Y, ¢, f) =/1§_5]2 dotY, f,
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FAPTAT BBy o DU S I (] AT 4 18 S B S5 B0 A At P B O % S e 7 2
(Reverberation) » {12 (75 ZA S 5% (A SEH B A ST 4B L R R SRR AT B A
R -

R IR (A 4 R (Regression Neural Network)f# / F 24545 [20] B SLERHEZF
sa ) BE A HY 8323 (Log-Power Spectrum, LPS) & {Ei#0 I LAFNI SR & B2 1A -
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R PRI RiaRz et RS R D BRIV E KRG - wie] ISR
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ATRIHVE i PR TR B RGEt R e SR — DRV EE sl an B 4 (Perceptual Evaluation
of Speech Quality, PESQ)= /25 & Hrafk&h AR 2 al$h =2 (Word Error Rate, WER%).Z 4} >
HAHENGRAVFIR LR > ARy i A RIS NSRS A e S
KRATHT - BE - AL RIS T 3125 (Discriminator) AR (& — (B8 2214 -
A AR A AR RIS R B A AR s - RIS/ Nl R —adies & (RSl e > FsE iy
SR H BT ARSI SR > WA DAE R 2RISR -

=~ AR DA RS E ARG R M

AHFE T B AR E D14 rE (Generative Adversarial Network, GAN)4E & F6 S FHEE Rz
EITREE Y R - 045 S B BEE S Pk (Automatic Speech Recognition, ASR)F 5
RERCIE R (R MEFRIR 2~ B o AETRFS AR ZEE I 4= e S A R i B A T TR
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o ©

A BT8R e AT LUR D RIS A TSR SRR R — R A
Rt BB AR B TR WA A T TE, B TEES -
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(Y - Bt B AR AT DIE R A e (G) Bl I 23 (D)E I T i R Bl ME Y
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_ V(D,G) = Exep g, logD (x)]
min max R
G D +IE9?~P2(9?).Z~Pz(Z) [log (1 — D(G(x + Z)))] ,

4)

FAMH x Tz FIEEE A (Clean Condition) » A2 RN E R A (Noisy/Multi
Condition) - FiZ#E z &4l Latent Vector » fFE A7 0 2 1 2 FAIBEHGERR - 5l
SR A D - PE A a s A G (R 1T e At 0 Bl & R B s M HHEE Y
HZVPIEA o

— {5 R Y A Rl IS Z Bl R0 BR R Loy B — (P& B (131 %R 5! 255055
HE B Q)G A wswtamk 42 i ds A B BBEA Q) ENE S il e I 2 B > [EIF BR A2 ok
ea S BRI E AR -

Update: Back Propagation

1o A= RS PLAiEs -5 i |25l - 1

R8-S $E 5 B
Generator H  Discriminator

Update Back Propagatlon

2: AP A - i nl -2
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: £ R 3 R B _
| Generator Discriminator [

Update: Back Propagation

B 3: R R RS - e ok

B b5 GAN 36477 3 R Hom RE B B A A 4 AT 9 b R R 2
Fo MR R R [E14588 » >R CAGAN LUK DNN-LSGAN » i3 B LA A%
B4R T%25(Convolution Auto Encoder, CAE){F £ B 281 T TEAEHE » 1% HIIER FH 487
DNN {F Py BRI 65 » LU ARG 4 - BOBED S TSN, E B4RAE 25 (Auto
Encoder, AE)S GAN &4 1THTZE(29]122] » M1 IR R4EER £ ONN {ESHEIRRI-SEREs
FUERIBR AL TIEEAE DNN SV SRR « ML SR i A+ 1AL
TR - R I S A IS AR I
i BRI 28 8 TSR 732 -

FEOH RIS RUE R R B E R iy = [ 5 B4R 525 (Denoise Autoencoder,
DAE)ELFETR H 84525 (Convolutional Autoencoder, CAE)BIRA R A = AT LA A4
AR FAE Bk W R LR ZHEHVE R » AT 7 A R 7 7A L — e
FIf RS - CAGAN Z A plias st/2 LU 788 B ghimtihas 451 -
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Enhanced Feature
-]

( Convolution L/2 | Enhanced Features
( Convolution L/4 )

( Convolution L/8 )

Convolution L/32
. Dense Layer*650
( Convolution L/8 ]

*
( Convolution L/4 ) Dense Layer*650
( Convolution L/2 )

4: CAGAN-ZE [ S84 1 5: DNN-LSGAN-4E i g845 %

|

Dense Layer*650

Dense Layer*650

Dense Layer*650

Dense Layer*650

il

|

HAPIH1EE B Bhdmbihas 7] LLoy AR b S B A AR RIS EE i A0 o7 - FEAmBEIEES - &%
FERETIN » F ARG F 8] (Feature Map) K/ N » MAEEF—KFERE RLHE 7ML
{E(Max Pooling) - HHYFEF A REHVRFEAE MR HIB O A D RH RS H > (2 E
ISR - FERENGIE FY - HLabte o] LA Rl i /K P S R B RBR % ME— A [E) e
FEFR MBS B A E7A (Max Pooling) » FFIERE—THERUER 2 (& 2R FH FCAUEE A (Up-
Sampling) - &4 RE 28 [ PR A R DARHET TR G8RE S el 5 - 0l SR P R e
BinBiles o AR TE Rl AR} - HAEREIE 4 Aos -

Result: Valid/Fake %
( Dense (1) )

( Flatten ) Dense Layer*256

( Convolution 256*256 )

Dense Layer*256

H

6: CAGAN 7§55 7: DNN-LSGAN  $& Hllz8

BEAh - BEEEEEE AL 2R DNN F2d 2 B - NIbthHAH Ll DNN
&t LSGAN RyBLbfy DNN-LSGAN f{E Rysf@ it 77A L — » Ky T RECERE - FM
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FEEETERUE R UL 7S 1% DNN @R Ry B BT S B AL pleas(G) - 4] S
A _E I (8 AR AT DTAs o > Beff o BEHCA RIS Res(E M - 406 6 K& 7 For -

V0~ BB BT S

AWFEER ] Aurora-4 {F Ry B EpaBRHE - Usk 7 FE /Rt H #(Wall Street Journal, WSJ) 2 B
Y 0 WHEE-5dB £+15dB AY5EEN - fS1T S 2 Aurora-4 & DIFER iy H R AR =
AGH0-E 6 AR EITEEE AR E 2RAHEHY - & —E P Taka T F AR e S5 5 s i Rl 5e
HYEERHE - Hf & 8KHz B1 16KHz Ry feE & #H UK 22 G B BRI e i 28 e il 8% i
(Sennheiser, Secondary-Mic) o HFI| SR ERHEET] 57 B fieE a1 (Clean-Condition) » F1Z15%
5RO & (Multi-Condition) ife - HIEAEEANEEHY 6 TR - /o hlEE 330 (E3% -
HAESEA T : NE#(Babble) ~ 7S Hi(Car) ~ 355(Airport) ~ X Hi(Train) ~ i (Street) ~ 52
(Restaurant) - 55— J7Td] » KEREAEE S £y A~ B~ C~ D IUfEFE& - HEFdl/r4ga02=: 1 At
7 EANARBFEIIER A 16Khz {F R HURS  SEE R 2 FFTER A 13 4 MFCC - &2
ELERIEL 7y BAFTER A S J2 TDNN-F 4858 - 5—J& 650 4 - WRHMSREaefy 128 4 Il

zlll4k 8 & epoch -

Z%: 1 Aurorad f§7p

ENgEES 8kHz/16kHz
e E A WSJ 5000 5]
RE %) 15 /NI > A4y 5~12 Fhg
SR E R} Clean:7138 {fE[gE4] Multi:7137 {HZES
AR A 4H:330 (s A

B 4:1980 (384 » . N EREI
C 4: ZimBRIET B 330 (BAEHERTIEE
D 4H: @ EaE TR 1980 (B E S HENAE
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x: 2 BhGER

Clean Condition Training (WER%)

A B C D AVG

MFCC+TDNN-F 3.61 | 41.96 | 33.18 | 60.01 | 34.69

WAV+
4.15 | 35.20 | 40.84 | 55.28 | 33.86
SEGAN+TDNN-F

Modulation Spectrum
10.29 | 34.11 | 23.03 | 47.48 | 28.73
+LSGAN+TDNN-F

Modulation Spectrum
6.91 | 30.17 | 20.08 | 42.46 | 24.95
+CAGAN-+TDNN-F

AT FE PER AL S AR AT DTAER 7 A E R S (R R UR » LKA FER%
s YL ERAE & A2 A DA B ah 2 SRS 2 A HE P I o (e e USE 2 ey 7 0% © IES1 > H
Y TDNN-F Fyffr ey 20 HER T B 5 I EaHAVShRE Z 4 > RSB I 1
IIRFE R A NEERR o (ERAGEAE A GGk - NIEEEFIEL TDNN-F U5 HerE Ry

ASR %47

(e 2 1 AT LAE HA I AR B DTaes H BB I I B AR 450704 -
BN SRR (B R RS SR S R B B AR < B P E P e e R &
WA RATAEA BB T — AEEIRE R - (B2 LT AR E o] DR B A SEEsEny
R+ NiEE ASR ZREGEBIATR « ATLE ASR o TSI R BT
R BEEEARER - INEAISE 2 CAGAN Bl DNN-LSGAN - H[I£fH MFCC F##
AR R SRR R L U v 2 SR AR - 1] 2R B i h A S D AR M TR
B e i SR LR B SRR L (RIS E S 2R B HTaa T GAN BRI 4EES

221



Gt (EES IR MAVER A BRI - R ERES IS S (Fanm @Mty > (EAT
FeZ AR SRR TRE A EEERCR -

MFCC
opael® b * dean
407 .-..3?" “s . 1.:'-'_:'_'.-.&5};' «  noisy
A e T S
. sap Cot "."::--‘i':' R TR, A Yok
v 1Y ] :.e - -.! e . N .
o v, Y q.,'q' (:‘3':'{ e e Lo & - _‘] 5‘,-3 r
‘l' Y] : -:.‘;’.i\\'.??\";."!‘,. r.- .‘-.‘a “0 %-
£ARY Y iR, B ln
0 AVE . 3, 3 oA T TSRS L
ok B ST T et M A
» O.;:. . . B '-."-5' . r.- X ‘.?'-..
. Lo 2V - ":,.n-.:;.:!:' _:.-"___.,:"_ ~ ,"“‘ a.}.:,\_;.;_\
* “u""J. R A R S ﬁ.f.},';._ T T
r b -'.' '-f"o‘ _.’? rd Lo
o, TR, H meaNe"
—-40 f!' ):‘{f_f,:é-zd;ﬁ.f ® < v
oy “‘- .
—éO —ZILO —IZO 0 2‘0 40 60

8: MFCC 5o il

4638 T-SNE [B4E1% > IR ST B 25— FH_E - T {ER S - IR
RALTT ARG 5w MFCC 2R LU SR M R flapa PR 1% 2 72 52 - G205iaE ) Bl
AT HERR )2 MFCC pAfE40E 8 Aivr > FHILFT UG e TR AR 3B
(EGRPaRiTEST

MFCC

-60 -40 -20 [} 20 a0 60

9: DNN-LSGAN j&E#{% > MFCC 474 10: CAGAN jEEE{% 2 MFCC 370

FHfE]:9 BfiE: 10 TR DABZ H— 23R 5 > &4 BT DA S IR HRE AR UK

e HIEREE T 2R TR AR (BB FRE AR T A RS SR B B -
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AR > {H/24L4E DNN-LSGAN £ CAGAN P& 2 R A B peir 2 455 1)

TIAHEEES > DA EIRSR AR S U ERE E PSSR L -

I~ 45

[ EHH

AT R SR EE T RRA RSN > AR Aurora-4 SERHEMUR BEERENE » FPALE
WEHE B ORI R A S DUAiRS 7 A Y E EeE A R - R R

DI 2 BEEE R EEE R R b - At AP S (EARS - HHE SRR e T oeill
EER I SR R AR SR O P A B 2 BRI 2 575 BT s 5 MR B
B o BEAN > AR DTAERS B — A b o] LB EhE 1 AR Rl BB S > DI 23 A
FERAG i B B R B L R R e o - R 2R [RI VR (8 7 BE AR S ARaR 2 &2
{RIRER R E R 2 R/ - AW LIS BIRGES > SR ERCHD TR (F R TiRE S
SR (e PR © ARITSE T2 8 A A R 4 S AR B IR AR 2 57 » 7€ CAGAN E2 DNN-
LSGAN HyE &g » HIR AL ISR e R a0 s 7 A LLRE M 2/ B RE S A 2%
TS PR ATRER - B4 MFCC PRI ZE 2 J775 1] 73 IR 5.96( WER%)Ed

9.74( WER%) ©

RAATELIR TR EARRE 25N PR LSRR RE TR BUR S S AR (M T VAt RE A
FWEFE 2 — o [EFN > B AHITSE £ BRG] DR R B O R i (I 5 7R D £ DA
T R BB SRR VRl © ARACH F PR ERHE 584 (Data Augmentation) F 2 I/ 6
RS BT LUK BE SRR B, » (58 A 2 55l 05 =N ISR B2 AR A > (AR R
RUa] DUER BB AR R SR EER - ] UK (G SR EDAEAYER S A UCAC T RE > fEiT
KNESETTE S HEHCSR © INIE - RAFEA BB AR - #E2MER AR BREE
NEEELER - ([BEMEEERGE TR D > T ] DURS s B E R 53R
PRRIER 774 B sETRE A B 228t > T HREET R E R EHHEE -
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