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BEE : B denoising autoencoder (DAE) %A WTIHMF O TAZMIET 2 FEEZET 5. KM - A
B A% v Z I HNE R & PiE SR E SRE QBT E 50, IEIBE B UERE O B D 2203 A0
ELBIEPHONTVWS. ZIT, YUIAF vy RVEREARE UAEEFEMICEWTE WL E
B U TWBEH DAE 2 HWT, PO TAEZALERENPSVTAEREERVWI ) —VRERADT Y
VYO RERTHEIET, FWEOTAZERT 271 VX EHBETLI L2/ AL, Z0LE, K -
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Yazu TAKASHIZ OGgawA TETSUJI!

Abstract: A novel post-filtering method using generative adversarial networks (GANSs) is proposed to cor-
rect the effect of a nonlinear distortion caused by time-frequency (TF) masking. TF masking is a powerful
framework for attenuating interfering sounds, but it can yield an unpleasant distortion of speech (e.g., a
musical noise). A GAN-based autoencoder was recently shown to be effective for single-channel speech en-
hancement, however, using this technique for the post-processing of TF masking cannot help in nonlinear
distortion reduction because some TF components are missing after TF-masking. Furthermore, the miss-
ing information is difficult to recover using an autoencoder. In order to recover such missing components,
a reference signal that includes the target source components is concatenated with an enhanced signal, is
then used as the input to the GAN-based autoencoder. Experimental comparisons show that the proposed
post-filtering yields improvements in speech quality over TF-masking.
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Adversarial denoising autoencoder for non-linear distortion reduction
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5. D XD I T « N X IFIHEF RS & R
METE2H0D, Ia—IHNVI)AADES3HEED 7
OFHEPELDZEPHMoNTWS. THUIHL, 77 A
N 7 AHEBUZ B W TR b 2175 2 & TIHBL O A
T 2 FE 3] RMEDPREINT WD D, REIZLL7
BMOOTANEL B2\ MERD 5.

£/, BNGESD» o HUESANDIMIE L L% De-
noising autoencoder (DAE) DOF:fllAa THEEHEE T 5 A
MNRINTWS. DAE (23D < FIRIIHER O IR LI
IZEED K FiEZE LRIBMHREZ ER L TV a0, HEKBKE
UCEHZREEAEZHND Z 12 & 2882 T
bz, FEOZ YV v Y IRRET 57 EOREN T
fExnTwa 4, [5], 6. 2o ORMERERT 5720,
HOSHZEE T2k, MEZEERVERES EXHIT
ERVWEDIREEEDETEEKT S L 512 DAE 27H
THILT, HRLMAEH 2 ERT 2 FEPRES
TWa (8], [9]. T, BOSH DAE T &b, 5REHE kP
% RFfHl9HI% T end-to-end 249 % Speech enhancement
generative adversarial network (SEGAN) (%, & M5
FAEFEEERTELZLDRINT WS 8. £7z, KM
JH RIS IZ B\ T SEGAN Z i % 2 & T, FRERE
TIZBIT 2 EERBEREEZEETE 2 RINTY
3% 19].

AFZE T, REKRE~ A ¥ v 7 L HUS R DAE % #i
A352LT, HUEROOTAZMKL s, BiFEH
E D 2 @REEICIET 2 FEE2HRE T Z L2l s,
WE, - AR AF Iz E b BonsERE, B
IR D DRI & D, & O BIEME S & a8 fe
NELUETT S, ZokE, RELVZEHUSHEED %2
HHERAZVICELTEZ L IINETH . AFETIE,
noise-aware F# [10] (&R 21T, T DOFEDMR %z
Az, XA 7Ry OEHNEZIERE L 2 HINEERD &
BLIEITEHL, ZOBHES 2N RE U THOK
DAE Q¥ IZEAT 5 LT, RikLZHNFIERD %
BT A2 EAAD. £, FRILO T ALYE
HIRICKFET 2 Z e APl b0, fhERe LTl
HEEREEZ5A5ILHiAAS.

AED ELFERIFATD 2 8 THS. £9, 1) SEGAN
DAKE LT, BHNEREXHHESEEHRZ S ALZSRES
EHZ5ZLT, BFASHFOMEERESHETELIL
ERUZ. ZHIZEO VYT VF Yy rIVESERGE L
EHRI T HHERD SEGAN & 0 b @\WWEREZ R TE 2
ZeEmUE. 51T, 2) Kl - FBEB AF 702k D
I L 7255 Ic 2 RE S 2 W SEGAN 2i#fd 5 Z &
T, BHFAGZITEENDIFMLEAZDRWIERTE S
Zeamlrz.

AREORKIZLAT DD TH B, 2 TlE, BT S v
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BT LHRMER A Y v T =2 IZHILOTARBRET 1L
R OREFEEIZDOWTRBRRD., 4T, YILVFF ¥ RILEH
SRR L D RREOAEYEERT. ®EIZ, 5T, A
FOELDHEE5BEOREELIRRD.

2. EONBIERRY N7 —0IC & 2 EFRA

SEGAN [8] iX, #F 2 G LBIIES»SHSINHRES
NEBFEENOHHEER TOY Yy ¥ 7% DAEIZ LD
EHT 5. KHEBIZE 1) 5 DAE 1%, RROKEM -
BEEE R R e U7z DAE L Ea ) BEESNEEHET
5. DD, MHEZZEERTZ2HBERRVE VI FIENDH
5—F, GREFEOHHENKEWEZOFEIPRETH 5
WO MENRH -2, I T, SEGAN T3 o
Mefllaz AT HI LT, 7)) -V REHEESERIITE
BOWEDLEREREFEEE2ERT 2 L5 DAE 2%
B9 3.

SEGAN T4 idt G LAk D hofigiansg. 4
Has e L TUFOED DAE 2 W5, =y a1—X1Z
BIE% 31, AMNIANiEEZ 2L LA 11ED 1 XLEH
IAAEIZ DR T, BIEOREIZEF v 2IVEHRE <
BBHEEIICHRHFENE, Trya—-KXIZHW1® (EEICX
16kHZ ¥~ 7V > 7T 16384 %> 7)) DfEH%E ANT
2k, 11 BOBARAARZELDZET ST VT %%
T, BRI RAIES, F v 3 I)VE 1024 O i 2375
Lhb. ZOLE, EEIPSIFRIF x Fyrx L2 LT,
16384 x 1,8192 x 16,4096 x 32,2048 x 32,1024 x 64, 512 x
64, 256 x 128, 128 x 128, 64 x 256, 32 x 256, 16 x 512, 8 x 1024
WILDHEADBESNE., Trya—XhrsBohzhEHb
i, EFRDGERSY T T UT R L A Ak
INAEBIZTI—KIZAHING, TI—XiFTzva—X
LH—DRBREEANT A FIEZEED 11 EOHE LRI
KO EIN, BEDOEIZE T 1 VERBBDHL BB LD
WZEEEINTWS, 11 EOWEMARILET v TH VT
VYT ERT, TaA-X0 5 EENICBEIES LR
H$ 16384, F v 2 VE 1 OWHREBLESNE. -
BWEAAARBD AL LT, 1 DHOMEHAAEDH
heirz v a—XONIET 2RI OFEOWLHZHA WS
skip connection [11] 28 A9 5 Z & T, & DA fiihE
TOFI— RWHEEIZRS. ZD& &, skip connection 12
Koy o TanRy—va VT A - XOKBIZEIT S
BENT Y I — XANEERN S 72 DA B 5k O R % (KR
TE5Z eI NG [12. &BICET 2IHMELBERE
U T, parametric rectified linear unit (PReLU) [13] %
W5, BB EBY UT, DAE D AOREE 7)) —
VIEBLD L REEHAVS.
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D@ EITS. WAL LT, ERBOT Yy aI—-XLEHU
RED 11 EO 1 IRTEAIABRED SR EAAA= 2 —
Iy bEMAWS. U, EIEABEEIZIE PReLU O
K4 0 1T leaky ReLU [14] &2\, &EDHIIIZIE virtual
batch normalization [15] Z# M9 4. @ild& v Foh
5 8x 1024 RITLDHITIE 1 x 1 BAAAIZED 8 x 1 {XIT
DAY MIZEE I T8, REROMILAIIZ XD Kk
HIZ 1TIRTTD AT T — B TN 5. G a8 D HE LB
LUT, ABWSIh7EENsY)—viEE5Thdr, £
DAE IZ& D AR T NI@HESTH o2 RmT N1 TV
fill & GO 2R 1T & B ERIRS IR & DS A 2 WS,

PRI LA NI HON 2B QR AI & 0 A s
LR E R EICREALT . TSR D O8T AR
Z[EE L7 BT, £ GIZOWTEAIR O H MBI E B/
LT BEIITNTARZERTHI LT, LRdHOHEED
WA 2L LB ITHGDOBREDVIRT B & 51T L%
LT 5.

Lecan (G) = Ez~pz(z)7xc~pdata(xc) [1 - D(x, G(Za Xc)))2
+ Allx — G(z,xc)[ 1] (1)

772U, z, x.,x EEhENT XL I4X, BHGES,
)= EBT, pi(2z), pdata(Xe) 1&, /A AT MLz %
BT BT AN L BHEES x. ORBAMATHD. £
72, A EHCHERITH T 2 TR EDEATH S, X (1)
ER/METHZ2T, BEOJ ) —VEBLRHITERVWE
SIEPESEH 1T B LD ICERSEI REILEI NS, IR
IZ, B G DRI AXEREE LR BT, @inles DIico
WTAFOHWEKZ B/MET 5 X 51T/ A R EEHHIT
52T, BSOS ZEERINT BB XS
mx b d 5.

‘CCGAN(D) = Ex,xCdiam(x,xc) [(1 - D(X: Xc))z]
+ B xempinia o) [(D(%, G (%)) (2)

72720, paata(X,%.) FBUAIGES x EXIGT 520 —V1(E
B x. DRTDORBOGETHE. R (2) 2m/MET s e
T, BEO2 V-5 DAE Lk 3®ifEE e #IEL L
KHITE S &S ICilidrmibInsg. U EOAkaEE
WHAlsORE L E I =Ny FRATREIZT D 2 & TER
oL BRI TN ZER T & S 12 S, BRI R
27V =V EEERATERVEWAEDOBFTE 2 ERK
FTHZENAREE B,

3. BBESAEVEZSEGAN IC L 5IEER O
A

- RS AF 2L D E U 0T A E SEGAN
WEORIET 2 AZIRETS. 202 &, WM - B
B AF v 2 X 0BFAINSLEER, HESFROES D
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1 Architecture of a speech enhancement generative adversar-

ial network (SEGAN) with an auxiliary reference input.

A STHMEFFEOE A EMESINT VWD Z LILHE

ZRENHD. TDIH, B SEGAN D AS & U TH
M- BB AF U I L 2EAES2EBANLTEE
ON-HWESOEHREZMTET 2 ZLBRETHL L ER
bhd. £IT, KbhzlEHzHlised 5720, SEGAN
DASE LT, MFPFAZFICIMA THEEAESPME T 5
EHErSRESL L THER2IL42E2 5. BHEES:2S
WES L UTERZEGE, BEICHIRE Wz FiRIEHR A
SETELZ WK EINS. T2, EEROTAITESH
FOMBIIKET S EZoND 2D, HF T 2 HEH
NEBESLLTENTHE I eI NG, 22T,
FEFFEX 2 S U 72 S E 5, WM - A~ A ¥
VKRR B E S SRER L LTER
5. M1 IZiRET 22BES %2 H\7- SEGAN D& %
KT, Fz, HET S noise-aware FEH DM AL, R
DEF v 2 EEZ2 L L Uiz SEGAN IZBWTHAERT
HEHZ N/ EIND. FITREITIE, RROBEF v %
IES RS L L7z SEGAN I L, FAROBBESZ2E
ZTBOMBIZOVWTHHAET 3.

4. HFEHEFEERER
SEGAN D AR LTRREFSZ2EBAT S Z L OEME
¢, SEGAN (23D < JEMFIE O3 A D IE DA M % 1Al

THEDIT, TILFF v RV EEEAV S HERIAER Y
To7-.

4.1 EBFH

FERIZHERALUZYVFF ¥ 2V EEOINERERE %2 X 2
WWRY. HRIFREESREIENLZN 2 F ¥y 2L~
A ouRyOIEH & AREICHRELZ. HESHEE LT,
JEIDA #F 3 — %A [16] ICEEND 9 FEHOMSF 5%
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% 1 Models evaluated.
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2 Experimental environment with two microphones, a target

source, and an interference source.

MW7z, 2 212 SEGAN O H & 3l F W 7 k& O fl
¥emrd., w1 7ukryOBflfES1E, JNAS (17 25 7
YR LT U RERICHIE R < A 2k VoA v
NVAREZEZBHARAL I ETHEZERIIHL, HEEES2
HET LI TERLEZ. BFHT—XL LT, 8HEHDMH
% %-10, -5, 0, 5, 10 dB THEE L THE 5 N7z EF 8000 F&6
EHWZ. FRRIZ, TANT—X2 LT, FET—X L&
B pHEE %-10, -5, 0,5, 10 dB TEE L TH SN 7ZEF 50
Feahia Wz, RTORFBBIZOWT, K095 D7) =V
T7YATANREHEMLT.

ML T EEMEAFIEL LT, MHEHEL L2
SAFIA [18] Z Wiz, Bl N2 F ¥ X2 NVfE5D
REFHELAY 0.1 BUF O - JEIREUR 3 DA ZHidi s 5 Z &
THRZEEFZEFASHEL, BROOlSetid 52T
137455 2 ldiM s & U7z,

WHELVABFASTFOREZITMT 5720, BFALTH L
21 — VD Signal distortion rate (SDR) Z &M L 7=.
SDR @& 1213 BSS Eval toolbox [19] & W7z, £7241
B % FMi 9 5728, ITU standard P.862 [20] (23D
& perceptual evaluation of speech quality (PESQ) % & i}
U7z,

SEGAN o #3812 1%, &£ % 0.0002 & L 72 RM-
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% 2 Interfering noise recorded. Noise signals are selected from
the JEIDA noise database.

DB id | noise type use

09 exhibition hall (booth) | training
11 exhibition hall (aisle) training
13 station (concourse) training
14 station (aisle) training
18 factory (machine) training
20 factory (metal) training
26 street training
28 intersection training
30 crowd testing

Sprop [21] Z Wz, TRy ZHIE 172, Ny FH A X
13100 & U, X (1) NTEREL 8RN 5 A f#m 0
BHANIX100 & U7z,

4.2 EERER

4.2.1 HBENIBEHROBEMM

73, SEGAN O A1 LTERESEHAVS

ZEOBEYMEETMMLZ. ZZTERUATD4DODETILE

STl U 7.

e SEGAN: 255 % M\ SEGAN (8]

e SEGAN-oracle: 7 V) —VEFEIZEE LS (EMR
DHEZ) THOORMEICFEMAIN T WA ES %228
f§5 & L THWZ SEGAN.

o SEGAN-matched: [EfROHET TIIH B 7H3, R EIHH
PN TWARWEEZ22BES & UTHW:Z SEGAN.

o SEGAN-enhanced: SAFIA IZ & DR S /-4
RS %2BBE5 2 L THWZ SEGAN.

BFEICE D BOoNZEHFAEFE % SDR & PESQ 2 L&D

B L 728 R AN 3 1I2R Y. ZOKEA” S, SEGAN IZ &

DR X W55 1%, BIHIESICEXT SDR, PESQ &

HIZHREDSKIBIZ W X N 2 2 Hib 5 (SEGAN). X

512, SEGAN D A2 UTHlEE L &b It ES %

AW5E, WIhoSBES2HWZEE THEELM

EU7-. BRI L 2 EMMOMSEE2SRES 2 LTH

Wz B IZ R EYEREDME 5 T 5 (SEGAN-oracle) 7%,



BHRLIEF SRR E
IPSJ SIG Technical Report

Oobservation ©0SEGAN ®SEGAN-matched ®SEGAN-enhanced 1SEGAN-oracle

-10dB -5dB 0dB 5dB 10dB

(a) PESQ

Vol.2018-SLP-123 No.1
2018/7/26

Oobservation OSEGAN mSEGAN-matched mSEGAN-enhanced :SEGAN-oracle

15.0

10.0

5.0

SDR

0.0

-5.0

-10.0
-10dB -5dB 0dB 5dB 10dB

(b) SDR

3 Speech enhancement performance of SEGANs with and without auxiliary reference

inputs, where PESQ and SDR were averaged over 10 utterances for each condition.

05

(e) SEGAN-matched

4 Spectrograms of (a) a clean signal and (b) an observed

(e) SEGAN-enhanced

noise-corrupted signal, and enhanced signals obtained by
(c) an original SEGAN, (d) SEGAN-oracle, (¢) SEGAN-
matched, and (f) SEGAN-enhanced.

B = L HAIFEM U 72 IEfR O M E S oA 2 Rl
L2y NT—PRFEFHINEZDEEZONDS. L,
EBIIZEMROMEEFE S IIFHTE LWz ORETEL L
Lens. RERER» S, MEPERICHE TS L, K
FIFEAZIRN T WAL THHRVH S Z VR TN D
(SEGAN-matched). %7z, KA HN 745G 5%
W] - AR AF U 7B L D HEET 52 LT, I5745
MEREEI RS NS Z LD h 5 (SEGAN-enhanced).

BFRCEVFONBPEEFFDOART bR T T L%
4127, Ik, SEGAN TIXMTH £ N7z 5HIKIZ
BWT IV = VEBITHIE LR WITR RS BFEEL TH
52 ehbird. —F, KEFEEPIN THRWEEES
2ZRESLUTHWS I L TIOEAVIESh, T5
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WZHEF OHEEE A2 B IBES & L THWEBETIRERITH
FLTWBIEDNbhd. ZOREELNS, HEEELSR
5 & LTHWEZ & TSEGAN DMEENRETE L LS
Z5.

4.2.2 ERWOTAHOBEICSIT2EHE

SAFIA 12 & b 35N 758 A 126 U SEGAN % i
522 T, SEGAN IZ & 2 ML O3 A DK EMRE % &
ALz, 22T, UTFD520FF IV 2FMEL -,

e SAFIA-SEGAN: SAFIA 2 & &S N7z S A

% AJ1& 3% SEGAN.

e SAFIA-SEGAN-oracle: 7 V) — v EHEICES L
MRS (EMEOHMES) T DRI FHA I TV 515
S 2ZMES L L THWZ SAFIA-SEGAN.

e SAFIA-SEGAN-matched: FfEDOMZ TIEH B
2, BRI TWRWES2BRIESE L
SAFIA-SEGAN.

e SAFIA-SEGAN-enhanced: SAFIA iZ & D 5#iH &
N-MESROES %2 S E5 L U7z SAFIA-SEGAN.

e SAFIA-SEGAN-obs: SAFIA % 3 H3 % i &l
55 %255 & L7z SAFIA-SEGAN.

X 512, HEFEICE D ESNZEATFONE % SDR &
PESQ IZ & 0 §Ffii U 7245 R %2 R$. Zh &b, SEGAN i
IRV OTAEMIET S LT, SDR & PESQ DWW
NORBIZBEVWTHHEVNKIEICEEZEINZZ 220N S
(SAFIA-SEGAN). 7z, HiffioFE & Fkkiz, R
RN TWAIEROME 2 2RES L L THEABIC R
BEMNE SN, RN TWIRWIEMROMS 2 2 RES &
UL THWEIGATEZERE FEL 72 (SAFIA-oracle,
SAFIA-matced). %7z, SAFIA IZ & DRI - M
EBRESLUTHWAZ 2T, HALMEEEERASN
7z (SAFIA-enhanced). ik, JEfREAMEIZ X DAL
IR O T AIHEZ ITIKIZE L TE D, RO 72 4
HHEGZ2Z L THBROMENTELZDEFZION
5. —F, SAFIA #HTOBHIGES 22 BES L LTH
WIBE, BRIESZ2HWRWES L AT PESQ A3k
U7z—ATSDRIME T U7 (SAFIA-obs). Z#ik, #
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D SAFIA-SEGAN
m SAFIA-SEGAN-obs

oobservation o SAFIA
= SAFIA-SEGAN-matched m SAFIA-SEGAN-enhanced
SAFIA-SEGAN-oracle
20.0 |

15.0

0.0

-5.0

-10.0

-10dB

0dB 10dB

(b) SDR

5 Speech enhancement performance from SAFIA and SAFIA-SEGAN, with and

without auxiliary reference signals, where PESQ and SDR were averaged over 10

utterances for each condition.

(f) SAFTA-SEGAN

-oracle -matched

(g) SAFTA-SEGAN

-enhanced -obs

(h) SAFIA-SEGAN

Bl 6 Spectrogram of (a) a clean signal and (b) an observed
noise-corrupted signal, and enhanced signal obtained by
(¢) SAFIA, (d) SAFIA-SEGAN, (e) SAFIA-SEGAN-
oracle, (f) SAFIA-SEGAN-matched, (g) SAFIA-SEGAN-
enhanced, and (h) SAFIA-SEGAN-obs, respectively. Note
that band-pass filter with band 300-5500 Hz was applied
for TF-masking.

HLHWEFOM AN G ENBHESE2SRESLLT
5Z25Z T, RbhiHIESORH - JHEEBURD % 4
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SETE 7272 DIFL O T AR S N3, MiFITRAT
LR PEERINTUE 72720, HERELTSDR W
ERLEZEEZONS.
GIZEFRIZLVEONZRASAHDOANRT vB T T
LERT. ZOMRENS, KM - BB A X v JIRE
FIREE S DA 6 THIES RS R LIZBRELTED,
Ra—VANI)AZXDBFKELTVE Z AR TINS. T
D &S BIFL O T ADNE ENDEEFITH U SEGAN % H
FAT5Z8T, MTHENZEED L S kb B
DORETLEINBEZ L Hbhb. £z, EHASTIHCHEIES
ZZIREZTLLTCEHEX5ZLT, EbNWEZHEEODE S
RABEILDHRETH B Z L BWRTHNS.

5. fEwmESEORE

ARFETIE, RS~ A ¥ v 273D < FAMGAIIC
X O AEUZIERE O T AEBOIER Y N7 —712HD
K DAE &K WBRET BFEOMRNZ2ITo72. ZDLE,

EERCBEAES22RETL L TERBZET, &b
HWHECTHREBHZITAS I L 2R U,

SHOBEL UT, KRR T O & AR Ik S
W TH B Z e oNT WD o, AT HERERN
BEEBICHEAT 2 Z 2 2 et LTWa. £/, RFEIZE
DB L 2 EEESOMNE % 5 A RRERE T & D BT 5
ZrEBELTVS.
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