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Single Voice Activity Detection Using Deep Learning
Taiki Kato

Department of Electrical and Computer Engineering

National Institute of Technology, Kagawa College

Abstract

Blind source separation (BSS) is a technique that aims to estimate individual source
signals from observed signals without knowing speakers’ information. This technique
is utilized for various applications such as background noise suppression in hearing-aid
systems, separated speech estimation in a conversation, and separation of each musical
instrument sound. Independent vector analysis (IVA) is a well-known BSS technique, and
it has been confirmed that the BSS separation accuracy of IVA is improved when the
mixture signal contains many single-voice active segments. It is believed that using only
single-voice active segments as an observed signal can enhance the separation accuracy
of IVA. To achieve such performance improvement, a new technique that accurately esti-
mates the single-voice active segments from a multi-speaker audio signal is required. In
this thesis, I define this problem as single-voice activity detection (SVAD). I propose a su-
pervised approach using a deep neural network (DNN) for SVAD. The proposed method
is based on a recurrent neural network with long short-term memory units, which can
efficiently train the temporal structure of observed speech mixture signals for SVAD. To
train the proposed method, a dataset consisting of Japanese male and female speakers is
prepared, and the labels for single-voice activity segments are calculated. Experimental
results under various conditions show that the proposed method achieves approximately

90% accuracy in detecting single-voice active segments in test data.

Keywords: blind source separation, voice activity detection, deep neural networks



(FIFR)

774 Y FEJEDHE (blind source separation: BSS) ¥ 1%, F6&EMMOAH D EIRESH
BXo7BHESH»S, BI2H0E4OERZHET 2HKIMTH 5. Z OB HHIELE 2
COERMEONE, BBRANORFEEAEPORFHEEOEHOHE, SBESIOLRIEHETD
HEEZITH Ze R EICHHENS. BSS DHALEINTH 2 M ~R2 Fi3Hr (independent
vector analysis: IVA) TIHIESEFREEMNIC— AT NFHZE L T 2 RRIXE (D%, H—
At e X [H L PER) D320 BSS O EER R RICHF S I N2 ARSI TV 5.
EoT, BRIES L THFERFEXMOAZH WS Z 2T, IVA OHFEEZ M LT
2rEZoNS. ZDXS57 BSS OHRER EZ2ERT 2720121, BROFEEDOERNRES
LTWAEEES) O &R XH %2 B T 25BN ETH 2. £ 2 THRMX
T, ZOMEZBE—FEERFEX MM (single-voice activity detection: SVAD) & EFL,
CHZEBT 2 FERZOVTHA T 5. R TERIC, ZEiHDFEL LTHEE=2 -1
2 v F V7 —2 (deep neural network: DNN) 12325 < SVAD 242K T 5. RETFIEIEE
EEORRYIEEEZRARIEH T 272512, DNN O—HTh 2 E - HilflEiEL=y FEHL
FHFEN =2 -y bV —=2% SVAD ICHWS. AT, HAANBLZOER 7 —X
ty FEHWTEAEFRESZENRL, ZOEETOHEGEEHEXHENC I AT Z2ITS 2
ETHENT — R BT 5. tRA GG THEBRZITo AR, IRFEET A PTF—2ITxfL
TI0% BEDHE TH-FERFEXHIMILTE2 2 L 2R L 7.
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1.1 F@wmXDOER

HETHEE 12, BAEESZ~A 70k THE LS ONLESEED, S, REHOESZHE
ETHHEMTHS. BEARNZICHAE Fig. 1.1 1R, BERIHOF L TEFRES T
080T oNG. BREESIINT 20T, MlERFCHOOh TV ESroMEE
PRELCTERLZT 2B NUERT 2 2 27 %, 7L EOFREFEICHW SN2 EBEEE ORIRE
KDL ENH 5. LrLZDO—T, AMD (FJEENRTIEZWV) NOFH, HREX,
MG Y OB TR I RBICEY T 5 [1]. HHEEEMN 2 W "SIz Tnwa
T, HNE R 2@ EOBERUANOEENEET 2 Z LI X 2 B EMHEEOKT 2 [EhE 3 5 7
DIZH, HFEDHEEZ AW BEEE ORI - 2Bt WO RTERLHEA RO 5N Tnd. SHICH
PRSI TR, AVKRYD /A XF v k) Y IHREER T L L OFHEBEED X 512, A
DHERMREZ VR — P T2 HTHEHETHEDOICHIZZ LT 5.

ATAD & 512, HREDBERMIIERE LB L TREFASIATED, ThbDXR T &
BT I EREREFRSMFENIRDONDE. ZNEFTHEL CERENLREHRSHETIE
LT, ¥4 7k HREONMNE, SRR EOHEFEREHWTIC, BllEh LRSS
FEEDADL, BAHOBRESEZHET 2FETH L7 74 > FEFETHE (blind source
separation: BSS) [2] 2% %. BSS OME# Fig. 1.2 1R, BEMOERESD, RHOR
ABRAEZRTREAEL~A 7k THHIENS. BSSIX, RHODESGR A DWRTH 5575k
RW 2BHESDA»OHIEL, RETLHIOBEHRZF 2RI TH 5.

REW 4 BSS O FiEe LT, M7 778 (independent component analysis: ICA)
[3], MIZ~RZ PV (independent vector analysis: TVA) [4], KUK Z > 717504
(independent low-rank matrix analysis: ILRMA) [5, 6] 23#1E3 5. ICA X, BHESH
RFREIEIR TR A 3 2 2 & RUBETREE P EWIHETINCHIYLTH 2 Z e D 2 RZEIREL
7=BSSTHhh, BRAEGESEMILLKT (FRES) Coltd 5. EBRCBHIL REERESH,
AR D 2 DDIEZ 7 LTV 556, ICA IZEFEEIC BSS 2K TE 5.

L L%26, EROEEESDRGEHEDRESLKEER - <A 27 1k v HOEHELE
DR ZTC, RN TEBENES TR BHAAARREG LR 570, ICA THEEESD
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Fig. 1.1. Examples of application using speech source separation.
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Fig. 1.2. Overview of BSS.

BSS ZFEB T 5 Z i3 TERWV. ZORMBEZMBRLIFHELE LT, IVA $ ILRMA E0E%
ENTBD, IOBIEFERDO~ A 7akrZ2H02 BSSIKBWTT 7727 PAX Y EX—RR
TIATYVRALERS>TWS., HE- T, IVA % ILRMA OEFRSHEEREZ R EX 82 Z 2 I3HE
ETHY, bkARBUE - IRPBEICE S FTREINTVWS [T, 8, 9, 10].

1.2 FERXODER

IVA 23D BEVERE 2 T 2 St R AT L7zie e LT, Wk [11]) 285 5. ZOXHERT
X, EROERMRES LBHGESHC, FED 1 HHEOANE-> TV A RHEXENZ &%
NTWRIEY, IVA IZEHEECTHREHETE 2 2 e PEERINORIATWS. BHIESD
BHGEEORFEFTHEDRARBETH 25A1Z, Fig 1.3 1R T X512, FED 1 3HEDAHFE
il LTV S RRIX 2 WZ Y, IVA BEWHE TEEGEE 2 TS 2 e TtE 5. O
A EEE L CWAIRIUTER, FiEEIEEE LT e H & F oM TR L 2h o 25E05E T
R—=VTAXY I TbN370, FED 1 EEDAHFEHE L TV A REXEEZZSEENT
W2 FREENS. KRXTIE, 20 FED 1 FEOABHEE L TV LRRHXE) % MFH—
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Fig. 1.3. Defference of mixture signals: observed mixture signal includes (a) many mixed
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is improved in case (b).

Demixing system

IVA

W

G

Extracting and concatenating
single-voice active segments

-~

IVA

— = W

Time [s]

Demixing system
Time [s]

———

Apply estimative
demixing system to
original mixture signal

Time [s]

Fig. 1.4. More accurate separation utilizing only single-voice active segments.

eI L ERT .
SCHR [11]) TNz IVA ORB 22 BT 2 L, RS S ESEES502/RMXME%E IVA
DEREZICE 2 2D TidH <, Fig. 1.4 DX 512, EHBOFEEDFERICHE L T\ 3 RHX
BZERE LR —GEREXEOAEMEE L EEEE%2 IVA 0BG E S 2 1D EkEE
BOBERDHEETE 2 L PRTE 5. HEE SN 0BERIEIIEE IS L CTIEKRE (KAZE) TH
379, REINLEEBESORRMXEICN U THHT 2 2 e T, 2REXEOSEE

BOBHES G oN 5.

HDAD 7N TV X 6% KBS 5 70121%, BROFBENES L TV 2 EEES» OB
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Fig. 1.5. Overview of voice activity detection.
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Fig. 1.6. Overview of speaker diarization.

FAEX 2 HEE T 20BN D 5. AR TIE, ZOMEE IHE—FEREX B (single-voice
activity detection: SVAD) | ¥ 7E#* L, SVAD %2175 THIZROER* HIiES. BRI,
HE—2—71%v bV —2 (deep neural network: DNN) (232 < SVAD IO\ TGS
L, ZO¥EETEPREZOWTH®T 5.

SVAD OFEi & LT, Fig. 1.5 WRT &I, BHEE» S EHROHEFEIN TV S
X DA ZRH T 2 5 EXEMRE (voice activity detection: VAD) [12] 23® b, &
BRBIZ2ERMEESNESCHIN R ~A 70ROty /4 7FCHHINS. R THRD
5 SVAD & 0iEWid, SVAD 3 —F@HERGEXHOAZBME T2 2HNE LTV
DXL, VAD ZHE—ICR6T (BEGEETH-TH) BEADFET 2NHEXEZHINT 5
CCZHMNELTWARIEHS. VAD T, BB AKX H ORI T E R W0, Bld
D IVA DHEZA LT 2713V XAANDERETER V. 20fth, AN Z21T->T
WHIRM N TEFEEOREFEXE 2L L I NI T2 EXA 7 74— a > (speaker
diarization) [13] LW S5 HEibH 5. FEEXA T IA4 ¥ —>a % Fig. 1.6 1IR3, 2D



1.3 FEWXODWE 5

......................................

: Speaker A signal
i | Speaking | Silence |

The probability of speech in the

melsl specified interval is entered.

+

Speaker B signal
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| | | | K Amplitude spectrogram Mixture of speaker signal

" Time [é]

DNN : —

11 : < s Time [s]

i Mixture of speaker signal : i \,l L

iSTFT > 1R Prediction
—5 — |0.8[0.7]0.5/0.20.1]0.9]0.2]0.1]0.1
Time [s] § =z
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Labeling Time (s 4 Label

1[1]1]o]0o]1]0]0]0

Fig. 1.7. Process flow of proposed method.

IR IE R F IR D BE D RTBLEICIE R S 1553, VAD ® SVAD &b X5 12854
DEWTRIBRD 5N 2720, HHEEEPRIEBEOR EIRELHTETH 5. AW TRA,
VAD XD EMEDVFEERXA 7 74— a > X DIEEHEZ SVAD & v EICE D fHip
2T, HBHDRVWEDE F— 2O TERBEICH —FHERAEXMEE M TE 32 Fik
DIRERHIET. IRETHEOKRILARTNE Fig. 1L.7TIRT. £3, 7—& 2 L TEEODE
BOEARESZRAL, BHAES L IV E2ART 2. Zor %, B-FEAESXMEZ 1, Z
NN DX Z 0 &5 2 7T 21T . RICBIHMES IR 7 — 1V 2284 (short-time
Fourier transform: STFT) Zi#H L TIRIEZA X2 t 02" F 2L, DNN AT 5.
DNN ETE 372 7 UTGEWRERZ TS 2 X5 2E s s, &EIIC, EEITEAL
TWARWT A b F—RICHT 2 FHRIEEICOWT, EEEE L TIMET 2. KR TlX, Bl
BEORMAMOMELMERLEE T 201, - FiHREL=y M2 HVN7HH
il =2 —F 1% v bV —72 (bidirctonal recurrent neural network using long-short term
memory unit: BILSTM) 225/%% DNN &7 /L 2T 5.

1.3 AERXDIEM

¥, 2ETIE, IREFIREHEMAT 2 -0 I CEELREBAFTH 2 STFT LU DNN 220
THAT 2. %7, VADRHFEEXA 754X — a v OBEFEFERELMFE L LTHEMNL,
RETFEL OMESICOVWTRNS, 3ETIE, RRXOREFIERICOWTHAL, EBICH
WRERABEHESREERZ NVOERTEZRRS. Z0%, KX THWS BILSTM @
REE R 2B FIRICOWTEIAT 5. 4 T, £y U TIRETIED DNN £ 71 % ERIC
L, B iE X OMHEEICOWTEHi & BEE21TS. ®RFKIC 5 BETIE, Rime
RO E BN 2.
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21 FZANE

AETIE, 1 ETHENLERFELZMNT 2 72D ICHER BRI TH 5, STFT, DNN,
MO BILSTM ZZh 2 2.2 i, 2.3 #i, MU 2.4 HiCHMICANS. 2.5 BiCIEAGR X TH
D5 SVAD &\ 5 BEICEBIT 2HRICONWTIARS. 2.6 HiTAREZF D 5.

22 STFT

STFT &, HEESORBINCELT 3 27 ML %, B EBREEER  Eh 2 —XTo
FHYBZEM TR T 2700 M TETH 5. STFT OffE% Fig. 2.1 1ZR¥. STFT TI3,
BEEBOR MY EREXENCAE L, BEECERE LS 2 CRIBBEERA L £ 5.
BHEEESORMIEEE XN TERT 2.

y=[y1),y2), - y0), - ,y@L)" e R (2.1)

22T, T idEgEE, L3RHESyoEX, [ =1,2,--, L 3KHEES vy OBREEEY > 7
NEzhehRT. GREXKEE (BR) MOEREXEOY 7 b EZZAZh Q KU T &
Lzt %, REEROGEERBFEROES v © j HFHOERKMXME (K7 1v—2) 05
g IxRRTRINS.

g9 =[G — D+ 1),y — D7 +2), -,y - D + Q)" (2.2)
::[g(j)(l),g(j)(2),--' ,ﬂ(j)(Q),"' ’g(j)(cg)yf c R? (2.3)

ZIZT, j=1,2,--- , J RO q=1,2,---,Q &, ZTNFIRH 7L —2LKRUKH 7L —2H
DYV TINERT. iz, 7= JE3XRcE-THEZ N3,

gk (2.4)

-
72720, BERLIEZ7LV—28JP8Hr22 X5 CKE7 L —20EEOMEmIE R %
AT (XaxFgry) iz Ttng. ZOrERE 7L —LDEEE2L2TD )



2.2 STFT 7

. . \/ . . N\
Time domain Time-frequency domain
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Fig. 2.1. Mechanism of STFT.

WKOWTE L DEL2RH7 L —2DEBRRROBEY EHRTE 3.
Y =g g® ... gl ... D] e ROX/ (2.5)

Rz, BE Q 0FMHEE w=[w(l),w(?2), - ,w(g), - ,w@)]T € R 2 EHT 5. STFT
DO FRATEREINS.

:ﬁTT(?)e@*’ (2.6)

E:w L0 (Xp{—w%dqz;ﬂi—l)} 27)

ZZT, Yi@fx«?bD97AtﬁMh RO IR B R R BUR 7T %2 F 2175 CDH
. e,y BY O (i,5) BEERT. 131 = [$]+1 2588 (-] QRBEED,
i=1,2,---  JIZEAFEKE DAL F IR, §=1,2,--- , JRRE 7L —2DA4 Y F7 R, 1
BREHHEMZRLTWS., 20 X512, RHEEROES 2 — &R Q OERHBICXY) > T
MERBER w 2 CCHER Y — vV £ (discrete Fourier transformation: DFT) §53 Z &
T, AP O 2 KRBT THZARZ bS58 Y IERTE S, HEARY b
077 AFE R HEBEOIRIERN 77 & M) 28 o T 228, BRITHEEDZ K DEEES
WFTIX, IRIERDDAZIDS e B2V, ZOHEEZ, BEARZ a7 54Y OFK
E%k%bf%ﬂ@%mot%%x«ﬁbnﬁiAnqeRgJ%,%ﬁﬁ@Q%%motA
V—2AXZ a7 46 |Y|? e R ZUHEOMRL §5. 22T, X7 PARTINCHT S
HoHMEFLE RO Ry Mt E IR 2 2 W ER B OMEMEN CERBORREERLRT. Kin
XTRREARZ a7 azfns.

Fig. 2.2 IC&AHE%Z STFT LIE6NRIEARY ba s a%k/pRd. HU, BRI
EROTTFINVICERL, BOEVTREL TV, EHEEBE S, EAREBERS v
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Fig. 2.2. Example of amplitude spectrogram of speech signal.

Z DEFUE D BRI HRIRICAER T 2 72, Fig. 2.2 O & 512K & 2 IRIE 2 1750 i) Hifa
FReioTHNS.

2.3 DNN

DNN &, MOMREEEBL2=2—F %y V=22 XD FEVEBICGHEIEZ 25D
TdH%. DNN & HOZHEMAEI3HEE Y & JiEh, BERRERCHMEIERE cFAH T
%. Fig. 23 IQIFHMAA—t T v r v 2R T. Bli—t 7 b ZANE e HIEDAD 5
MRESNLE2S TN Iy YT —=2THY, FANCEAZODIT TER L EICIFIERE S %
HMLUTHAZES.

WE, BMiA—E T b Y DANNY bLE x = [X1,X9, - ,Xp, - xXN| T ERN 2B, B
flik—tFbrrOHl yi&, EARERY ML w = [wi,wa, -, Wp, -, wn]T € RN, N
47 Zb=[by,by, -+ ,by, - ,bx]T € RN ZHOTRATREN .

. {0 (if wTx +b > 0) 28)

1 (otherwise)
ZOHMiAA— T i a—F vty V=27 DIEFIHEER LGRS TH 5. DNN
THwWHN S =2 —vYET M, ZOHMAA—tT o r2—RILLLELRS>TWVS.
Za2—uYEFTLOHNERATEZHNS.

y=¢(w'x +b) (2.9)



2.3 DNN 9

- -

[y Ay g U 45 S

Activation
function

Input data Bias Output data

Fig. 2.3. Simple and multi-layer perceptrons.

22T, o() FIEHELBEB e MEN A0 5 0 DIFEEETH S, ZO=a—a Y ETILE
Fig. 23 DX S ICZHIHEAL, THICZh%E Fig. 24 DX XEZEIHEE LRy b U —72
MEE—t 7 b e ¥ (multi-layer perceptron: MLP) &2 DNN OHEAF 72 5.
FET—RZEHOTHRY N —FHOITRTOEARBLHEYNCHE T2 22T, EE LWL
BB LN DFRPTHBEMBRT 2 TES. /2, DNN Fffibi 2 IEHE(LRIEL
DO—fl% Fig. 2.5 12T . WINHIERERETH 553, DNN OEHE RO HELIH K REIC
ST 3 7212 ReLU 24U & WIS LB EBE X v s 3.

DNN 0¥ 1%, ANCH$ 2 DNN OISR ZIEMEART 2 L5 =2 —a v D
HARH TS %\WS. Fig 2.6 12 DNN 0¥ HOMEL/RT. Fig. 2.6 DX 517 b
N AN LEGECHAT—213[0.7,0.3]T BHAIATWS. ZHUSHR LT, FRIOIEM:
%257 0UE [1L,0]T THEZDT, HhT—% (FHRER) PIEMRT—% (F00) 13a9< &
SIC=a—nYQEAL AL 7 REOTBERITS. FEMEL L, [0.9,0.1]T L&D IEMRTF—
RIEWMEL 725, ZOKTIE 1 DDAN T =X ZRUTHIGT 5 TNV DADBHINL TN DS
B, EBOFHIIBVWTIE, WRERANT—R2ZD 7" VERWTHEIZIELWTFHIZGE S
X518 T 3. %, FOME, FERICEGANIWEr =T —& (FRAMNF—X) L
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Fig. 2.4. Architecture of MLP.
2 ‘
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15¢ tanh i
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= 05+
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Input

Fig. 2.5. Examples of activation function.

WML THEEFLWHDZERTHITEZ2 X510k 22 RkDENE. D LI BARHDTF—
xS B FRINERE XU EMERE M3 5. £/, Fig. 2.6 ISl X T 2 BRI EY
ETFANEH L THE L EBEOEREO XL Z25E T 20TH 5. #£->T, DNN ORFE
ZEd 5 ETRENZ -, HROEZEE T X T A7 —XDOMJ7ITx L TAAER
BRO/NXL LTV 22 THS, FERICE, AT 2 XN 2 BK O ARED L & 17
W, HEENSLSTEHAICETOEOEARFAKET 5.



2.4 BIiLSTM 11

Input Input Hidden Output
vector layer layer layer

Prediction Label

0.7 | e[ 1
0.3 |em| o

ot
.
.
.
.
.
o

........... Back l
propagation
Loss
lAfter parameter optimization

ot
.
.
.
.
.
o

.......... 0.9 |<4=p
.......... 0.1 “ 0

Fig. 2.6. Training of DNN.

2.4 BILSTM

RERFN DT —2 %2> DNN & LT, HlFl=2—-51%xy b7 —2 (recurrent neural
network: RNN) 28% %. ZHhiZ, Fig. 27 Dk 3512, H3RZD 1y v v—2DHh%EXRD
A D AT Z 2 K& %> 72 DNN TH 3. KHD x4 1, X, X1 EFNZHRELN ¢ — 1,
t, t+1DANTFT—ZXZ b, hy_ i, hy,hy o FZERZORZE -1, t, t+ 1 DNEBIREE,
Vi 1, Ve, Vir1 GFNZORL t — 1, t, t+1 OHIRZ PLERT. 2O X5 BiEE o
DNN 22 5% Z T, RRIAROEZ RN FE T2 TELREND S, @E
® RNN 13 E D 5 KK DO OHEZFFOH, Zd RNN % Fig. 2.8 @ X 5 IZJE/H &
HAT 2 OAEDES LT, KEPLBEDHASED THAADEENREL RS,
DEFIL%EWE RNN (bidirectional RNN: BIRNN) ¥ MR,

RiZ, RNN ZBWTE{HWONE 7 —F 727 F v DR - BHEE (long short term
memory: LSTM) 2=y b [14] iIZOWTHHT 5. LSTM X, RNN O—#TH D, @HED
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Fig. 2.7. Architecture of RNN.
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Backward- - - h,g_

Forward - - -

Fig. 2.8. Architecture of BiRNN.

RNN Tl L WIERY T — X ORI KRG PE T2 2 e TE 2MiEEFio TV 5.
LSTM OWNik#EiE % Fig. 2.9 12”3, LSTM ik 17— 1) WO BREEAL, HROIEH
fichizo TIRF SN2, BN EET 2N ERi>Twa. Zhuckb, LSTM
BROWRBZ 7 — L TOREEREIRZ, FERIIT — X OEMLRME (X — > 23RN F
BT ZepalREr 725, Rt 1285, LSTM 2=y hADANF—EZRZ ML x, &
Uh, 2352, LSTM 2=y FTOREREZERD L S1TR 3.



2.4 BIiLSTM 13
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Fig. 2.9. Structure of LSTM unit.

f, =oc(WhHx, + R®n,_; + b®) (2.10)
i, = o(Whx, + RWh, ; + b)) (2.11)
& = tanh(W®x, + R©h,_; + b®) (2.12)
ci=foc,1+i 08 (2.13)
o = o(WOx, + R®h;_; + b(®) (2.14)
h; = o, o tanh(c®) (2.15)

TIZT, o) BRZ MLOBREFEIIHT 22 2E4 PR, WO, WO We Ko we) iz
RERE ¢ 2B B ANIRZ b x, 1ot 2 EAEEITY, RO, RO, RE, KO R© 1%, i
t— 1B BHHNZ b hy g T 2EARELTH, bE, b, b, KU b 1L, £h
FROBRBUIKTT B34 7 AXRZ bL, tanh(-) 1&R7 FILORERITHT 2 AR IE RIS,
0 ERZ MV OEKBORE ZNEIRT. £1F, BHIF - emdh, Bt - 1128133
RUEEANZ ML e 2o Y OBEREZREHTIPRET IRZ ML TH B, i ZAS5— b
RN, K BT B ATINRT ML xy MUK ¢ — 112827 ML hy_ oY
DEZEZFETIIRETIRY PALTH S, o iZHSF— P e Eh, Kt icB 3 5H
HRZ WV hy Z2RKDB7DDRZ WA TH S, BHZY— b f, ROANZF =+ i ZHVT, K
[t 1B 2 BHIRIE ¢, 36N 3. ZHhRIESAKRHESETITS 28 TRHRIIF—& &
LTH¥ET 5. LRBIEAMOBETHY, WhHMOEE, ’KiE ¢ 2B 2 EREE~Y b
c; M USRI Y Py hy &, B ¢4 1 ICB I 2 REIRER Y ML ey NMOSEIARIIE~R 2
Pl hyy ZHOWTKRD 5.
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w L] L] L]
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o
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w
Time g
Forward .| LSTM | ........................... .| LSTM | ................................ b O O Ooo .| LSTM | ............................. 3
Backward P e =X Y T P— { ........... | LSTM |. ......... T S
|Concatenate| |Concatenate| JLAL |Concatenate|
v v v
Output Output Output

Fig. 2.10. Architecture of BiLSTM.

Fig. 2.10 12 BiLSTM O ##&E %/~ 3. LSTM 2= v MiZ#H-S < RNN % JES M LE O
Forward & #75 [AALE @ Backward 12 Z N ZFAUEMH L, WAMO 10 6 RE&NRH %2 T
W32, HECX-oTE, MARMOHNIZ XS MLP ZOoRIFTHI 218255835 5.

2.5 BIfFDIELIAZE

AREITIE, RFHCTH D S SVAD & W5 BB 2581 DWW CaEtH S 5. VAD [15]
TIEHEFOREEXE & IEHFEX B OMHEEITS. FEEXA 7 74 € —> a2 > [16) TIXEEHEE
WMy ZDFHEE T B HAEXMOHEE #ITS . KL TR Z BI5 3 SVAD 3 —FEE
X OHEEDSBEZ DT, VAD X DIFEMEED, @BEXA 774 € —2 a > & D IR
HTHD. MBEEAT 74—y ayEHWTS, 1 ETHBAZ BSS OMRER LIS T =
BYEZLNED, ZOIBHBHEERA 754X —> a VY OEERHEEIIDEL LTV
V. AL, DERNMNREOMETH 2 SVAD Offz HIET 22 T, kb 7w
Hax b CHNZERTZ2 I ZHIBEL TV, @EXAT7 74— a Y DODIiEREh
TV SRR REROMERERICOVWTIE, SHOBEL T5.

25.1 VAD

VAD [15] &1iZ, BERRHEEOREN G I 2BHESOTH» 6, BRESOEEN LI
MXHE (EFHEXE) & z2hlBtolifEXE GEEHEXE) ZHEI$ 28 Td % [12, 17)VAD
1 DNN % ffib 720 i i 72 ik [18] ¥ DNN %{f 5 Fik [19] SEET 5. STk [18] T,
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BOUIICIREINBHIEE O Y — e BLER RV FESMERINTVWS. 20X
MCTRAREZMRIL T 2DIEEORY —, BETHEEZID HTLDIELEBEZHW,
HANCEE LBEICESWT IR 2 S 2 Z 2T VAD 217> TWw5s. XHk [19] T,
DNN ZHW7z VAD E7VOFEZRREINTWVWE. ZOXMTIES — M EEIFEH 1= v
rZ W7z RNN, REEAAALY YV =2, ROM I VR T = —T VA —RR—2X
DAy bV =7 D¥BHEITN VAD O E{T> T\, BEFike oBEME e U TEEYY
ERHWTEHEARXBBRHEZ1T5 2 TH 5. AEBRTRIKETMOMEZRRINCHEE T
ZHME LTW3 78, BILSTM 23,

AL HXHICLTWS SVAD & VAD OfiER & LT, SVAD TIXH—FEEHE X D
HEZITS ZDPHMNTH 2 Z i LT, VAD XMEBHNDOHN % FGHIX M ¢ IEFE X EIC
DATETZZeRHMNE LTW5. VAD EGEHE 2 & OFFEXBEHEE 21T > T0RW o,
BEROFEEDFIRICHEGTE L T2 RRHEXHE S HFEXE e L THEES 280 TH 5. 1.2 fiT
WAz BSS NDIEHEE 2 % &, FHEE L LT VAD Tld { SVAD QL X379,
ARETRAN U 22 F RS ARNNCARHAZLD BRERBICIEFH T2 2 23 TE RV,

252 BEBRAT73ME—>3y

MEXAT T4 = a v |20, 21, 22, 23] 1, EAORIRHEERFEDOSRMHBAIHDIKE
Do, WO, HEPEELTVE0EMET L2HMTHS. VAD DEWE LT, £3 VAD &
TWOFE L7z 3bp 2, THDEEL7zh) DFRNRV. FEEXA 7748 -2 a g,
FEEXEHANCMZ, FEEEROHET S, FSE 7 VR L CESEC L@ 254
RS AT T o TRAIRGHERETH 5. T1 P WDRE LTz RIEET 272012, A X
A7 54— ay AT A%, BZAZRWEEORBEMIETE, SHEE DY OHEED
COMERB LTV E2RHT20ELRH 2. ChEFEETLDIC, EEXAT774E—
YaVvIRATLATEENOERORBEZHHL, SFEOREMZ, EFEI/ XY M 2nd
BEEEA TR GEEIAL) ICHEIDYTTWD. FEELA 774 € — a VIZIE DNN %
DI N2 771 [24] £ DNN 24# 5 /5% [20, 25] BFEET 5. SR [24] TX, wAF 2
T=IDETRAYT—=Ia NI T FTRARY) YTV RT L EAWEGEEXA T 74— a v
DRZEELTWE., RIEH Y RAEAEET L (gaussian mixture model: GMM) 27 72 &1 ~
Tk, XA Y7 UEREHME (bayesian information criterion: BIC) 272 A&V ¥ JIZiE %
#aZ, GMM R—=ZADAE—=H—ipllX Y v F2EH LY 5 A& ¥ 7 X7 =) Viterbi
TAITY X LTEME NIz, SR [25] TR, AIZROEA L7 X ¥ MR L TREERTTOH D
ABEHYBEL, €7 XY MOFAICFHEE EIERR25EED SIRE L AR 2 EST 2 2a7
V> B S FRICEE 3 5. DNN &2V 5Eiftucd » 2. STk [20] TIX, REEOHIC
WEEEE D R — U IEFICE O EERT, BEDORA T T4 = a YT AT ATIEE
WMTOXFERI LIWIEERCRNETH 2 e D ITFonTnd. HT 27201, A—T14%
LAY MET BT, BEEXATIA4E = a Y TR ET5D 1 8B S8R o LEErE»
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I RX Y MZOVWTEDHIDPWIREZITOMED D 5. 125, FEITFH LI X2 0 HEH
TE 2ah 8 ORIt 3 2 ATREEDMER N2, FWER £ 7 X ¥ M L TIERED?D = Ol
POWIREZ T T I BREETHS. Z20HEL LT, XAT774 -2 a YOV FRT—)L
ETFAPRES N, VAD HO MarbleNet €7V [26] (FH 2~ FalakH D end-to-end
neural network) ¥ FEEIDIAAMMHIH D TitaNet €7V [27) GEERB 2T 272D
ContextNet 7 —F 727 F ¥) LMENLEREEEZHWFIEERoTWa.

MBE XA T 74— a TR, HREINIISRHEIXEIC E DFEENFER L TW 20055
No70, 1.2 HiTiEN7 BSS ANDOSHICHTEH T2 Z EDA[RETH 5. LA LAY L, ahE
ZAT 74X =2ayZ0bDOMHBNEELWHETH 279, SRELREEXA 774 € —
> a v BERT 57 DIIZHBIRE WD DNN €7 AP REDOFHE T — X BBEL 8 5
VAZHH 5. ¥7=, 1.2 H TRz BSS NDIGHICIZ TR TOFEE DFRFHEX HIERZ L E L
LTH6T, H@ERAXE S ZHHEE T EUIRV. o TARYTIE, FEXATZ
A€—varED bHRMETH 25 SVAD OFRO L2 BIES. MR NEMEAFEE X4
TIA L= ar XD SEHIIRL I, BRELRIZEE T —XDES DNN O %
MZBZeNTEL70, KDL SVAD OffIRATE 2 Z e ZHIFF LTV 5.

26 KEOXC®

AFETIE, 1 BTHHLRBEFERLZ BT 2 72010 & 72 2 BTN N CREFHEOM
LUFZRIC DOV THIA L 7. 2.2 Hi Tk STFT 122V T, 2.3 fiTi DNN IZOWTHA L 7.
2.4 HiCIIEBRTHM T % BILSTM IZOWTHA L. 2.5 HiTiX VAD RFEE XA 7 7 4
Y= a YOMGFFERZEMIIE L LTHA L, REFEL OMERICOVWTHENRE. 3ET
&, EETFROFM e FEFRCOWTHAL, Xy PV -2 ETVEIERT 5.
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E3E

REF

3.1 FRHE

ARETIE, 1 BETHRAZ SVAD 2EH T2 Fikr LT, BILSTM % fAW/=Fik% 3.2 fiT
REL, TOERNLE—EERFEXEOHEETECOVTHAT 5. £/, REFELHY
FT5RODANES (BEEHER) 207~ (M—FEREREER) OERGEICD
WT 33 HiTidR3. X512, BRWR Ly VU —2 7 LOMIEER 3.4 HiThN, Z0¥Y
FE% 3.5 HICHE T 2. 36 HTARE LI D 5.

3.2 DNN ICED3< SVAD

KREITIE, A ORBEFIEOMELRFIT 2. SVAD 3B X 7= EGEEDIRASEHE
B 6 MR B R X B R HEE T 2 Z e DHNTH 5. KL TR D 77— X ERRYI T — &2 T
HB1-, 2.4 HITHHLZ BILSTM W5 2 & TR M OS2 RINCEET 3 2
Lk HEET.

REFEOMES Fig. 3.1 11T, ZOXD Lo EICEEMZHAT 2. I FRAEHE
BOANEITS. AFEBRTIZ2 NOFEEOHKAE 2 EURGEFEEEANEBEELTVS. £
72, ANMOBRAGEEBSICETHOIERE 22 S AAMEXRATNWS. SNV LTHEZS
DTV ERIE, BAEFEEEZREARY b2 2CEBRLUZBORKE 7 L — ahH—
FERHEXELEL VS 2 HOBHRTH S, ANDRAGEHES L 2CHIET % 7LD
TERCATRICDOWTIE, KEICREMZ RN 3.

%3, REEAE5 1K (26) O STFT ZHAL, RIEARZ buZ 74 |Y| 2KD 3.
CORBARZ va 2 Z 4 Y| &2 JEDKRIND I ZoeX2 bre AL, Fig. 3.1 D& 5
IZ BILSTM 2 A 19 %. BIiLSTM PO XITEREEFIC DOV TIE 3.4 HiTHEL < ST
%. BiLSTM TIFRHID ANEE IR LT, EAME & HES DI DMEBIThI .
BiLSTM DIEA [ & A HEDHEHRZ s ik 1 DDRZ by L THES (concatinate) X4,
X512t EAE (dense layer) ICATTEN S, ZOEBEEBICATINRT MU, 26
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Input mixture speech signal

Time [s]
0 10 20 3|0 40 50 60

o
N
T

Amplitude

) Y

c

@ ° ° [ ]
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o
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t >

Time
BiLSTM layer
v v v
Dense layer Dense layer Dense layer
& & e &
Activation function| | Activation function Activation function

ﬁ - B Prediction

-
Loss I ime

E. el 5 Label

Time

Fig. 3.1. Process flow of proposed method.

JE% 1@ L, mHEANC softmax DOIEMALRIRZREH T 2 2 & TH-FEEREMXHTDH 57
R P FFEAXETRRWERD 2 iz, PR LTHhshs, ZoF
HIRER & Z XD —8F % K 512 BILSTM RO B EET DR TD T X — X HEE - B

N5,
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3.3 HETr—2REERESDIER

AREITE, AEICHANTR Y T =2 2R2¥EH T 55 A TRELRLMT - X THLREGE
FIEE MOIERZ NV DOIERTIEICOWTHHZITS . A TlE, HAEBZSHEEE SR 2 —
XA TH % Japanese versatile speech corpus (JVS corpus) [28] 2L, [RE&HEFESL
EfRE S RV EERT .

9, 2SRRI TVE—ANDFEED N oA EFEE 2 HVT, B—5FE
DERNE S 2T 5. Fig. 3.2 ICTH—FEOBAIGESOERITEZ RS, AL TIERT %
BHESZacRE 2L, ZOEX%Z L2 T5%. ZOBRAES a OERICHEET 2 H—EH

D N fAo#FEEFESZ (v, u®, .. u ... u)) 2ERT . CORGEEFESD
FEXIZELZD, ®@TLIDIREVWIOLTS. ZOXEFESHES u™ O 11281512

X212, a DA VT ACBWTEHEWIER Y bW E S ICKEENE 5 2725 2
T, ELADELEER, D2HEOBIERES a LERT S, Zo0ME, o it5z
ZEEENAE AW By, XARTEES.

N
a(l) =Y u(—d™) Vi (3.1)

X B kD, B2FEEOBNERES a PERINE. FEOUEEFIDFEZICONWTD
o, BHIEFES be R 2B T 5. BRI, ERLAEBHIEFES a XU b OEREME
W2z CRAEFES y=[y(1),y(2), - ,y(L)|TeREDRy=a+br LTIERTE 3.
Xz, REEFRES y O L ORM XM H—FEHREFHX M2 RTIEMR T XV OIERT
FEIZDOWTHIAT 5. Fig. 3.3 7 NIVOIERGEOBMEZRS. £73, Fig. 3.3 @ step 1
WRT X5, BHES a 100 UTIRIEA M OBELE 21T 5. BAEME, BELED
EEEZ ORI 1, BERBOMRRHEICE 0NE LS F VY FRURT P L
a=[a(1),a(2), - ,al), - ,a(L)]t € {0,1} ZXRD LS ICERT 3.

aay:{l(ﬁﬁwzq”) v (3.2)

0 (otherwise)
ZIT, BE (e BRATERT 2.
(o) = max(|al) x § (3.3)

22T, max(") WANRY ML OBRKEZRTEBTH D, 0 13EAHEHRIEME IS 2 BIHE
DEIGTH 5.

iz, Fig. 3.3 D step 2 DX 512, R AMOBIENLEZITS. Z OMEDMHEIE, FKAE
LTV BB HAGEOREED 2 bR EE A XM Z, o TIEFRGEXE &
FRMUPFLTCLES Z 2T 27-HTH 3.
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Delay time

d® ” “u(l)(l — d(l))
0 L
Delay time

(2) u@(l — 4P
u(z)(') 4 IM ( ) = Time

Delay time u(N)([ _ d(N))
N d&
u! >(') Time

L

| |

Fig. 3.2. Procedure for storing audio signals.

Z O, Fig. 3.3 D step 2 DX 51T, step 1 TRDZFRARTZ bb a DFT afl)
DEIEFE LT O IR > TWVWA2ETORBRXEICEHL, HEL TW3 0 OMEEDRHE &,
K THIUXZ ORHEXD 7 N UEE LT 1IC EFEZL, BlE (L U ETHRIXEELZ
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Step 1

Absolute value of the observed signal

/
]
i
1
1
1
1
1
1
1

al |
.Amplltudeg . i
i threshold !L e ___Time !
\ Label (¢ 00:11101111110111111000000010111111111011:0000 )
s Step 2 ~

Duration threshold o

a| -
Time
0011'1'1111111110000000'1I11111111‘:_"I_:’1 10000
Over Less than Less than Over Less than Less than Over
N\ fa  Sa Sa 16" fa o

Fig. 3.3. Amplitude and time thresholding.

WV, LW EEE KL, TROB, a OFT a(l) OfEAEK L T 0 OREXE O 7 N LfEE
(@), a(l +1), - ,al’ + 1" —1)) EF (" 13ERT 2 00K TH D, FHXEIHKT
LT T 288 T2 %, aidouHiERAr 725,

/ / / " _ (1’ L. 31) (if "< ga)
(@), all"+ 1), ol +17 1) = {(a(l/),a(l/ +1),--,al’+1"—=1)) (otherwise)

(3.4)
FERD LT, BIDFEE D Z L BITDWT b IR M O BB AL % i3

BRI, ZADFEED TNV a RO B2ZHWTRAERES y DIEINLEZRKD L. 20
W% Fig. 3.4 1R T. BABAHES y DI~V E v = [v(1),7(2),--- ,v(),--- ,v(L)]* €
{0, 1} v EF#T 2, ZHFEGEEREXMISHET 2B A > 727 2 TDA 1 TH
b, ZHlBHI0 e U v, (o T, a XU B EZHVTXRKD LS 1Tk oh 3.

1 (fa(@)+80) =1
)= {0 Eothe(rzvisef( ) ) v (8:5)

D EoFhzET, RAEEHES y OR—FEEREXBEERTIERT Ly 2R o0 3.
REFIETE, Fig. 3.1 IRT O, BEEFES y %2 STFT L TGO RIERA RS
raZI LAY EANT=22 L, ZRUCHIET 2HET L— 2B FHEEH T 5. Ak
DHETER I NI T L v 1F, BEBRRE A > 727 2 18120 X 1 D4 FUEHIT SN
727 R o TV, EoT, 700 v ORREIGEE R L, STFT O 7 L — 278
O (REARZ baZT o Y| OFFNHHIET 2) N4 F VEICETT 2 QU2 RIZICHT.



22 HE3E REFE
- Step 1 -
Time
Speaker A A is speaking
111111111111 100000000000000000
Active Inactive .
+ Time
Speaker B B is speaking B is speaking
#i0000000i111111000000000i11111111
Inactive Active Inactive Active
| Time
Mixture A is speaking
speech signal B is speaking B is speaking
a+fi1111111i1222222000000000i11111111
Active Active Inactive Active
(single speaker) (multi-speakers) (single speaker) /
Step 2 - .
{ Time
mixture A is speaking
| speech signal B is speaking B is speaking
Label 1111111000000000000000i11111111 |
i Voice active Voice active |
\ segment segment )i
Fig. 3.4. Producing labels of single-voice active segment for mixture speech signal.
Label for mixture speech signal
Time [s]
0 10 20 30 40 50 60
1 T T T | T ]
ol_i 1 | 1 1 1
=
Convert using Label for mixture speeCh Convert using
majority decision spectrog ram majority decision
= _.
Time

COHITONWT, Fig. 3517, BARRNCIE, FTBRERIREBD A FVEZRD 70

Fig. 3.5. Converting label to frame-level values.
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%, (22) LR ESRXER QMUY T7 MR T ZHWT J HOREREXHEIC2ET 5.

(G =D+ 19 = D)7 +2),- (G- D+ Q)T (3.6)
= H/(])(l)a 5/(]) (2)a T ’ﬁ(j) (Q)]T € RQ (37)

’?(j)

C ORERHEXEND 7 R LT, A FVE0 KT 1 DZBIRLE 21T, j & H DR
B2 Z VB Y L ERLI- e E, ZORHIEIRA L 725,

0 (otherwise)

CDESRXLTHRLNDG FANLT DA 727 R ji&, IRIEXARZ barJa Y| ORH
ZU—LFILTWa7D, ANT—Z|Y|DITXVZHWSZEBTES.

3. Ry hO—0EE

AE TR, BEFHED BILSTM RUE2HERDO Ay P 7 — 7 HEICOWTHHT 3.
Fig. 3.6 KREFEDO XY "V —IHEDOEAEZRT. ANT—XTHHIREAXRZ bar
LDFREE 7 L — 2 Z2RRY|F—& 2 L, BILSTM QIEA AR HEICANTS. 2D

=) JEGmEHGHO LSTM 2 2h 2N 3 JBHET 2. 1 EHEMU 2 EEHO BiLSTM O
N, EREEFEAFO 2 O0DOH IR PAZEELTWS. %7, 3EE® BILSTM O}
TNENEFT R & HTTE D 2 DO IR P RERBIERLTWS. 1 EHOD BILSTM i35
J 3R 7 L — 2D ANKITTEGI R e KT B0 I ThD. FDk, 1EH
® BIiLSTM DA/ A1 fe ¥ 75 L %58 U 72 O M ROTEE 1/4 ¥ 725 XS IKEEL T
W3, 1EH®D BILSTM @ 2 DM AR P LFEA SN2 DT, 2 EHD BILSTM O A
NRTEENE 1/2 ¥ 725, 2 @EH® BiLSTM T, 1 BHOKKE 7 L — 20128 Fig. 3.6
DI IRTALEN S, 2 BHD BILSTM OHIRITRZ b AL DRITEIEE AT
I/16 ¥ 72 b, ZOAPHUKEEEINTI/S &%, 3EH®D BILSTM ® MU X, &
BIZETAD [/64 DO NRT bz (FEETIRRL) HEBIIREL, ZoMRE22
FEEANCELTS. 2EEEERANE O 2 @Tish, ANEORTHIZ 1/64
(BiLSTM i —%0), HABOXRITCHIZ 2 & EL TW5. HAEOEMELE I
softmax B Z W T W3 720, fEXFEDOX Y VYV — 7 2HROFRKEEINERE 7 L — 24
DNAFV 7T ADHERMEL 725, 00 OMERED TH—FHEEREXETH 2HF KU
M —FEEREX TR VR 2RT LISy VY202 E2¥8 55, B, RKH
TE0 72131 DAL FUETERLHERETH 2720, FHREREZE 22012 2 HbLEE
3. BARENCIE, PHREROS S TH—FEREXETH MR OAZEDLRY ML E
= [1),02), -, T(), -, [(N)]Te0,1) tEHT2LE, XRZHE T2 T2l
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o
(1st BILSTM)
Forward @ .................. LSTM |rreeeer | sereesasaeans >E om omae ..| LSTM I. .................. > Iayer
Input
Backward| <[] LSTM  Jereeeeees | oeeeeees LSTM |e= = = = e R — | P I
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[ Concatenate | [ Concatenate | e I?oncatenate| L [/4 )
(2nd BiLSTM)
.E-E .................. .EE ...................... 50 0 omx 'ETM |. .................. 4 layer
Input
oo | | oo { LSTM I‘ ................ | LSTM I‘. ....... oo | | ocorooo I LSTM I‘ 1/2
Output
|Concatenate| |Concatenate| e I?oncatenatel [/16
i \ /
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.| LS'E .................. .| LSTM | ...................... >0 O oo .| LST™M I. .................. N layer
Input
oo | | oo { LSTM |‘ ................ | LSTM I. ....... <Pooooooos | | cooeeeo | LSTM I‘ I/8
Output

| Product | | Product | | Product | [/64

1st dense

| !
%% %% %% ___layer
Dense layer Input
1/64
| |

| Output

Softmax [ softmax | | Softmax | 2 J)
! ' !

@ 0 ® e -

S

! !
Prediction 0 1 P 0 ]
Fig. 3.6. Network architecture of proposed method.
t3 5.
e 1 (f 0@ >0) .
w5y = v 3.9
G) {0 (otherwise) J (3.9)

35 2y bI—0DFE

KEICIHRRTED A Y bV =27 DRI T 2HAZITS. £, AEBROREREAETIX
FETF—&, BEET— &, NOTRA M- 3@E2MERT 2. ok E, REFARESN
THA L TWSHEHIIFEE T —&, LT — &, NUTA M T —XTELRZFEHEL 2L
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REEFESEZIENT 5.

RIZHy T =2 D5 X—2D%E () ICREBZBEROFEGEICOWTHNT 5.
BEOHER, 2T 2RO THRERARZ P T £ SRARY AT OANLFY 2782
I hut— (binary cross entropy: BCE) {#8K%5H 3 %. BCE #HREIXATERINS.

J

—= > [TG)10g D) + (1 = T (i) log(1 — 1)) (3.10)
7j=1

2T DT, ¥ETF—X2EHWTIO BCE 852N & < %3 X 5 103G 2 v
Ty b= 2RI XA —=XEEHL TV, BFHZ DI, BEE7T —XIINT 5
FHIMEZE=2) 7L, B TZHEHAT 2. &I FEEADSI Yy N7 =22 HWT
TAN T =R B HE—EEREXEE THIL, REFEOMREER M 5.

k\*—‘

Lece(T

36 XEDFLY

AFETIE, 1 BTHALLERZRFECOVTHAL, ERICHV2EAERES, EEIN
NVDVEITIE, RORBEFEDO Xy b7 =7 HBEICOWTHA L. 3.2 HiTld DNN IcED
< SVAD OFF LWl ZAT o 7. BRI EERSGEME I 4 ETHAT 5. 3.3 HiTIEHERIC
FAWRIRAEHEEE LIFMR T N VOERFIEICOWTERZ R ZTHE L. 3.4 8HTI35EER
THW3 BILSTM O% v b7 —Z1HHRICOWTHHA L. 35 8T, *v bV —270DE[K
7 FEFICOWTHA L 72, 4 BT, REFIEOERSEM & EBTIER CFEREFICD
WTHIBHL, Fon/fRE b L ICHROMHEITS.
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45
B SEE TIPS DT R

41 FZHLE

AETIE, 3BTENRNEREREFEEZHNT, B ERKEXE 2 T3 EBROFME 20
WERICOWTHAT 3. 4.2 HiCEBLMEICOWTHIET 2. 4.3 HiCREFEOHYE N UG
flizfTv, ZOMHREICOWTHEMT 5. 44 TAEEZE LD .

4.2 HERZM

AREBRTIE, 3 ETHRRLABRFENEOREORE CH—FEEREXE 2 M T % 22,
ZONEEZFHET 5. AHICE, RNEBROEKRNZREREMIA D TRERICHAT 5.

T3, AEBRCHHATZ2EAEHESX, JVS corpus 2 LT, 3.3 HiDHETIERL
7z. JVS corpus iZi&, HARABLZ 50 4T DD 100 5D T =X EENTED, KiH&ElC
B LT 100 D R Z LARGET — & (RACXEZHGA LT TWE T —%), 30 HD 7 v o8
FUNHGET =&, I0BHEOIIPREFDIHGET — &, KU 10 BEHOER DT — &2 0E
FNTVWDE. AFEBTIE, BL36HLOEED O TN 30 BED ) VT VLFRGET — 2 %
L, 2%OFBEOHMAELIHEAT ST, HEHEDER 2 18 HORAEEHES ZE 1800
FEER L. 1 ODRAEFRESDESRIZ60s & Lz, #EF—X13 1#H77=Db 150
DIRAEFEEST 8 M, MEE7 — XXX 1#HH7D 60 HoEEEFESZ 6 #, MUT X b
7RI 1#HD 60 HoREEHEEZ 5 HERM L. HPRZIIGHEED L ERSL L
B, FET—2, MEET—2, ROT AP T —=RERTHEWEHE—GFGEEZEZER VX S B0E
Lo TWS. B, TNHDEMLAREEFESOY Y 7Y ¥ ZRIEEBIZ 2T 16 kHz 12
M—LT\Ws. ZOMANEZITET 55BN % Table 4.1 187, 7B, 1K (3.8) KB
2 ZHORMEOE G 9 IEFRRERICHR S HET 2 Z e A FRREIN S 729, Table 4.1 13RF 3
O TER L ZOMEDOZITOVWTHERT 5.

BT, MEFEDO R Y bV =7 DFEREMAZFHAT 2. FHOT Ry 7EUZ 500 ENIEE
Lz, %7z, #FE 2 S DMEET — X ORKPIBEDME L D 15 FILL Rk 0700 B
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Table 4.1. Experimental conditions for input signals

Parameter Value
Amplitude threshold rate (¢) 0.004
Duration threshold ({4 and &g) 8000 samples (500 ms)
Window length in STFT (Q) 4096 samples (256 ms)
Shift length in STFT (7) 2048 samples (128 ms)
Label threshold (1) 0.024%,/50.000%/99.976%

TR TE»F 2. O &, NI X—REBBIET — X DEERD - & HIRWRFDEZ RTE
T3, oI, BT A TY XA Adam [29] 2R L, ZD%¥EHIZX0.01 IZRE L.
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Fig. 4.1. Experimental result when ¥ = 50.000%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Fig. A.1. Experimental result when 9 = 2.441%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Fig. A.3. Experimental result when 9 = 7.324%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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(c¢) example of prediction and label, respectively.



1.0
— Training
081 e Validation
>
306
3
8 0.4
<
0.21 — Training
----- Validation
005 10 15 20 25 30 005 10 15 20 25 30
Epoch Epoch
(a) (b)
0.4_ T T T T T
(T
E i
E o.o'
£
<_02_
—-0.4c 1 1 1 1 1
0 10 20 30 40 50
Time [s]
— Mixture speech signal Prediction Label

(c)
Fig. A.6. Experimental result when 9 = 14.648%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.7. Experimental result when 9 = 17.090%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.8. Experimental result when 9 = 19.531%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Fig. A.9. Experimental result when 9 = 21.973%: (a) loss, (b) accuracy behaviors, and

(c¢) example of prediction and label, respectively.
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Fig. A.10. Experimental result when 9 = 24.414%: (a) loss, (b) accuracy behaviors, and

Fig. A.11.

(c) example of prediction and label, respectively.
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Experimental result when ¢ = 26.855%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.12. Experimental result when 9 = 29.297%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.13. Experimental result when ¢ = 31.738%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.14. Experimental result when 9 = 34.180%: (a) loss, (b) accuracy behaviors, and

(c)

(c) example of prediction and label, respectively.
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Fig. A.15. Experimental result when ¥ = 36.621%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Fig. A.16. Experimental result when ¥ = 39.063%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Fig. A.17. Experimental result when 9 = 41.504%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.18. Experimental result when 9 = 43.945%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.19. Experimental result when 9 = 46.387%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Fig. A.20. Experimental result when 9 = 48.828%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.21. Experimental result when ¥ = 51.270%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Fig. A.22. Experimental result when 9 = 53.711%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.

1.0 1.0
— Training
087 Validation 0.8
\ >
306
=}
3 0.4}
<
0.21 — Training
----- Validation
0.0 5 10 15 20 25
Epoch Epoch
(a) (b)
04F ! ' ! ! ! R
o 0.2} L N -
g | ki
2 00 w
£ W
< —-0.2+ b
0.4+t 1 1 1 1 1 1
0 10 20 30 40 50 60
Time [s]
— Mixture speech signal Prediction Label
(c)

Fig. A.23. Experimental result when ¥ = 56.152%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.24. Experimental result when ¥ = 58.594%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.25. Experimental result when 9 = 61.035%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.26. Experimental result when 9 = 63.477%: (a) loss, (b) accuracy behaviors, and
(¢) example of prediction and label, respectively.
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Fig. A.27. Experimental result when ¥ = 65.918%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.28. Experimental result when 9 = 68.359%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.29. Experimental result when 9 = 70.801%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.30. Experimental result when ¥ = 73.242%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.31. Experimental result when 9 = 75.684%: (a) loss, (b) accuracy behaviors, and

(c¢) example of prediction and label, respectively.
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Fig. A.32. Experimental result when 9 = 78.125%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.33. Experimental result when 9 = 80.566%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.34. Experimental result when 9 = 83.008%: (a) loss, (b) accuracy behaviors, and

(c¢) example of prediction and label, respectively.
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Fig. A.35. Experimental result when 9 = 85.449%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.
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Fig. A.36. Experimental result when 9 = 87.891%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Fig. A.37. Experimental result when ¢ = 90.332%: (a) loss, (b) accuracy behaviors, and
(c) example of prediction and label, respectively.
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Experimental result when ¢ = 92.773%: (a) loss, (b) accuracy behaviors, and

(©)

(c) example of prediction and label, respectively.
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Fig. A.39. Experimental result when 9 = 95.215%: (a) loss, (b) accuracy behaviors, and

(c¢) example of prediction and label, respectively.
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Fig. A.40. Experimental result when 9 = 97.656%: (a) loss, (b) accuracy behaviors, and

(c) example of prediction and label, respectively.



