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ABSTRACT

Music source separation using multi-band self-attention

neural networks

Department of Electrical, Electronics
and Information Engineering
Author ;19312289 Shun OGUMA

Supervisor : Assoc. prof. Yasunori SUGITA

Music Source Separation(MSS) is the technology to separate the sounds of specific
instruments from sounds which mix many musical instruments. As examples of usage, in-
struments’ sound extraction/muting enables the creation of karaoke sounds, preprocessing
for automated transcription, etc.

In recent years, Deep Neural Networks(DNNs) are considered the superior methods for
MSS. They are particularly effective for the problem that the mixing path is unknown,
and the number of observable sounds is less than the number of sound sources, in short,
underdetermined blind source separation(UBSS). Existing methods, multi-scale and multi-
band networks with Long-Short Term Memory(LSTM) achieve good separation. LSTMs
model the temporal features of the input music, and multi-band structures learn the
frequency features. Furthermore, a multi-scaled model using self-attention instead of
LSTM shows a better score than it. Self-attention can model the longer context than
LSTM.

This paper proposes a method using multi-scale and multi-band structured networks
with self-attention to improve the separation quality. I expect that the networks model
the temporal characteristics with self-attention mechanisms and learn the frequency char-
acteristics with multi-band structure so that the method can produce better separation
results.

I compare separating results with MMDenseLSTM as an existing method. Both existing
and proposed methods use the MUSDB18 dataset to train and evaluate. As a result of
experiments, I found that the proposed method is able to estimate better separation than
existing for all instruments. In particular, tracks such that the length of phrases varies

from instruments to other instruments achieved better results.
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FT1E IFLHIC

1.1 HEE=

FE, avPa—XETCTRAZ by 7Ia2a—Yv 7 DIM) V7 b 7277 494%
N =T 4 AT =2 A7 = 3>y (DAW) FZ2HWT, ATFRIEATL Y
EHETRY, HEROBLAFCEAIELTWS. 25 LEHFAOFICH-> T, i
REREVIRE LLEED) O ZNZNORRDOE Z 0l 200 T H 2 Zdna TR,
BERBINTH 2. HEETTHIC X o THEE> DREDRIRET DA ZHIM D 2 \WIdHI
BRC&E 270, R—ALEZWOR LI 2H 74T BEROERP, — MNMEZH
PN REHE E HECHGE S 2 720 ORI YIZIEHTE 3.

INFETIRBRINTELEERETPHOFE L L CQIIFAETIIRTF2E (1] %
FX U RNT 4 —F =T 4 NR R BERDHS. BFETE=a2—F L1y bT—7
(DNN) 72 ¥ OB 2 W FIEPBRATH D, FICEEREPRANTHZ 774
Y REFEDEERP~ A 7B BB L D DR WEBREFFESEICBWTIE, R0 HEH
RERBDT =2 ZHELRL T VIR DG DNN BWERMRTFEL 25 [3].

DNN % w726 ¥ LT Nugraha 5% Urlich & [4,5] DifZERH D, o I3
Wz etEE sy b7 —2 (FNN) ZHW\WTW3. %7 Uhlich 513 FNN & %45 — &
DFEBPBRERE - FIERE LSTM) L o E/MAaI 85 2 TH—D Ry b7 —
sEHAVEETLLD b HREEEM EXETEY, BR2EHOL Yy V-7 DAL
DEDEERE TSR TH S Z e Z/RLTW5 [6]. %7, MMDenseNet [7] i
DenseNet [8] & FEEN 2 BAAA=2—F )Ly b7 —2 (CNN) O—fE % &7
BED 7= IR L7 7L T, Multi-scale 3 & Of Multi-band & FEIEN 2 #EIC L - T
Urlich 5D FE [6] £ D DR VAT X =R TEIDEVEHREEREEBHLTWE. X5
2, MMDenseLSTM [9] i MMDenseNet [7] & LSTM ZilAa&bE-FETHD, &
B OEERER EB L TW A, FHC, & v T —2 %5k § % Multi-band #iE13E
TILDXR L 72 2 EICRFE ORIRERE 2 ZE R LG TH D, shEREDm i
RKELSWETLEZLNS [7,9].

X 5IC Liu 1%, RRAZER—=hL e ZhDIANDEIRE WD 2 IO T HEICRE
LT, HEERE (Self-Attention) ¥ FEEH % % v bV — 2 ¥ Multi-scale 7% DenseNet
Y EHABDE S Z T MMDenseLSTM [9] & b d EWFEETOREER 1T > TW»



FH1E LD

% [10]. HOHFEEMMIELSTM XD s EWEHP O Y 73 R b E¥E T3 2 2 HHE
ThHYH, ANeiz2ZBhoRENZRZEERSETMUET 5. 207k, FKRIIT—
ZDFEFROFTH, FICEHNZEREELZEZER T I2DEDD 2 BEHED LS5 KT —XD
FEWIZBWTIE, LSTM & b b HAEERMZ HuaEgeom Licab5 32 8%
A5,

1.2 WzXEB

AFTUE, 2RO - BRI O T IOV TEEREE2M EXE 32
ZHME L, HCOFEMW Y Multi-scale 72 DenseNet Z A& H1 7= € 7112 Multi-
band #&EZEA L7-FIEEIELR T 5. Multi-scale DenseNet (Y72, Multi-band
RS FBN R REOET VLB L TWS e EX NS, ThbDAED
VI & o THBEERED M LT 2 2 e 2R T 5.

1.3 FERX DB

B 1 ETIMEOEREBIUCHNEZRN . 52 BECIIERTIRICEHE L 7238885
TEEDPERTFIRIC DOV TN S, F7258 3 BETIFRERTFIETH % Multi-band L. L7 H
CHEEZHWER Y P 7 — 27 OREICOWTEHMZRT. 4 ETERIECRFELER
FEOUBER LT, REFEOGHMEEZRT. ZLTHESETIEED 5K
DHEERLEUL L T 5.



L o5 BEEMIE

2.1 MMDenseNet

MMDenseNet [7] 1%, HEIFFEGRDO B TIER X 17z DenseNet [8] ZHEXV/1-ET
WTH5.

DenseNet 138 AAAE (CNN) ZZIfE Lty b —=2%FL, EEOAIE
M Z2/E L TROBEAATTT 5.

xO = H([x"D x2 xO7) 2.1

2 TxD i BHOMN, H() FIEREREEL, (... ] 34RO (concatenation)
ZRY. BERIHECBEVWTS ZOMENREMHTH D, RHIIDOANTTDH 2 REFRLH]
OS2 o DEEERENRISHMETEZ2 2 LTWS [7]. =L, BRSNS %
WO THE DB DR E DEDHERBIRANITIEARL, ZLDOXEVZERT L LEWVIR
MB35,

MMDenseNet &, LUF TS % Multi-scale #5& 12 & » THE 2 X £ Y & % HIJK
L, %7- Multi-band #E12 X - ToHBEREDM 2 FEHR LTV 3

2.1.1 Multi-scale &

Multi-scale DenseNet(MDenseNet) (&, X 2.1 IZ7R9 dense block & X7 /7 v 74
YTV IE, SRS, FIRHF D comp. layer(composition layer) %, 1.) v FIEHI{b
J&, 2.) EHLBIEUE, 3.) BARAABEZER L DZRLTWVWS. XU 7Y
VIR Lo TRBEDY A X 2/NEL T2 TAEYVDOMHHERZMZ OO v k
7—2 %% L, REH < R0 EABEGBOREEOE D ATREICZ 5 [T]. MV
ARy a— REINERBREZ, 7y 7TV IEICEoTOY 4 XETHE
TLENE. ZOLE, XU YT Y ITEANANT AHIORBRREOREEY, A
YAXDT v TH 7Y 7NN CEMY 5 2 2T, B & 2 HROERZMX
TW5. MDenseNet D2RIZX 2.2 DD TH 5.



dense block
J

2.1: Dense block( [7])

-
MDenseNet )
dense block
_’ g
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Down Sample layer Up Sample layer

2.2: MDenseNet( [7])

2.1.2 Multi-band #&&

FEES (7], HSERGRE 2 X 27 TIRERF O 4 2 EATCFRRED SR —
UHHBT 2 2 e NB VD, BEBBFDRARY Fa s T MI— RN EEBGREZ L2
RELSEREZARX-VEHFOZEIWEHLT, A2V L D00 BRI T 5 E
L TENZAUTHMANL L 7z MDenseNet 22 H S8 2 FEZIRE L. EEAIAAED
=N ET R ERIR T2 2 T O MBNICRHEEETE522 LT, 2
DM & % Multi-band MDenseNet(MMDenseNet) & FEA TW 5. 23T LD
AJ1% N HOFBICHE L TENZEND MDenseNet ICAN L, ZhsohzHY
HLEE U THRZD dense block N A5 5.

2.2 MMDenselLSTM

MMDenseLSTM %, MMDenseNet [7] & A7 HAE - FHAGE (BLSTM) & A4S
by 2 THERER A L X ¥ =TT AL TH S [9]. Uhlich & D% [6] 12 XAUTE
RAEEDOR Y bV =7 OAGDOEPEIERETEEOMREM LICEMTH D, LSTM
PWEBOREHANLZ Y TF AN EXEE T2 TCHEVWERERIETZELTWVWS.
MMDenseLSTM D&% X 2.4 12/RT.



MDenseNets

input Full band

band N

freq.

"""""

. band 1

2.3: MMDenseNet( [7])

R-MDenseNets
input " Full band

.....

2.4: MMDenseLSTM( [9])

2.3 Self-Attention Dense-UNet

Liu 513 MMDenseNet 3 X (8 MMDenseLSTM [7,9] % & S ICHEE X ¥, LSTM O
b b IicHOHFEEMWZ W=, Self-Attention Dense-UNet #1224 L 7= [10].

W ZMK T 2EH DS E, R—HVERIZEZTET 2WEA 2T, 2o
IR N AR =V 2R D RSEHAICH 2. 2D, HoRHEIT XY MTB
2K — v EMOEIMCE O S, BEWESIRT 2 2 TRBETHOMEE
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2.5: Self-Attention Dense-UNet( [10])

MNEETZZ eI TES. LAL, TOXIRBEDY X L9080 IK UL
EVWEHNaYy7F22FE LR TNERS T, FRM -2 —F LRy PY—2
(RNN) ° LSTM 72 ¥ TIE RER 2 BE@RME 2228 LEnnwe W BENH - 72 [10].

23.1 HEZXE

HEEE (Self-Attention) (X HASFENUE O B THRE X, BEFD RNN % LSTM,
CNN ZEZX#Z 2 CIHFEREVERZHEIEL TWEETALTH S [11]. FETL
¥ RNN B X LSTM & b & RHIRRKIFRAROYEE B RIRET D 5720, EIRTHED
FEEEA B2 2h SR aid % [10,12].

EEMH (Attention) 1

* Query
* Key

¢ Value

D 3 OD1TH%E A2 b, Query & Key DITHIFEIZ softmax BIEZ EH L THATIC

BAL TEAMNITIZITRV, ANOEYDETITIERTNEZREL T, &HE&IC Value

WHENF 2 Z e TEANEH 2G5 U (2.2) ).

QK"

n

ZZTOQ, K, VizEhz# Query, Key, Value, di AT =) J7HTH 5.
FRTEERMIANTOMEICK - T

Attention(Q, K, V) = softmax (

)\% (2.2)

* Source-Target Attention: Query ¥ Key-Value (2 %7 2 fE% AT
* Self-Attention: Query ¥ Key-Value 2[R U{E% A7

D2EBICKRHTES. HCHEERD 2 RIBHFOREZFE T EMIELE X



1x1 conv with

1x1 conv with
C feature maps

2.6: HOEEMAE ([10])

% [11]. [10] TREIN2, BAAAE L 2HEEEICX 2, KREARADHDEER
2K 2.6 1I2RT.

HOEEETIX 1 2D A% Query, Key, Value ® 3 D27l L T, 2z
Ix1 BAAABETEETS. ZOL X, Query & Key DF ¥ Y 2 LEIE C 25 C' A~
YHIRE NS, XOICKRFMEBEEZZE LT, TXC'F $7213TXCF O¥ 4 2T 5.
T 3K, FIZRABEBOTROY 4 X263, 2fEEIC Query & Key ZBLTF % >~
V& JHBE O E EEDHEDIAARIT E £ THIR LT, 22N T x E D75 %215
72Db, ZALDTHIEEHET 2 I CHOERE Yy 725MET 2. HOHFEE~ Y
TETXT THY, CORE 7L —ABICEREIED 212wy B 7L TWEEEZ
b5,

&EIZ Value L HOFE~ Yy 7OMTAIEZMODRED 7 L — 228D D 55072 D
L7295 ZAT, AMOY AL ZINCEITTLTHIIT 5. [10] T, ZOHNEATI LS
LTRDOBEANCERET LI 5BEINTVS.
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Self-Attention Dense-UNet 1%, multi-scale 72 DenseNet 12X 2.6 T/RL7-HCOHFEE
ZHHABOES Z T, ANMOKMINZ Y 7F X %2 LSTM X b b LHEFICHz -
TH¥ET2ETLVTHol. %72, MMDenseLSTM (& Multi-band fi&1 & - THErh
D JEBR 72 R 2 SR EE T 5.

KX TIRRET 2 ET NV, KENEHEOZE IR ECERZHWEET L
T® % Self-Attention Dense-UNet %, MMDenseLSTM ® Multi-band #iE 12 - TJE
BRI Z 2 1cWiifb s 5. BETIZETNLOKHIRICBI S22y bV -7 HESB &
SHFHb L7z e7 vz, K31, K3.212R7.

: BN — RelLU — conv
: down sampling

[ ]
DS

\ } : up sampling
LA ]

: temporal self-attention

.\:x;‘;“i‘ense blOCA]’(,«*”"

3.1: o xy Vv — 2 KEE

3.1 Self-Attention Dense-UNet D RIRE =S

HOEBROEG L 2 2 WX, RIIMNICBII 2EHEOEHRTH L. T4k 2.3.1
T/RL7Z&ES1Z, Query & Key & DITHIfE L softmax BARIC X 2 R~y 7% E
HLZD5 Value ¥ DITHIREZEIHE T2 Z 2 THELNS [10]. ZOr EHOHERY Y
TR X RO K572 1 DOXTTICDAEH LBFRED~ y BV 7217w,
WHDEZVEHESED. ThbE, HIZIEKI33DEIITR—AFZ=2F->TWV3



B3I RERTIE

Self-Attention Dense-UNets

Full

input / \ output
v Al

band N dense
block

X 3.2: fRRT 3 ETIINRDOEE

REICEH Lz &, 207 L — 222 OT> THRFAT 2720, AREHFHL
To WIS T TR A R=AF 2 — 2 IFBERZRWE BT E TEFA L T L E W,
FERE U TRIFFHCRB > T A MMOERENRES > TLE W EIERENRT T2 205
ZEMEZLNS.

=& 5 [7,9] 12 & % Multi-band #5813, X 3.4 TR X S5 ITHBENR L 722 HIROJE
BBEECESWTE Ay N =R T 2B 2R S 2720, Rt E T
BAALCLES Ze2fiif2eEZ NS, F722.1.2 TRz X 57 MMDenseNet
B & & MMDenseLSTM [7,9] T2 X 172 Multi-band #E D AR HINTH %,
B D ARG ISR A 2o & — IS 2 B AIABE OFE b A IHEL L TIT R
%728, Self-Attention Dense-UNet 2D E ORIRLEIFFTE 5.

3.2 [FELEEEIC & B Self-Attention EFJLDAEFME

2w MU= ANDANZ, BEMORRIRY 2 ERHE 7 — ) &L 2 A 7 b
I LTHY, Fx ol x FARB X BEOXTE2FF>TWb. ZOANFEELZE
BRI X > THEILT, W I Lizry VY —21I288X8 5. %72, AN
EREETZOEEFFR I I ENBHOA Yy V- bHET S, 0%, ANTEN
fAomEIcT T2 3L, GEN+ 1OV 73y U= 2FAKRHCFEE T2 L
22 5. I Dy b= W) N l%Z BRGNS L TATT T
DEFEE EUORHMEANLETLT, X5e8HBALry hv—2otheF v > %



FHIE ERTIR 10

_ Ground truth
Mixture e.g. bass quitar

amplitude
amplitude

frequency

time

T (compore |

frequency

frequency

J@:\

3.3: AT IR DIRNGE

Ground truth
Mixture e.q. bass quitar

amplitude
amplitude

frequency

time

£ (compare)

o

by

frequency

Mgl

Separate along frequency axis Concatenate

time time

3.4: BRI & % 70
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AVHHCHEET 5. RIRIZ, IXRTOF T3y V=2 DM HELREELZE
AIAABICET ZE TF v Y ANVEEFAELCT, ANeFRICXTIILTHITS. 2
® X 5 75 Multi-scale Multi-band #& % £ - 7= Self-Attention Dense-UNet %, 4783
BRI ENZNIZOWTEE T 3.

3.3 HoIEDHEABEROEE

7272 L, HOEREBANOITAREZEIA T 212H725T, ERTEZ2XEVEDIPAN
FEEDORZ XM MKIFET 5. LSTM b FRRICRIIEDEINC X 25t EE DA
MBS LTI ONLD, &SI [9] 1I2BWT LSTM D AEFTIZ DWW THRELE %
fTlhoTBD, RuvH 7Y IR X > TANFENNE L o &R D A
LSTM ZiAT 2 2 TAEY BRHBEEZMZA 2 2N TE, »ONHEELHZ
DIETLAVWEWSFEREZRLTWA. Liu 5 [10] ZK 2.5 TRLZE XS RO 1
BHZRSIRTORT —VIZBWTHOERZHA L TV, KmLTRET S
ETATERERES LRI, A7 —A2+3/NE 2o BN DAHCERZ A
THIeT, BERIZXEVEENZS.
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H4E =

41 EEREH
411 EBFILIESDHM

ETILDENRT X —XDFFME, £4.11TR7.

K41 ETNLDZENRNT A —X

band k scale dl d2 d3 d4 d5 w4 u3d3 u2 ul

l 5 5 5 5 - - 5 5 5
low 14
e - - - 10 - - - - -
l 4 4 4 4 - - 4 4 4
mid 4
e - - - 10 - - - - -
l 1 1 - - - - - 1 1
high 2
e - - 10 - - - - - -
3 3 4 5 5 5 4 3 3
full 7

e

ZZT, kIFREREMENS dense block NDBEAAAEDH T1F v > 2V, |
!Z dense block NDEAAARE DI, e lZFHOFEEEDEDIAARTHEZRL TWS.
DF D, BMEE Lk, EE | @ dense block i@ T 2, FHEDF v 2 VBUT k xI
PS5, £, SHCEEEOHEF ¥ A C X5 & L.

low, mid, high D&HBZERZN04.1, 4.111, 1122.5[kHz] TH 3. T/, X
F—n’d o< B, denseblock B LXUHEEFEEBORIIX Y YV v /)8
23l U TR E ORI/ B 4 XZ2Hi/ L, 0w e o BTRE 7y Iy Fy v
BEELTYHA XEEITT 5.
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412 FHEG

B 73 ) X 40213 RAdam [13] RV, 22EEB31.0x103 2 L. £
BERBEENIT Y R/HERH W, Ny FH AT 1T, FEIRY 781350 &
L7=.

413 T—2tv bk

AL T, EFNLDEEB X UFHEiD 72912 MUSDB18 [14] Z Wiz, [H7F— &
v MZ 150 BiZ & A, 21X vocal, bass, drums, other D 4 DDIIFEZFD + T v
7 67%% STEM 7 7 A MERTRHEINA TS, I3 XRTOEMIZ2 F v > 1L
DRATUVAET, 44.1[kHz] TH> IV U 7EINTW5E. KX Tl 86 Bz 12,
14 iz B P OMER (N) F— a )i, S0 MEFMICHHALE. 51I2EFe N
V7F—=2aryD7r =X 2BEO T —2REM L. 1 21F7 ¥ X 412 0.25-1.25
EOHFATIRBLZERT2H5DT, $9 127V EFLCF v 2B ERBET D
DTH5 [6].

4.1.4 wIALIE

I RS % SRR RS 7 — U 254 (STFT) L, HokHEZE - TIRIBRA R a5 4
ANZHLUTANRHEY Lz, BREIZ 4006 > 7, &7 FEIE 25% D 1024 3>
TT, BBEBII hann B L7z, TS Ko TRBEE Y BIZ 2049 2%, £/-—
EIZAy bT—=IAANTHREEORM 7 L — 4 EIX, VALPHEROBNRLE
YETEZL5 I0BWEEZEL LS, 5128 L.

415 R0

ETADPLHN LB EBEORBEARY b 2o 2 #EEBEHVTEZF v 2L
V4 —F =7 4 L& (MWF) [2,6] Z{ET 5. BRETHEORIEARS ta /o n%x
YER L7 MWFE T7 4 VRV 7§32 THNLRBIRIBARY va T L%xeHE
L, BREHEFEOMNMHARYZ bu 77 Lne bbb TR 7 — v =24 ISTFT) $ 3
Z & CRERIEA RS .



4.1.6 FHEISIE

A1, FBIWIERE ¥ L T SDR(Signal-to-Distortion Ratio) % Fiu 7=, SDR &#f
EENEE S LHEES S ITonT

||Starget ||2

SDR(s,s) := 10log 4.1

”einterf + €noise t €artif “2

EEFREZN, Starger 138 DI BDEFIT, €interfs €noises €artif FENENTH,
ME, 7—7 4777 MCXBEARITORETZEEKT. SDR BRZWIZEHAMMES
EOBPENE L, XD XOpEERIELTVWS Z e Z2RT.

¥72SDR X, 7—%ty NAOKIHIIH LT, oz ez FiE DR T
XY o 78 Z L ICHET 25, 1 OFRMEZFHEL, X5ICZ2R5DOHFRER
SR LTT =&ty 2T d 2FHiifeE e L.

42 RERER

RETFEY, BETETH 3 MMDenseLSTM I[2 B 2 EBREROLE 2% 4.2 12
/3. Ideal Binary Mask (348 2 i~ 2 7 L M0 2 BERI O 7B TRICE DO 7 4 L
R HWAGTRTH D, mixture [ FREEHZ 2 MWL 8T & R L 7245R T
»H3%.

K 4.2: FEER

Methods #params[x10°] SDR in dB

vocals bass drums other

UB(Ideal Binary Mask) - 11.1 7.84 8.30 8.90
MMDenseLSTM( [9]) 1.1 5686 4485 5555 3.568
proposed 0.28 6.182 4966 5.575 3.769
LB(mixture) - -0.28 -0.19 0.005 049

K42 XD, TRTOEIRIBWT SDR O EEHERE L7z, drums DA 1% 0.02dB
BETHZDOTIEIERFETH 2 L 5 X 50, other 1% 0.2dB, vocals = bass IZDW Tl
0.5dB FE DM LR TE, ANHMOBETHHITEZLRNLDETHLLEFERD. ¥
et b7 =27 DT X —2HF MMDenseLSTM [9] & HiZ LT 1/3 fEEE £ Th%k
<Y, ¥RBIOHREFICERT 2 XAV EDHIB T X7, 772 L DenseNet it
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BH—DEAIAAEDOEALLH ) ZEENC D o THHAT 2 7-DICHRHERRE D
ZOHEEMT 2DT, FERCHERZXETYVEZIVWIND S —F Iy Lty b
7 — 2720 U TR R = w0,

T 4.1 25K 4.8 12013 T, BRI L THD SDR ICBEN A SN 7- 50
 , WIZHED SDR KT L2 RARY v ar'J A%xRT.

track30 X 2RIICHEFE 72 SDR O\l LA STz, Z OBRENK Y il 7 1L —
AZBEDIBRTHSDTH o772, MRIIDOFHHZHAI 2 OFEREHCERD S ¥
CHEFLTY XK — v 2Btk -vEZ NS,

312 SDR 23EEAL U 7228812 D W T, track28 & vocals &b ELLTED, C?h
WZX 4.2b D K SIEBHIMNIIEA VAR XY EZAMEL, BTV I NEE
ﬁ%i@ﬂ&—yf%%@i9kﬁbLéﬂfm5k®,aa&auiéiﬁﬁ%#
SFELMER Lo/ EZ NS, F - trackl3 @ bass 1Dk & i L T2
AT 4L TED, RENRZEMR—ETIERY. Z0LDHCERNEY
L7z bass DA =0T, SDRE T L P 5. drums 23D ELL
7z track9 131 v ZF DR ZD, F T LR — U HEE N2 TE{L LD
R 7 4 A YHBHVWSRID LTED, TOdEE LI X—rhrbihTtn
2rEZ 605, LT other IZDWTI track34 238D SDR 23K T L7243, HiliHs
Z v THPOE =N FY T LEERO XS BREEMEDLNATE D, FEHEIVE
3 vocals EIXBIL OB o7l EHAMERTORRELELEZ SN S.

INLHDHERPS, BCEFEEREZHWVWIROLWTH o7 R =DV EEEERDY X L7
L—XDEWVWE WSR2, A TENT 2 R—H L HEBWENT L —XD
BDIRLTHHEERDOE L VWHHAS DY [10] DEERHIZOWTIX LSTM 2 W€
TAEDD S ELHEDTE, HitED HKRE @M L 2B OoOWTEmEE»R Lo 6
BB ERB.
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frequency[Hz]

40
time[s]

(a) mixture

frequency[Hz]

40
time[s]

(b) source

frequency[Hz]

time([s]

(c) baseline

frequency[Hz]

40
time[s]

(d) proposed

4.1: track29-vocals
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frequency[Hz]

frequency[Hz]

frequency[Hz]

frequency[Hz]

timel[s]

(a) mixture

80
timel[s]

(b) source

time[s]

(c) baseline

80
timel[s]

(d) proposed

4.2: track28-vocals
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o N U N ©°o
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S o © o o
S © o o o

frequency[Hz]

N wu ~
a =} a
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=) S} o

o
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